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Abstract

The deep integration of Artificial Intelligence (Al) into the fields of education, business, and
wellness constitutes a pivotal pathway toward building a sustainable smart future. Existing research is
largely confined to individual domains, lacking systematic cross-domain comparisons and an integrated
governance framework. This study employs a systematic literature review methodology to, for the first
time, place these three major fields within a unified analytical framework of “technology empowerment—
risk regulation—sustainable governance” and analyzes Al empowerment models, core values, and
common challenges. The findings reveal that while Al demonstrates significant empowerment potential
across the three sectors, it also faces common risks such as data privacy concerns, algorithmic bias, and the
digital divide. These risks stem from the inherent tension between “technological empowerment” and
“Intrinsic sustainability”. The core contributions of this study are as follows: it constructs a three-
dimensional evaluation framework for a “sustainable intelligent future”; it reveals the dialectical logic
of Al as a “double-edged sword”; and it proposes a two-tier governance system comprising a “common
framework + differentiated strategies”. The study therefore argues that achieving a sustainable intelligent
future requires transcending the instrumental rationality of efficiency-first and establishing a systemic
framework that encompasses agile governance, ethical design, and inclusive development.
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Abstract

The rapid growth of multimedia data—often involving multiple views (different perspectives
of the same object) and multiple modalities (such as images, text, and audio)—is transforming fields
like computer vision, medical imaging, and autonomous systems. However, the diverse nature, high
complexity, and rich semantics of such data pose major challenges for traditional machine learning
methods.

This survey explores the latest advances in learning meaningful representations and generating
new content from multi-view and multi-modal data. We begin by introducing key concepts and
challenges—such as the semantic gap, data redundancy, and difficulties in aligning and blending different
types of data. The survey then systematically examines a wide range of methods, from traditional
subspace learning and early deep models to modern transformer-based architectures and diffusion
models.

Let’s dive into how we represent images. We are talking deep metric learning, self-supervised
techniques, and information-theoretic ideas like the Information Bottleneck. Generative AI? We dig
into that too—from the early days of GANs and VAEs to the latest Denoising Diffusion Probabilistic
Models (DDPMs), plus how these tools handle cross-modal generation. We also break down data
fusion strategies—early, mid-level, late fusion—and look at how large-scale vision-language models
like CLIP have changed the game, especially when it comes to zero-shot learning.

We still face real challenges with model scalability, making sense of how models work, and
getting the most out of our data. There are some exciting research paths ahead, like blending neural
and symbolic Al, developing foundation models that handle different types of data, and pushing
closer to artificial general intelligence. With this survey, we want to give researchers and practitioners
a clear look at where things stand and help them push multi-view and multi-modal data analysis even
further.

Keywords: Multi-view Learning, Multi-modal Al, Image Representation, Deep Learning, Generative
Al, Diffusion Models, Data Fusion, Vision-Language Models, Information Bottleneck,
Cross-modal Retrieval.

Introduction

Big data isn't just about having more information—it's about having all sorts of different
information, coming in from everywhere, all at once. Advances in sensors and the internet have
turned this trickle into a flood. But here's the thing: a lot of this data isn't straightforward. Take multi-
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view data, for example. You're looking at the same thing, but from different angles or sources. Maybe
a bunch of cameras capture the same object, or you break down an image using different features like
SIFT, HOG, or deep learning. Then there's multi-modal data. That's when you mix different types of
information about the same thing. Think of a photo with a caption, or a video with both sound and
subtitles. It all adds up to data that's not just bigger—it's richer and more tangled than ever
(Baltrusaitis et al., 2019). Bringing together these different sources of information gives us a much
fuller, stronger picture than relying on just one view or type of data. That's why you see this approach
popping up everywhere—pedestrian re-identification (Zheng et al., 2016) , medical imaging (like
blending MRI and CT scans) (Litjens et al., 2017) , visual question answering (Antol et al., 2015) ,
even self-driving cars (Janai et al., 2020) . Still, working with multi-view or multi-modal data isn't
easy. One big headache is the "semantic gap"—it's tough to connect the raw details in the data with
the bigger, more abstract ideas we care about. Then there's the issue of high dimensionality and
redundancy; all that extra data ramps up the complexity and makes overfitting more likely. Plus, data
from different sources often look and behave pretty differently from each other—a problem known as
"view heterogeneity" or the "modality gap." That makes it tricky to create a single, unified way of
representing everything. And on top of that, there's "cross-modal alignment." Basically, you need to
match things up correctly across different types of data—Ilike connecting parts of an image to the right
words in a caption. It's a lot to juggle, but that's what makes this field so interesting.

This survey aims to provide a comprehensive and structured overview of the algorithms
developed to address these challenges, focusing on two core tasks: image representation learning and
image generation. Our contribution is fourfold: Here's what we're doing: laying out a roadmap of
methods for learning from multiple views or data types. We cover it all — from old-school models to
deep learning and information theory. When it comes to generative models, we really dig in, starting
with GANs and VAEs, moving up to newer diffusion models, and showing how these work with
different kinds of data. Data fusion? We break that down too, looking at how it works at different
stages, and we spotlight how big pre-trained models are changing the game. We don't shy away from
the tough stuff either — we talk about what's still hard and where research should head next. Here's
how the paper flows: Section 1 is all about learning image representations. Section 2 goes deep into
image generation. Section 3 reviews ways to combine different data sources. And in Section 4, we
wrap things up and point to what's ahead.

1. Deep Dive into Image Representation Learning
The primary goal of representation learning is to transform raw data into a feature vector
that captures its essential characteristics, making it more suitable for tasks like classification,
clustering, and retrieval.
1.1 Evolution of Feature Learning Paradigms
The journey of image representation has evolved from manual feature engineering to
automated deep feature learning. Back in the early days of computer vision, people spent a lot of time
crafting features by hand. SIFT (Lowe, 2004) and HOG (Dalal & Triggs, 2005) are classic examples—they
did a solid job picking up on textures and shapes in images. Usually, researchers paired these features with
fairly simple models like SVMs (Cortes & Vapnik, 1995) to handle classification. These setups made
sense; they were easy to understand and didn't eat up much computing power. But they just couldn't
grasp the bigger picture in images, and honestly, you needed a fair bit of specialized knowledge to get
good results.
AlexNet's big win at the 2012 ImageNet competition changed everything. Suddenly,
deep learning wasn't just a theory — it was the way forward. Convolutional Neural Networks (CNNs)
proved they could figure out complex features from raw pixels all on their own. After that, models
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like VGGNet (Simonyan & Zisserman, 2014) , Googl.eNet (Szegedy et al., 2015) , ResNet (He et al.,
2016) , and DenseNet (Huang et al., 2017) kept pushing the boundaries. They made networks deeper,
tackled problems like vanishing gradients, and showed that you really could train massive models on
huge datasets. Pretty soon, everyone started using features from these pre-trained CNNs for all sorts
of visual tasks. It became the new normal.

More recently, the field has been influenced by two major trends. First, self-
supervised learning methods, such as contrastive learning (e.g., SiImCLR; Chen et al., 2020) , have
emerged to learn powerful some newer approaches don't need huge labeled datasets. Instead, they set
up little challenges—pretext tasks—using unlabeled data. The model has to figure out useful patterns
on its own. Then there's the Transformer architecture (Vaswani et al., 2017) , which changed the game
in language processing and now works for vision too. The Vision Transformer (ViT) (Dosovitskiy et
al., 2020) looks at an image as a bunch of patches, kind of like words in a sentence, and uses self-
attention to catch details across the whole image. It often beats CNNs when you have a lot of data.
Hybrid models like Swin Transformer (Liu et al., 2021) bring back some of the structure from CNNs,
making things faster and better.

1.2 Advanced Multi-view Representation Learning Strategies

Back in the day, early multi-view techniques like Canonical Correlation Analysis
(CCA) (Hotelling, 1936) tried to find a linear space where two different views lined up as closely as
possible. Deep learning took this further with models like Deep Canonical Correlation Analysis
(DCCA) (Andrew et al., 2013) , which use neural networks to map each view into a shared space in a
nonlinear way. Then came models like Deep Canonical Correlation Autoencoders (DCCAE) (Wang et
al., 2015) , which not only maximize the correlation but also try to keep the reconstructed data
accurate. This ends up giving more solid representations.

There's also a more theory-driven way to think about this, using information theory.
The Information Bottleneck (IB) principle (Tishby et al., 2000) gives a framework for learning features that
capture as much as possible about the target you care about—like a class label—while tossing out extra noise
from the input. In multi-view setups, you can tweak this idea to keep only what's shared across different
views and ignore the stuff that's unique to one side. Deep learning versions of 1B, like the Variational
Information Bottleneck (VIB) (Alemi et al., 2016) , help models generalize and stay robust by acting
as a strong regularizer.

Contrastive learning has found a natural home in multi-view setups. Here's the basic
idea: you take different views of the same data—maybe two versions of the same image after different
augmentations, or an image paired with its caption—and treat those as positive pairs. Views from
different data points? Those are negative pairs. The model learns by pulling the positives closer in
embedding space and pushing the negatives apart. This simple trick has worked wonders, especially
in cross-modal retrieval. Models like CLIP (Radford et al., 2021) , which got pre-trained on hundreds
of millions of image-text pairs, end up with a shared space where related concepts from different
types of data cluster together. Table 1 lays out the main contrastive learning-based multimodal models,
along with other popular generative and understanding approaches. It breaks things down by modality,
main task, strengths, and weaknesses, so it's easier to see how the field has evolved and what
problems are still hanging around.
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Table 1: Comparison of Multimodal Generation and Understanding Models
Model Modality Type Main Task Advantages Limitations
Multimodal Strong cross-modal High computational
Kosmos-1 Text + Image understanding and reasoning, high cost, limited
generation generalization interpretability
Multimodal dialogue Effective cross-modal | Requires large-scale

GPT-4 (Multimodal)

Text + Image

and content generation

alignment, strong
transfer ability

paired data

Cross-modal retrieval

Effective cross-modal

Requires large-scale

Medical Imaging

synthesis

CLIP Text + Image and matching alignment, strong paired data
transfer ability
ALIGN Text + Image Cross—mod?l . qud generalization Sensitive to noisy data
representation learning | ability
BERT - Vision Semantlc_ alignment Fme-grame.d semantic C.omple.x .archltecture,
Text + Image and multimodal representation high training cost
Encoder .
understanding
Text-to-image High creativity, high- Limited fine-grained
DALL-E Text — Image generation quality image semantic control
synthesis
High-quality image Rich details, strong Slow inference speed
DALL-E2
Text — Image generation diversity
Stable Diffusion Text — Image Imfige generation and High image quality, Compu.tationally-
editing controllable outputs expensive sampling
GLIDE Text-to-image Stable generation, Potential semantic
Text — Image generation flexible style control drift
Image / Text — High-fidelity image Superior image quality | Low sampling
DDPM Image generation compared to efficiency
GAN/VAE
Guided Diffusion Mult?n.lodal- Cond1t19na1 image Improved‘ ‘ Increasec.i structural
conditioned generation controllability complexity
vopin | Moot | Sl Kebone o i
-Diffusi
conditioned & ! hse, Hmprov Pr
stability
GAN Image / Image generation Sharp and realistic Training instability,
Multimodal image synthesis mode collapse risk
VAE Image / Generative modeling Stable training, smooth | Blurry image outputs
Multimodal latent space
StyleGAN Image High-ql.lality image Fine-grair.led stylef High computational
generation control, high realism cost
MedGAN Multimodal Medical image Mitigates data scarcity | Clinical reliability and

in healthcare

safety concerns
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2. Comprehensive Overview of Image Generation Algorithms
Generative models have transitioned from being tools for data augmentation to engines of
creative content generation, powering applications in art, design, and synthetic data creation.
2.1 Generative Model Families: A Comparative Analysis

Let's talk about Generative Adversarial Networks (GANs). Goodfellow and his team
introduced them (Goodfellow et al., 2014) as a sort of game: a generator tries to make fake data look
real, while a discriminator tries to tell the difference between real and fake. The generator takes
random noise and turns it into synthetic samples, doing its best to fool the discriminator, which is
always on the lookout for fakes. This back-and-forth is what drives both networks to get better—one
learns to make better fakes, the other gets sharper at spotting them. GANs made a splash by
generating images that looked incredibly sharp and realistic, but training them isn't easy. You run into
things like mode collapse, where the generator gets stuck making the same kind of output over and
over, and training can be unstable, with losses bouncing all over the place or gradients vanishing.

There's been a lot of work on fixing these problems. For example, the Wasserstein
GAN (WGAN) (Arjovsky et al., 2017) switched up the loss function to use Earth-Mover distance and
brought in tricks like weight clipping and gradient penalty to make training a lot more stable. Then
there's StyleGAN (Karras et al., 2019) , which shook things up with a new generator design.
It separates high-level features from random details, thanks to adaptive instance normalization and a
mapping network that lets you control image features at different levels of detail.

StyleGAN (Karras et al., 2019) changed the game by letting people control
generated images like never before. Its style-based generator splits high-level features from random
details using adaptive instance normalization (AdalN), and its new mapping network turns latent
vectors into a style space. That means users get fine-grained control over image features at every
resolution.

Variational Autoencoders (VAEs) take a different approach, rooted in probability
theory. Here, you have an encoder that maps input data to parameters of a probability distribution in
some learned latent space—usually a multivariate Gaussian. Then the decoder takes samples from this
distribution and tries to reconstruct the input. Training is all about balancing two things: making sure
the reconstructions look like the original data, and keeping the latent space organized using the KL
divergence. VAEs generally train more reliably than GANs and give you these nice, smooth latent
spaces where you can interpolate between points or do semantic arithmetic. They're also good for
things like anomaly detection. But there's a catch: VAE-generated images often look a bit blurry,
missing fine details. That's mostly because common loss functions (like mean squared error) focus too
much on pixel accuracy and not enough on texture. People have tackled this in a bunch of ways:
B-VAE for disentangled features, VQ-VAE with discrete latent codes, and NVAE with hierarchical
latent structures. Each one pushes the sample quality further while keeping the core benefits of the
VAE framework (Kingma & Welling, 2013) .

Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al., 2020) are the new
heavyweights in generative modeling. They've pulled off some impressive wins across different
fields. The idea is simple but clever: generation happens by slowly removing noise, following two
Markov chains. The forward chain just adds more and more Gaussian noise to the data until it's
basically random noise. The reverse chain, handled by a neural network (usually a time-aware U-Net),
learns to remove this noise step by step, effectively reversing the process. When you want to generate
something new, you start with pure noise and run it through the reverse steps to get a fresh data
sample.
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DDPMs stand out for creating sharp, diverse results that often beat GANs in both
visual quality and FID scores. Training is also way more stable, since it turns into a bunch of noise-
removal tasks rather than the balancing act GANs require. But there's a catch: generating a single
sample takes a long time—hundreds or thousands of steps—since each one needs its own neural
network pass. That's a problem for real-time use. To fix this, researchers have come up with faster
sampling tricks like DDIM (Song et al., 2020) (which uses fewer steps), knowledge distillation to
train smaller networks that mimic the long process, and new schedulers that make the noise removal
more efficient. On top of that, people have added new conditioning methods—Ilike classifier guidance,
classifier-free guidance, and cross-attention layers—which let diffusion models handle text, images,
or almost any other modality for flexible, controllable generation.

2.2 Cross-Modal Generation and Editing

One major use for generative models is conditional generation—basically, creating
or tweaking data in one form using signals from another. This bridges the gap between different types
of data and opens up new worlds for creativity, data augmentation, and interactive design.

Text-to-Image Generation involves generating a photorealistic or artistic image from
a natural language description. This task represents one of the most direct tests of a model's ability to
interpret and visualize complex semantics. Early pioneering approaches primarily used Generative
Adversarial Networks (GANs) conditioned on text embeddings, where a text encoder would produce
a vector that modulated the generator's process. While these models demonstrated proof-of-concept,
they often struggled with compositional complexity, coherence in multi-object scenes, and generating
high-resolution, diverse outputs.

The field was revolutionized by the advent of large-scale models like DALL-E 2
(Ramesh et al., 2022) and Stable Diffusion (Rombach et al., 2022) . These models leverage the power
of diffusion processes and massive, web-scale training datasets. DALL-E 2, for instance, employs a
two-stage process: a prior model generates a CLIP image embedding from the text caption, and a
decoder model then synthesizes the image from this embedding using diffusion. Stable Diffusion, in
particular, is notable for its efficiency and accessibility; it performs the diffusion process not in the
high-dimensional pixel space but in a lower-dimensional latent space learned by a Variational
Autoencoder (VAE), significantly reducing computational cost and memory requirements while
maintaining high quality.

These advanced models demonstrate an impressive ability to understand nuanced
semantics, compose novel scenes with multiple entities and specified relationships, and adhere to
artistic styles described in the prompt. However, challenges remain in spatial reasoning (e.g., correctly
rendering "a cat sitting to the left of a dog"), handling precise counts, and ensuring factual accuracy
for complex descriptions.

Early on, people tried using Generative Adversarial Networks (GANs) that were
conditioned on text. Basically, they'd take a sentence, turn it into a vector using a text encoder, and
then feed that into the generator. These first models managed to show the idea worked, but they fell
short when it came to putting together complex scenes, keeping everything coherent when there were
lots of objects, or producing high-res, varied images.

Things really took off with the arrival of large-scale models like DALL-E 2
(Ramesh et al., 2022) and Stable Diffusion (Rombach et al., 2022) . These models use diffusion
processes and are trained on giant datasets scraped from the web. DALL-E 2, for example, runs in two
steps: a "prior" model turns the text into a CLIP image embedding, and then a decoder turns that
embedding into an image using diffusion. Stable Diffusion stands out for being fast and accessible.
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It doesn't do diffusion in the huge pixel space but works in a smaller latent space learned by a
Variational Autoencoder (VAE). This cuts down on memory and compute without sacrificing quality.

Style transfer's been a dream in computer vision for ages: take the look of a Van
Gogh painting and put it onto a photo, for instance. Older methods, like the one from Gatys and
colleagues (Gatys et al., 2016) , worked by juggling content and style losses in a slow optimization
loop. Generative models changed everything. CycleGAN (Zhu et al., 2017) , for example, can learn to
swap between two visual styles (like photographs and Monet paintings) even when the images aren't
paired up. Once trained, it's fast. More recently, diffusion models have raised the bar again, delivering
better quality and more flexibility. Sometimes you don't even need a reference image—just say "make
it look like a watercolor," and the model does the rest. With these tools, people can do everything
from adding artistic filters to photos to creating realistic training data for machine learning models
that need to handle new environments.

3. Data Fusion Methodologies and Large-Scale Models
The strategy for combining information from multiple modalities is critical to the
performance of multi-modal systems.
3.1 Fusion Techniques

Early Fusion is a technique where you combine raw data or low-level features from
different sources—Ilike text and images—right at the start of feature extraction. The goal is to link up
these different types of data early on, so the model can learn richer, more connected representations.
People usually do this by sticking features together, blending them with weights, or using more
complex tensor-based approaches.

But early fusion isn't easy. The biggest headache is that different data types just
aren't alike. Images are made up of continuous pixel values, while text is a sequence of discrete
symbols. Trying to combine them directly can be tricky. Another problem is lining everything up—
multimodal data needs precise timing or spatial alignment, and even a small mismatch can mess
things up. Plus, any noise or errors from one source can bleed into the others during fusion, which can
drag down overall performance.

Even with all the obstacles, early fusion still has its place. Take video analysis, for
example—it's great at catching those tiny timing overlaps between visuals and audio. In medical
imaging, early fusion shines when you need to pull together information from different scans, like CT
and MRI, because it helps spot details you'd probably miss if you looked at each one alone.

Mid-level fusion is the main workhorse right now. It lets each type of data—say,
images or text—go through its own specialized encoder. Then, once each has been processed, the
system brings them together at the feature level. The beauty of this approach is that you get to keep all
the unique info from each source, but you also start to find those interesting connections between
them.

There's no single way to do mid-level fusion. Sometimes it's as simple as sticking
features side by side or running element-wise math. Other times, it gets fancy with dynamic weighting,
using attention mechanisms to decide which features matter most, or even tensor fusion for deeper
interactions. Attention mechanisms really stand out—they let the model tune feature weights on the
fly, depending on what's coming in. In visual question answering, for instance, the system can home
in on the parts of an image that actually matter for a given question, lining up visual and language info
in a smart way. Mid-level fusion also opens the door to shared representation learning. By designing
clever loss functions, you can teach the model to place similar cross-modal content close together in
its internal space. This is why mid-level fusion works so well for things like cross-modal retrieval and
content generation—it just gets those subtle relationships.
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Late fusion takes a different tack. Each type of data does its own thing, extracting
features and even making some decisions before everything comes together at the end. This setup
brings a couple of big wins. The advantages of this approach are manifold: First, robustness: if one
data source is missing or just plain bad, the system can still lean on the others and keep going. That's a
lifesaver in real-world situations. Second, you get a lot of flexibility—each modality can use whatever
model fits best, and updates are easier. Plus, you can actually see and measure how much each data
source is contributing, which helps with transparency.

But late fusion isn't perfect. Because the data streams don't really interact deeply, it
struggles with tasks that need to catch subtle cross-modal cues. In something like multimodal sentiment
analysis, late fusion might miss the way a person's facial expression and tone of voice work together.

Lately, researchers have been busy finding ways to get around the old problems with
traditional fusion methods. They've started mixing different fusion stages, like doing some early
fusion at the feature level while keeping the flexibility to blend things together later at the decision
stage. Some new methods can actually switch up the fusion approach on the fly, depending on what
kind of data comes in and how good it is. There's also this whole wave of meta-learning-based
fusion—basically, the system teaches itself how to pick the best fusion weights for whatever job it's
facing (Tsai et al., 2019) .

With the development of deep learning technologies, new fusion methods continue
to emerge. Memory network-based fusion stores and retrieves cross-modal information through
external memory units; Graph neural network-based fusion represents different modalities as graph
structures, utilizing graph reasoning to capture complex inter-modal relationships; Adversarial
learning-based fusion promotes deeper feature interaction between modalities through generative
adversarial networks. All these fresh ideas are making multimodal fusion smarter and much more
adaptable, setting the stage for more advanced multimodal Al. As tech like neural architecture search
and self-supervised learning keeps improving, we're bound to see even faster, stronger, and more
efficient fusion systems pop up.

3.2 The Paradigm of Large-Scale Pre-training

One of the biggest shifts lately is the move to pre-training giant models using huge,
loosely matched datasets scraped from the web. Inspired by what worked in NLP, this approach treats
multimodal learning as a "pre-train and fine-tune" deal. Models like CLIP (Radford et al., 2021) and
ALIGN get trained on hundreds of millions—or even billions—of image-text pairs pulled straight
from the internet using a contrastive objective. This pre-training results in a powerful, aligned cross-
modal embedding space where semantically similar concepts from different modalities are mapped
close together (Jia et al., 2021).

What's wild is that these models don't need a ton of extra training to do new things.
You can fine-tune them with just a few examples, or sometimes not at all—they still deliver
surprisingly good results. Take CLIP (Radford et al., 2021) , for example. You can show it a prompt
like "a photo of a dog," and it'll find dogs in images, even if it never saw labeled dog photos during
training. This has opened up powerful vision tools to way more people and pushed innovation in
things like open-vocabulary object detection and zero-shot video understanding. Honestly, the sheer
scale—both the models themselves and the data they learn from—has turned out to be a big deal for
making these systems robust. But there are some real concerns, too. Training these massive models
eats up a ton of computing power, and sometimes they pick up on and even amplify social biases
baked into huge, messy web datasets. Plus, their black-box nature means it's tough to figure out why
they make certain predictions, which can be a headache when you need to trust or debug them in
sensitive situations.
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4. Conclusion and Future Outlook

This survey takes a deep dive into the fast-moving world of multi-view and multi-modal
image representation and generation. We’ve followed the evolution from handcrafted features to
today’s deep neural networks and generative Al, pointing out the key architectures, learning tricks,
and clever ways of combining information. The rise of big pre-trained models really changed the
game, making zero-shot reasoning possible and opening up all sorts of new possibilities for research
and real-world use.

Despite the tremendous progress, several challenges remain open for future exploration:

But training and running these giant models—think diffusion models or large vision-
language models—demands a ton of computing power. That’s a big barrier for most people and not
great for the environment, either. So, the next step is to focus on smarter architectures, better training
methods, and ways to shrink these models—using neural architecture search, distributed optimization,
mixed precision, pruning, quantization, knowledge distillation, and so on—to make them easier for
everyone to use.

As these models get more complex and “black-box” like, it gets harder to understand
what they’re actually doing inside. Being able to control their outputs in a predictable way—Ilike
keeping generated videos consistent or tweaking just one part of an image—matters a lot, especially
in high-stakes fields like healthcare or self-driving cars. Right now, explainable Al for these multi-
modal models is still pretty new and has a long way to go.

Most current models are great at spotting patterns, but they hit a wall with deeper
reasoning, figuring out cause and effect, or dealing with structured knowledge. Combining deep
learning with symbolic reasoning and knowledge graphs—what people call neuro-symbolic Al—
could help models move beyond just statistics and start to show some real understanding, which is
what we need for true intelligence.

Looking ahead, the idea of foundation models won’t just stick to general-purpose vision-
language models. We’ll see universal models built specifically for certain types of data or domains—
like a foundational model for all kinds of medical imaging, from CT to MRI to X-ray. These models
should adapt to different tasks—segmentation, classification, report writing—with very little extra
data. Getting there means we need better domain-specific datasets and fresh ideas for model design.
And we can’t ignore the ethical side: fighting bias in training data, making sure systems are fair and
accountable, preventing misuse like deep fakes, and coming up with ways to evaluate all this stuff
properly. That’s going to take both technical fixes—like bias detection, watermarking, and so on—
and smart policy work from the whole community.

So, when you put multi-view learning, multi-modal fusion, and generative Al together,
you get machines that can take in way more and actually do something creative with it. The next step
is to build systems that aren’t just smart, but also efficient, transparent, and reliable—tools that can
handle all kinds of data and actually make sense of it. That’s how we move closer to real artificial
general intelligence. Getting there isn’t just about better algorithms or faster computers, though. It’s
about pushing tech forward while paying attention to how it affects people and society. We’re heading
from narrow, specialized models to assistants that can do a bit of everything, and innovation on all
fronts is what’ll get us there.
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Abstract

This study processes METAR data from 2021 to 2025 using a temporal holdout approach in
order to reflect real-world time-based operations. Feature engineering was designed with a runway-
oriented perspective, including visibility, crosswind, and tailwind components relative to the runway,
as well as significant weather phenomena (fog, rain, thunderstorms, and wind gusts) that affect takeoff
and landing risks.

The performance of the Decision Tree and Random Forest models was then compared.
Reports explicitly marked as NIL were detected and removed to avoid misinterpreting missing data as
safe conditions. Data from 2021-2024 were used for model training, while data from 2025 were used
for testing.

The results show that the Decision Tree achieved an accuracy of 99.88%, while the Random
Forest achieved a higher accuracy of 99.90%, demonstrating superior accuracy and reliability. These
findings highlight the potential of integrating aviation meteorological data from METAR reports with
machine learning techniques to support aviation safety decision-making under the ICAO Safety
Management System (SMS) framework.

Keywords: Machine Learning, METAR, Aviation Weather Hazard, Runway Safety

Introduction

Aviation meteorological services play a critical role in ensuring flight safety, particularly
during takeoff and landing phases, which are widely recognized as the most hazardous stages of civil
aviation operations. The International Civil Aviation Organization (ICAO) and the World Meteorological
Organization (WMO) have established standards and recommended practices for aviation weather
observation, reporting, and forecasting to support safety-related decision-making.

Routine aerodrome weather reports (METAR) provide essential real-time meteorological
observations at the airport level. Adverse weather conditions such as fog, reduced visibility, strong
winds, and thunderstorms significantly increase operational risks during takeoff and landing. Although
most airports are equipped with Automated Weather Observation Systems (AWOS), operational risk
assessment often relies heavily on the experience of pilots and air traffic controllers, especially under
rapidly changing weather conditions.

Accident and incident statistics indicate that a large proportion of aviation safety events occur
during takeoff and landing, underscoring the need for systematic and timely decision-support tools
capable of assessing weather-related risks. While machine learning techniques have increasingly been
applied to aviation meteorology, many existing studies focus on general forecasting or statistical
analysis and lack direct linkage to runway-specific operational contexts.
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Loei Airport is located in northeastern Thailand and is characterized by basin-like terrain
surrounded by mountain ranges, resulting in complex low-level airflow patterns and localized weather
phenomena such as morning fog, rapid wind shifts, and frequent thunderstorms during the monsoon
season. As a regional airport with limited infrastructure compared to major international airports,
effective weather-related risk assessment is essential for maintaining operational safety.

Accordingly, this study proposes a runway-oriented framework for assessing takeoff and landing
risks using METAR data and machine learning techniques, aligned with the operational characteristics of
Loei Airport and the ICAO Safety Management System (SMS).

Research Objective

1. To analyze takeoff and landing risks by integrating machine learning techniques to
support aviation safety decision-making.

2. To analyze historical METAR aviation weather reports in order to identify patterns and
trends of adverse weather conditions affecting airport operations and pilots.

Literature Review

Aviation meteorology plays a central role in ensuring operational safety, particularly during
takeoff and landing phases, which account for the highest proportion of aviation accidents and
incidents worldwide. According to ICAO safety reports, runway excursions, loss of control during
approach, and weather-related operational disruptions remain among the most significant safety
concerns in civil aviation. Adverse meteorological conditions such as low visibility, precipitation,
crosswinds, wind shear, and thunderstorms significantly degrade aircraft performance, increase pilot
workload, and reduce decision margins during critical flight phases.

METAR (Meteorological Aerodrome Report) constitutes the primary standardized source of
surface aviation weather observations. It provides real-time aerodrome-level data including wind,
visibility, cloud conditions, weather phenomena, temperature, and pressure. Several studies have
demonstrated that METAR data can be effectively utilized beyond operational reporting purposes and
applied in predictive analytics and safety assessment frameworks.

Recent advancements in machine learning have enabled more sophisticated modeling of
aviation weather hazards. Kharisma et al. (2025) applied Random Forest regression to predict airport
visibility using integrated METAR parameters, demonstrating improved short-term prediction accuracy
under low-visibility conditions. Their results confirm that ensemble learning methods can effectively
capture nonlinear relationships among meteorological variables.

Similarly, Muangsong (2023) employed machine learning techniques for thunderstorm nowcasting
based solely on METAR observations at northern Thailand airports. The study demonstrated that short-
term hazard prediction can be achieved using routine aerodrome reports, supporting operational
decision-making without relying exclusively on numerical weather prediction models.

Beyond forecasting applications, machine learning has also been used for hazardous weather
classification. Patriarca et al. (2022) proposed anomaly detection and hierarchical clustering techniques to
support performance management in acrodrome weather forecasting systems. Their findings emphasize the
importance of interpretable models for operational environments where transparency is critical.

In runway safety research, Zhu et al. (2024) developed a real-time landing risk assessment
framework integrating finite element modeling and machine learning under wet runway conditions.
Their work highlights the limitations of traditional deterministic simulation methods and underscores
the need for data-driven, real-time risk assessment tools. Wet runway conditions combined with
precipitation significantly increase braking distance and the probability of runway excursion events.
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Weather-related accident analyses further reinforce this concern. Kyaw Than Oo et al. (2023)
reported that meteorological hazards contributed substantially to aviation accidents and delays at
Yangon Airport, particularly during monsoon seasons. Their climatological assessment demonstrated
that visibility degradation and convective weather phenomena were dominant risk factors.

More recently, CHOMA et al. (2025) explored artificial intelligence techniques for hazardous
weather prediction in aviation environments. Their work supports the adoption of ensemble learning
and decision-tree-based models due to their balance between predictive performance and interpretability—
an essential characteristic for safety-critical domains.

Additionally, Gdeeb (2024) proposed a meta-based Random Forest fusion framework for
weather classification, showing that ensemble approaches consistently outperform single-model
classifiers in complex atmospheric conditions. These findings are consistent with broader machine
learning literature, where Random Forest models demonstrate robustness against overfitting and
strong generalization capability.

Although previous studies have successfully applied machine learning to aviation meteorology,
most research has primarily focused on general weather forecasting, visibility prediction, thunderstorm
detection, and flight delay analysis.

However, relatively limited attention has been given to runway-oriented operational risk
assessment, particularly approaches that integrate runway heading, crosswind and tailwind components,
aviation safety thresholds, and ICAO Safety Management System (SMS) principles.

Traditional airport risk evaluation typically relies on fixed meteorological thresholds or
operator experience. While effective to some extent, such approaches fail to fully capture the complex
and nonlinear interactions among multiple meteorological variables. The ICAO SMS framework
advocates a proactive, data-driven, and risk-based approach to hazard identification and mitigation.
Therefore, integrating machine learning with runway-specific meteorological feature engineering
represents a logical advancement toward predictive aviation safety management.

Ensemble models such as Random Forest further offer the advantage of interpretability
through feature importance analysis. In safety-critical environments, model transparency is essential
to ensure stakeholder trust, including pilots, air traffic controllers, and safety managers.

Despite the growing body of research in aviation weather analytics, several critical gaps
remain:

(1) runway-specific hazard modeling,

(2) regional airport case studies in Southeast Asia,

(3) integration of METAR-coded weather phenomena with quantitative variables, and

(4) temporal holdout validation that simulates real-world forecasting conditions.

This study addresses these gaps by proposing a runway-oriented machine learning framework
that incorporates crosswind and tailwind calculations relative to Runway 01 at Loei Airport. By
aligning feature engineering with operational aviation logic and SMS risk principles, the research
advances beyond general weather prediction toward structured, operational risk assessment in real-
world contexts.

Research Methodology

1. Data Preparation
This study utilizes aviation meteorological data (METAR) from Loei Airport covering the
period from 2021 to 2025. The METAR data were retrieved from the Ogimet database. Hourly
observations were collected and stored in .txt format, resulting in 43,573 records. Reports marked as
NIL were removed prior to analysis to ensure data completeness, leaving 26,521 valid records.
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The dataset includes various meteorological parameters such as wind speed (knots),
visibility (kilometers), weather phenomena including thunderstorms (TSRA/TS), rain, mist, fog, cloud
base height (feet), temperature (°C), and atmospheric pressure (millibars).

2. Feature Engineering
Runway-oriented wind components were calculated based on the actual runway configuration,
specifically Runway 01 (heading 010°). Crosswind and tailwind components were derived using
trigonometric equations to assess their direct impact on aircraft controllability. Additional hazardous
weather indicators, including fog, rain, thunderstorms, and wind gusts, were incorporated into the
feature set.

Crosswind =V sin 0 (1)

Tailwind =V cos 0 (2)

3. Hazard Identification
The identification of “hazardous” conditions in this study is not based solely on general
statistical thresholds, but rather on aviation safety logic, which reflects the risk management principles
used by pilots and air traffic controllers. A hazard is assigned a value of 1 when any one of the
conditions listed in Table 1 is met.

Table 1: Hazard Decision Criteria

Parameters Condition
Thunderstorm TSRA/TS detected
Rain +RA/RA detected
Mist BR detected, 1,000 m. < Visibility < 5,000 m.
Fog FG detected, Visibility < 1,000 m.
Low Visibility Visibility <2,000 m.
Wind Speed Wind > 15 kt
Gust Wind >20 kt
Crosswind RWYO01 Wind > 15 kt
Tailwind RWYO01 Wind > 10 kt

4. Machine Learning Models and Temporal Validation

This study applies machine learning techniques to develop models for analyzing takeoff
and landing risks using aviation meteorological data from METAR reports. The selected algorithms
are Decision Tree and Random Forest, as they provide interpretable logical structures and effectively
handle nonlinear data.

The Decision Tree model uses a tree-based structure to split data based on feature
conditions. The tree depth was limited to 6 levels (max depth = 6), with a minimum of 10 samples per
node (min samples = 10) and a fixed random state (random state = 42) to reduce noise and improve
decision stability.

The Random Forest model is an ensemble learning technique consisting of multiple
decision trees trained on different subsets of data and features. Predictions from individual trees are
aggregated using majority voting, reducing overfitting and improving predictive accuracy compared
to a single decision tree. The Random Forest model was configured with 200 trees, a minimum of 10
samples per node, and random state = 42.
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To reflect real-world forecasting scenarios, where pilots and ATC rely on past data to
anticipate future conditions, a time-series-based data split was applied instead of random sampling.
Data from 2021-2024 (21,626 samples) were used for training, while data from 2025 (4,895 samples)
were used for testing, simulating real operational conditions. The overall research workflow is
illustrated in Figure 1.

Feature Enginesring
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Caollection = Remove MIL * Rain, Mist, Fog Cperational Risk
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Figure 1: Research Workflow Diagram

Results

This section presents the performance of the proposed machine learning models for assessing
weather-related takeoff and landing risks at Loei Airport (VTUL). The analysis focuses on Runway
01 and employs a temporal holdout strategy to ensure that the evaluation reflects realistic operational
conditions.

The Decision Tree and Random Forest models were trained using METAR data from 2021 to
2024 and evaluated using data from 2025. This approach simulates real-world deployment scenarios,
in which models must predict future operational risks based solely on past observations, while also
preventing information leakage. Overall, both models demonstrated excellent predictive performance.
The Decision Tree achieved an accuracy of 99.88%, while the Random Forest achieved a slightly
higher accuracy of 99.90%. Although the difference in accuracy is marginal, the Random Forest
model consistently exhibited superior performance across all evaluation metrics, particularly in terms
of Recall and F1-score. Comparative results are summarized in Table 2.

Table 2: Compares the performance of the models

Decision Tree Random Forest
Accuracy 99.88% 99.90%
Precision 99.71% 99.72%
Recall 99.59% 99.87%
F1-score 99.15% 99.29%
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From an aviation safety perspective, Recall is a critical indicator because it reflects the
model’s ability to correctly identify hazardous operational conditions. The Random Forest model
achieved a higher Recall value, indicating a lower likelihood of failing to detect weather conditions
that pose risks during takeoff and landing.

Further insight is provided by the confusion matrix analysis. The majority of test samples
were correctly classified as either hazardous or non-hazardous conditions. Misclassifications occurred
only in a small number of cases. Importantly, the Random Forest model produced fewer false negative
predictions than the Decision Tree model. This is a key advantage in safety-critical applications, as
false negatives represent situations in which hazardous conditions are incorrectly classified as safe
(Figure 2). False positive predictions, where non-hazardous conditions were classified as hazardous,
were observed at a low rate in both models. While such errors may lead to conservative operational
decisions, they are generally less critical than false negatives within the context of aviation safety
management.

Decision Tree - Confusion Matrix Random Forest - Confusion Matrix
—-0.50 —0.50
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Figure 2: Confusion Matrix Decision Tree and Random Forest

An analysis of feature importance derived from the Random Forest model reveals that
precipitation-related phenomena, particularly rain (RA), exert the strongest influence on risk classification.
Mist (BR) and numerical visibility values were also identified as highly influential variables, underscoring
the dominant role of visibility degradation in takeoff and landing safety. These results are consistent with
established aviation meteorology principles, which recognize reduced visibility and wet runway conditions
as major contributors to operational risk. In contrast, wind-related variables such as crosswind, tailwind,
wind speed, and gusts exhibited lower relative importance. This does not diminish their operational
relevance; rather, it suggests that within the climatological and operational context of Loei Airport,
severe wind conditions occur less frequently or are effectively mitigated by existing operational
procedures (Figure 3).
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Feature Importance - Random Forest (RWY 01, Visibility included)
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Figure 3: Feature Importance Analysis

In summary, the results demonstrate that the proposed runway-oriented machine learning
framework can reliably identify weather-related hazards affecting takeoff and landing operations.
The Random Forest model, in particular, provides a robust balance between predictive accuracy and
operational reliability, making it well-suited for integration into aviation weather risk assessment and
decision-support systems.

Discussion and Conclusion

This study proposed a runway-oriented framework for assessing aircraft takeoff and landing
risks using METAR data integrated with machine learning techniques, with Loei Airport (VTUL) as a
case study. By explicitly incorporating runway direction, wind components, and operationally relevant
weather phenomena, the proposed approach bridges the gap between meteorological observations and
practical aviation safety decision-making.

The experimental results demonstrate that both the Decision Tree and Random Forest models
are highly effective in classifying hazardous and non-hazardous operational conditions. The Random
Forest model consistently outperformed the Decision Tree, achieving higher overall accuracy and,
more importantly, reducing the number of false negative predictions. This characteristic is particularly
critical in aviation safety applications, where failure to detect hazardous conditions may lead to severe
operational consequences.

Analysis of feature importance revealed that precipitation-related phenomena, especially rain
(RA), along with mist (BR) and reduced visibility, were the most influential factors contributing to
takeoff and landing risk at Loei Airport. These findings are consistent with established principles of
aviation meteorology, which emphasize the impact of visibility degradation and runway surface
contamination on aircraft controllability, braking performance, and pilot workload during approach
and landing phases. Notably, qualitative METAR weather codes were found to provide stronger
predictive influence than numerical visibility values alone, highlighting the importance of contextual
meteorological interpretation rather than reliance on fixed numerical thresholds.

Although wind-related hazards such as crosswind, tailwind, and gusts are generally regarded
as critical risk factors in aviation operations, their statistical importance in this study was relatively
lower. This may be attributed to the lower frequency of extreme wind events at the study airport or to
effective operational mitigation measures already in place. Nevertheless, wind-related variables remain
operationally significant and should continue to be considered in comprehensive risk assessment
frameworks.
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Overall, the results confirm the suitability of Random Forest as a robust and interpretable
machine learning model for aviation weather risk assessment. The ability to explain model behavior
through feature importance analysis aligns well with the principles of the ICAO Safety Management
System (SMS), which emphasizes transparency, risk-based decision-making, and proactive hazard
identification.

In conclusion, this study demonstrates that the integration of METAR data, runway-oriented
feature engineering, and machine learning techniques can provide an effective and systematic approach for
assessing weather-related takeoff and landing risks. The proposed framework offers a practical foundation
for the development of weather-based decision support tools aimed at enhancing operational safety at
regional airports. Future research should extend this approach by incorporating additional operational
variables, real-time weather data, and multi-airport validation to further improve generalizability and
support proactive aviation safety management.

Recommendations

Future research may expand this framework by incorporating additional operational data such
as runway surface condition reports, aircraft type, and traffic volume. Integrating real-time weather
observations and forecasts, including TAF and nowcasting systems, would enable a transition from
reactive to predictive risk management in line with ICAQ’s proactive safety philosophy. Further validation
across different airports and runway configurations is recommended to assess the generalizability of the
proposed approach.
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Abstract

Rapid urban expansion intensifies the Urban Heat Island (UHI) effect, with asphalt road surfaces
acting as major thermal hotspots. However, satellite-derived Land Surface Temperature (LST) products
are limited by coarse spatial resolution, while UAV-based observations lack temporal continuity. This
study proposes a fusion-driven thermal downscaling framework that integrates high-resolution UAV
RGB imagery (0.20 m) with Landsat 8-9 thermal observations to generate spatially refined Road Surface
Temperature (RST) maps. The framework combines thermal sharpening, bias correction, and machine
learning regression using Random Forest (RF) and Support Vector Regression (SVR). Model
performance was evaluated using five-fold cross-validation.

Results indicate that the RF model significantly outperformed SVR, achieving a testing R? of
0.66 with an RMSE of 1.99°C, demonstrating reliable generalization under heterogeneous urban surface

conditions. Feature importance analysis revealed that bias-corrected Landsat LST was the dominant
predictor, while UAV-derived spectral indices refined sub-pixel thermal variability along the road
corridor. The proposed fusion framework preserves the physical thermal support of satellite
observations while enhancing spatial detail to 0.20 m resolution, providing a statistically defensible
approach for high-resolution urban pavement thermal assessment.

This approach offers practical potential for urban heat mitigation planning and heat-resilient

infrastructure design in rapidly warming cities.

Keywords: Urban Heat Island (UHI), Road Surface Temperature (RST), Thermal Downscaling, UAV-

Satellite Data Fusion, Random Forest Regression

Introduction

The intensification of the Urban Heat Island (UHI) phenomenon is a direct consequence of rapid
urban expansion, where anthropogenic surfaces—particularly asphalt and concrete pavements—exhibit
high heat-retention capacity and low reflectance, resulting in elevated Road Surface Temperature (RST)
compared to natural land covers (Dai et al., 2025; Wu et al., 2022). Road infrastructures account for a

large proportion of impervious urban surfaces and are recognized as major thermal hotspots due to
continuous solar radiation absorption and anthropogenic heat release from vehicular activity (Kawakubo

et al., 2023). Recent remote sensing investigations indicate that micro-scale variability in RST is

influenced not only by road material type but also by urban form, surface roughness, and surrounding
land cover configuration (Andriambololonaharisoamalala et al., 2025; Henn et al., 2024). Satellite-
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derived Land Surface Temperature (LST) products, such as those from Landsat and MODIS, provide

consistent temporal monitoring capabilities but are constrained by coarse spatial resolution, limiting
their effectiveness in characterizing fine-scale thermal heterogeneity along road corridors (Bahi et al.,

2025; Aboutalebi et al., 2022). In contrast, Unmanned Aerial Vehicle (UAV)platforms enable centimeter-

level thermal assessments but lack temporal coverage and are subject to operational constraints such as
flight regulations and atmospheric conditions (Dai et al., 2025; Sun et al., 2019). This creates a spatial-

temporal resolution gap in current UHI-oriented thermal monitoring frameworks. To overcome these
limitations, emerging research has focused on multi-sensor fusion and thermal downscaling techniques,
integrating satellite thermal data with high-resolution UAV spectral information to enhance urban
microclimate modeling accuracy (Wu et al.,, 2022; Su et al., 2025). Studies by Dai et al. 2025)and Wu et
al. (2022) demonstrated the capability of machine learning-based downscaling frameworks to preserve
thermal gradients across heterogeneous surfaces, while Aboutalebi et al. (2022) and Su et al. (2025)
reported substantial improvements in temperature prediction accuracy through UAV-satellite data
fusion. However, the majority of these studies emphasize vegetation or agricultural thermal monitoring,

with significantly fewer addressing the thermal behavior of urban road infrastructure, which presents
unique radiometric characteristics due to material composition and dynamic anthropogenic influence
(Kawakubo et al, 2023; Henn et al., 2024; Zargari et al., 2024). Therefore, this study introduces a fusion-

driven modeling framework that integrates UAV RGB spectral indices with Landsat-derived LST using
machine learning regression to generate high-resolution RST maps. By leveraging the temporal
consistency of satellite thermal imaging and the spatial precision of UAV-based sensing, this research
aims to advance thermographic diagnostics for urban pavement systems and provide a data-driven
foundation for heat-resilient infrastructure planning in the context of increasing UHI intensity.

Research Objectives

1. To develop a multi-sensor data fusion framework integrating UAV RGB imagery and
Landsat thermal data to generate sub-meter resolution road surface temperature maps.

2. To evaluate machine learning models for urban thermal prediction by comparing Random
Forest, Support Vector Regression, and Decision Tree algorithms in estimating pavement temperature
under heterogeneous urban conditions.

3. To assess the applicability of high-resolution thermal maps for smart city heat mitigation

planning, supporting heat-resilient infrastructure design and urban heat island management strategies.

Literature Review

1. Urban Heat Island and the Thermal Behavior of Road Surfaces

The Urban Heat Island (UHI) phenomenon is strongly associated with the replacement of natural
land cover by impervious urban materials such as asphalt and concrete pavements. These materials

typically exhibit low albedo and high thermal inertia, enabling them to store solar energy and release
heat slowly, thereby forming persistent thermal hotspots within cities. Road networks therefore play a

critical role in localized heat accumulation and contribute significantly to urban microclimate alteration
(Kawakubo et al., 2023; Zargari et al., 2024).

Previous studies have shown that Road Surface Temperature (RST) variability depends not only

on pavement material but also on urban morphology, surface roughness, and surrounding land cover
configuration (Dai et al,, 2025; Sun et al., 2019). Consequently, fine-scale thermal observation is required

to accurately characterize thermal heterogeneity along road corridors.
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However, many previous studies have focused primarily on general urban land surface
temperature patterns rather than specifically examining road infrastructure at fine spatial scales. As a

result, the thermal behavior of road surfaces within complex urban environments remains insufficiently
explored.

2.Satellite-Derived Land Surface Temperature and Its Limitations

Satellite-based Land Surface Temperature (LST) products derived from sensors such as Landsat

and MODIS provide consistent temporal monitoring and reliable radiometric thermal measurements,
making them widely used in UHI studies (Wu et al, 2022; Andriambololonaharisoamalala et al., 2025).

Landsat thermal sensors typically provide spatial resolutions of approximately 100 m (resampled to 30
m), which remain relatively coarse compared to the spatial scale of urban infrastructure.

Because each pixel frequently contains mixed land covers such as pavement, vegetation, and
soil, satellite-derived LST often suffers from spatial smoothing and loss of micro-scale temperature

variability (Bahi et al., 2025). This limitation restricts its ability to accurately capture localized thermal
anomalies along road networks.

Although several thermal downscaling techniques have been proposed to improve spatial detail
(Aboutalebi et al, 2022; Su et al, 2025), many approaches still rely primarily on satellite-derived

predictors. Consequently, the integration of higher-resolution spatial information remains limited in
many urban temperature studies.

3.UAV Remote Sensing for High-Resolution Urban Surface Analysis

Unmanned Aerial Vehicle UAV)imagery provides centimeter-level spatial resolution, allowing

precise identification of pavement boundaries, roadside vegetation, and built structures that influence
local thermal patterns (Dai et al., 2025; Henn et al., 2024). Such spatial detail is particularly valuable for

analyzing temperature heterogeneity within urban environments.

However, UAV observations typically lack temporal continuity and stable radiometric
calibration, especially when only RGB sensors are used. While UAV-mounted thermal cameras can

capture instantaneous temperature patterns, their use is constrained by operational conditions and
limited acquisition frequency (Henn et al., 2024).

Therefore, UAV and satellite observations possess complementary characteristics: satellite data

provide reliable thermal signals and temporal consistency, whereas UAV imagery offers highly detailed
spatial information. Nevertheless, the integration of UAV-derived spatial predictors with satellite

thermal observations remains relatively limited in existing research.
4. Multi-Sensor Data Fusion and Thermal Downscaling

To overcome the spatial-temporal trade-off in remote sensing observations, recent research has
explored multi-sensor data fusion techniques that integrate satellite thermal data with high-resolution
spatial predictors (Wu et al, 2022; Bahi et al, 2025). Thermal downscaling frameworks attempt to
reconstruct fine-scale temperature patterns by modeling the relationships between coarse-resolution
thermal observations and high-resolution auxiliary variables.

Machine learning-based downscaling approaches have demonstrated strong capability in
modeling nonlinear relationships between spectral variables and temperature (Aboutalebi et al., 2022;
Su et al., 2025). By combining macro-scale thermal information from satellites with micro-scale spatial
variability from high-resolution imagery, these fusion frameworks significantly improve temperature
estimation accuracy (Andriambololonaharisoamalala et al., 2025).
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However, most existing downscaling studies primarily focus on vegetation and agricultural
applications. Urban road infrastructure, which possesses unique radiometric properties and strong

anthropogenic heat influences, has received comparatively less attention in thermal downscaling
research.

5.Machine Learning Models for Surface Temperature Prediction

Machine learning approaches are widely adopted for surface temperature estimation because
they can effectively capture nonlinear relationships and interactions among multiple predictors. Random

Forest (RF)models are particularly popular in remote sensing applications due to their ensemble learning
structure and strong predictive robustness (Wang et al,, 2019; Wei et al., 2020).

Support Vector Regression (SVR) has also been widely used for temperature prediction because
of its ability to model complex relationships with relatively limited input features. However, SVR
performance is sensitive to parameter tuning and kernel selection (Su et al, 2025). Classification and
Regression Tree (CART) models offer interpretability and simple decision rules, but they often exhibit
lower stability and predictive accuracy when applied to complex environmental datasets (Zargari et al.,
2024

Comparative studies consistently indicate that ensemble learning approaches such as Random
Forest generally provide superior predictive performance and generalization capability for urban
thermal prediction tasks (Wang et al., 2019).

6. Feature Selection and Spectral Redundancy

High-resolution imagery allows the extraction of numerous spectral indices and spatial features
that describe surface reflectance, material composition, and urban structure. However, many of these

predictors are highly correlated, which can introduce spectral redundancy and increase model
complexity (Dai et al., 2025).

Feature selection techniques such as permutation importance and cross-validation-based

reduction are therefore essential for identifying the most relevant predictors and preventing model
overfitting (Wang et al, 2019; Wei et al, 2020). Reducing redundant variables not only improves model

interpretability but also enhances predictive stability in multi-sensor thermal fusion frameworks.

Despite these methodological advances, limited studies have investigated feature selection
strategies specifically for road surface temperature prediction using UAV-derived predictors combined

with satellite thermal observations.

Research Methodology

A.Study Area

The study was conducted within the premises of Mahasarakham University (MSU), located
along Highway No.2202 in Kham Riang Subdistrict, Kantharawichai District, Mahasarakham Province,

Thailand
The central coordinate of the study site is approximately 16.244515°N, 103.249563°E. The

selected study site is an asphalt road approximately 1 km in length, consisting of four traffic lanes, each
3 m wide. The surrounding area includes residential zones, agricultural fields, and small green patches,

representing a heterogeneous pattern of urban land use within Mahasarakham City.

Mahasarakham Province lies in a tropical monsoonal climate zone, characterized by
persistently warm conditions throughout the year. The annual mean temperature ranges between 17°C

and 35°C, with extremes rarely falling below 13°C or exceeding 39°C. The province experiences a
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prolonged wet season lasting approximately 8.9 months (February-November) and a dry season of about
3.1 months (November-February). The annual average precipitation is around 1,200 mm, with August
being the wettest month (average rainfall [1214 mm)and December the driest month (7 2 mm).

Overall, the region exhibits a distinct monsoonal pattern with alternating wet and dry periods,
making it an ideal setting for examining surface temperature variability and thermal behavior of urban
road surfaces under tropical environmental conditions. The location of the study area is show in Figure

L.

-+

MAHA
SARAKHAM
PROVINCE

Figure 1: Location of the study area and road in mahasarakham university.

B. Field Data Collection

Field measurements of road surface temperature (Temp) were conducted using a calibrated digital
thermal gun positioned approximately 1.0 m above the surface. The geographic coordinates of each
observation were obtained with an RTK GNSS receiver, achieving a horizontal accuracy of +4 cm. A

total of 44 sampling locations were established, spaced at intervals exceeding 100 m to correspond with
the 30 m spatial resolution of the Landsat-derived Land Surface Temperature (LST)data.

The survey was carried out on 8 June 2025, between 11:30 and 14:30 local time, coinciding with the

Landsat overpass window to ensure temporal consistency between field observations and satellite
acquisitions. This period represents the peak daily heating phase, capturing the maximum variability of

surface temperature conditions across the study area.
C.Satellite and UAYV Data

This study integrates high-resolution UAV RGB imagery with Landsat 8-9 thermal data using
a physically consistent, model-based thermal downscaling framework. The objective was to preserve

the original thermal support of Landsat while exploiting the fine spatial detail of UAV imagery to model
sub-pixel temperature variability.

The UAV dataset consisted of an orthorectified RGB mosaic with a ground sampling distance
(GSD) of 0.20 m. The orthomosaic was geometrically corrected and co-registered to the Landsat

reference coordinate system (WGS84/UTM Zone 48N). From the UAV RGB bands (Red, Green, Blue),

several spectral indices were computed to characterize surface reflectance variability and material
differences influencing thermal behavior. These included GRVI, VARI, Excess Green (Ex(G), and

Brightness, which are commonly used to capture vegetation condition, surface color contrast, and
radiometric variability.
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Landsat 8 and 9 Collection 2 Level-2 products were used to derive Land Surface Temperature
(LST) from TIRS Band 10. Thermal values were converted from scaled digital numbers to Kelvin and
subsequently to degrees Celsius using standard radiometric calibration coefficients. Cloud and cloud-
shadow contamination were removed using QA_PIXEL bitmask filtering. The resulting LST image was
composited (median) over the study period and maintained at its native 100 m spatial resolution to
preserve physical thermal support.

Field- measured near-surface temperature (Temp Road) points were spatially linked to the
aggregated dataset for model validation and interpretation. All predictors were standardized prior to
model development. This preprocessing workflow ensured geometric alignment, spectral consistency,
and physical validity of thermal information prior to statistical modeling.

D.Model Development

This study developed a fusion-based thermal downscaling framework to estimate high-
resolution Road Surface Temperature (RST) by integrating Landsat-derived thermal information with
high-resolution UAV RGB predictors. The overall procedure consisted of four main steps: (1) preparation
of the coarse-resolution thermal target, (2)aggregation of UAV predictors to match the thermal support,
(3) thermal sharpening to distribute temperature variability within each Landsat pixel, and 4) bias

correction to preserve the original satellite-derived thermal signal.
1) Preparation of the Landsat thermal target

Landsat 8 and Landsat 9 Collection 2 Level-2 images acquired during May-July 2025 were used
to derive Land Surface Temperature (LST) from Thermal Infrared Sensor (TIRS) Band 10. Cloud and
cloud-shadow pixels were removed using the QA_PIXEL band. The thermal band was converted from

scaled digital numbers to temperature values in degrees Celsius following the standard radiometric
scaling procedure provided for Collection 2 Level-2 products. To reduce noise associated with individual

scenes and short-term atmospheric variability, a median thermal composite was generated for the study
period. The resulting LST image was maintained at its native thermal support of 100 m, which was

treated as the physically meaningful reference scale for model development.
2) Aggregation of UAV predictors to thermal support

The UAV orthomosaic (0.20 m spatial resolution) was used to derive a set of fine-scale
predictors, including the RGB bands and spectral indices such as GRVI, VARI, Excess Green (ExG),
and Brightness. Because Landsat LST represents the average thermal condition of a much larger ground
area, these UAV-derived variables were aggregated to the same 100 m grid as the Landsat thermal
pixels. For each Landsat pixel, summary statistics of the UAV predictors were calculated so that the
explanatory variables and the thermal response variable were spatially consistent. This step is important

because it prevents scale mismatch and ensures that the machine learning models are trained using
predictors that correspond to the same physical support as the observed thermal signal.

3) Thermal sharpening

Thermal sharpening was then performed to infer sub-pixel thermal variability within each 100

m Landsat pixel. A regression relationship was first established between the aggregated UAV predictors
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and the Landsat-derived LST at the 100 m scale. In this study, Random Forest (RF) and Support Vector
Regression (SVR) models were trained to learn the nonlinear relationship between surface reflectance
characteristics and thermal conditions. After model calibration, the trained regression model was applied
back to the original 0.20 m UAV predictor layers. This generated an initial high-resolution temperature

surface, here referred to as the sharpened temperature map.

The sharpened map represents the spatial distribution of temperature variation within each
coarse thermal pixel, guided by the fine-scale surface characteristics captured by UAV imagery. In other

words, the model uses local differences in road color, brightness, vegetation influence, and surface
texture proxies to redistribute the coarse Landsat temperature into a more spatially detailed pattern.

However, because this prediction is obtained statistically, the average temperature of the sharpened
pixels within a Landsat block may not exactly equal the original Landsat LST value. Therefore, an

additional bias correction step was required.
4)Bias correction

To preserve physical consistency with the original satellite thermal observations, a block-wise
bias correction was applied to the sharpened temperature map. For each 100 m Landsat pixel, the mean
value of all sharpened 0.20 m predictions located inside that pixel was calculated. The difference

between this mean sharpened temperature and the original Landsat LST was then computed as a residual
bias term:

BI‘G‘.S‘I = LSTI - LSTSh&?‘p.i

where LST_iis the original Landsat temperature of pixel i, and LSTqp,; 18 the mean of the sharpened

et

predictions within that same pixel.

This residual bias was added uniformly to all high-resolution sharpened pixels inside the corresponding
100 m b]-OCk:LSTSharpbc,ij = LSTSh&Tp.ij + Biasi

where LSTgpqpp,ij 1S the initial sharpened prediction at sub-pixel location ) within Landsat pixel ), and
LSTsharpyc,ij 1s the bias-corrected sharpened temperature.

This procedure ensures that the average of the corrected high-resolution temperatures within
each Landsat pixel exactly matches the original Landsat-derived LST. Therefore, the bias correction
preserves thermal energy consistency at the coarse scale while retaining the fine-scale spatial pattern
introduced during sharpening. As a result, the final temperature map is both spatially refined and

physically constrained by the satellite observation.
5)Road surface temperature prediction and validation

The bias-corrected sharpened LST layer LSTspqrp,, Was then integrated with UAV-derived predictors
and field-observed road surface temperature samples (Temp Road) to develop the final road temperature
prediction models. RF and SVR were trained and evaluated using five-fold cross-validation with pooled

out-of-fold predictions. Model performance was assessed using the coefficient of determination (R?)
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and Root Mean Square Error RMSE). In addition, wrapper-based variable selection and hyperparameter

tuning were performed under a stability criterion of |Train R? — Validation R?| < 0.10 to reduce
overfitting and improve model generalization.

Importantly, this framework does not create independent thermal observations at 0.20 m resolution.

Instead, it statistically refines the spatial distribution of temperature within each Landsat thermal pixel
while preserving the original thermal support of the satellite data. Thus, the final RST product should

be interpreted as a physically constrained, high-resolution estimation of sub-pixel thermal variability

rather than as direct 0.20 m thermal measurement.

Results

1. Model Performance Evaluation

The predictive performance of the machine learning models is summarized in Table 1, while
the relationships between observed and predicted road surface temperatures are illustrated in Figure 2:

As shown in Table 1, the Random Forest (RF) model demonstrated superior predictive
capability compared to the Support Vector Regression (SVR) model. The RF model achieved a training
R? of 0.75 with an RMSE of 1.18°C, and a testing R? of 0.66 with an RMSE of 1.99°C. The relatively
small difference between training and testing R? values (AR? =0.09) indicates good generalization ability
and limited overfitting under the five-fold cross-validation framework.

In contrast, the SVR model exhibited considerably lower performance, with training and testing
R? values of 0.39 and 0.31, respectively, and RMSE values exceeding 1.95°C. The modest difference

between training and testing accuracy suggests stable but weak predictive capability, indicating that
SVR was less effective in capturing the nonlinear relationships governing road surface thermal
variability.

The scatter plots in Figure 2: further illustrate these differences. In Figure. 2(a), RF predictions
closely align with the 1:1 reference line for both training (green) and testing (red) datasets, particularly
within the dominant temperature range (approximately 51-55°C). Although slight dispersion is observed

at lower temperature values, the overall distribution indicates strong agreement between observed and
predicted temperatures.

Conversely, Figure. 2(b) shows that SVR predictions display greater deviation from the 1:1 line and
increased scatter across the full temperature range. The model exhibits reduced sensitivity to higher

temperature values, resulting in systematic underestimation at the upper range and weaker correlation
overall.

These results confirm that the RF model provides more reliable and accurate road surface
temperature estimation under heterogeneous urban surface conditions.

Table 1: Comparative performance of machine learning models (RF, SVR, and CART) based on R? and
RMSE for training and testing datasets.

Model Train Validation
R square RMSE R square RMSE
RF 0.75 1.18 0.66 1.99
SVR 0.39 1.95 031 2.01
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Figure 2: Scatter plots of actual versus predicted surface temperatures for a) RF, and (b) SVR,

models, showing training (green) and testing (red) datasets with the 1:1 reference line

2. Feature Importance Analysis

The permutation-based feature importance analysis for the RF model is presented in Figure 3:
Among all predictors, the sharpened and bias-corrected Landsat-derived LST (LST sharp bc) was
identified as the dominant variable, contributing substantially more than the UAV-derived spectral
indices.

Among the RGB-based predictors, Excess Green ( ExG) exhibited the highest relative
importance, followed by VARI, Blue reflectance, and GRVI. The prominence of LST sharp bc

highlights the critical role of thermally constrained satellite information in preserving physically
meaningful temperature gradients. Meanwhile, the contribution of ExG and VARI suggests that subtle

reflectance variations associated with surface material properties and minor vegetation presence can
refine sub-pixel thermal heterogeneity.

The comparatively lower importance of individual RGB bands indicates that raw reflectance
values alone are insufficient to explain temperature variability without the thermally informed predictor.

This finding supports the effectiveness of the fusion-based modeling framework, where satellite-derived
thermal consistency is enhanced rather than replaced by high-resolution UAV spectral detail.
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Figure 3: Top five most important predictors identified by permutation-based feature

importance for @) Random Forest (RF) models

3.Feature Importance Analysis

The overall UAV-Landsat thermal downscaling workflow is illustrated in Figure 4. As shown
in Figure 4:(a), the fine-scale UAV imagery domain provides high-resolution (0.2 m) RGB reflectance
information, enabling detailed characterization of surface material variability and micro- scale
heterogeneity along the road corridor. In contrast, Figure 4:(b) represents the coarse-resolution satellite
thermal domain, where Landsat- derived Land Surface Temperature ( LST) preserves physically
consistent thermal support at 100 m spatial resolution.

The integration of these two domains is conceptualized in Figure 4:(c), where UAV-derived
spectral predictors are combined with bias-corrected Landsat LST within a machine learning regression
framework to generate high-resolution Road Surface Temperature (RST) maps. This fusion-based

approach ensures that fine spatial details from UAV imagery are constrained by the thermally
meaningful satellite signal, thereby preserving large-scale temperature consistency while enhancing sub-

pixel spatial variability. The framework explicitly addresses the spatial-temporal resolution gap between

satellite and UAV platforms, enabling physically coherent and spatially refined thermal mapping of
urban road infrastructure.
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©

Figure 4: UAV_Landsat thermal downscaling framework: (a) fine-scale UAV imagery domain, (b)
coarse satellite thermal domain, and (c) Road Surface Temperature Mapping Using UAV Data and
Landsat Thermal Observations

Discussion

The results demonstrate that the Random Forest (RF) model substantially outperformed the
Support Vector Regression (SVR)model in estimating road surface temperature (RST), as evidenced by
higher R? and lower RMSE values (Table 1; Figure 2:). The RF model achieved stable generalization
performance under five-fold cross-validation, with a limited difference between training and testing R?
(AR?=0.09), indicating controlled overfitting and robust predictive capability. This finding is consistent
with previous studies reporting that ensemble-based machine learning approaches are particularly
effective for modeling nonlinear thermal behavior across heterogeneous surfaces (Dai et al., 2025; Wu
et al., 2022; Su et al., 2025). Urban road environments are characterized by complex radiometric
responses influenced by asphalt composition, surface aging, traffic- induced heat emissions, and
surrounding land cover interactions (Kawakubo et al., 2023; Henn et al., 2024), making nonlinear
ensemble methods more suitable than kernel-based regressions under limited sample conditions.

The scatter plots (Figure 2:) further confirm the superiority of RF, showing strong alignment
between observed and predicted temperatures along the 1:1 reference line, particularly within the
dominant temperature range. In contrast, SVR exhibited weaker sensitivity to higher temperature values
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and greater dispersion across the full range, suggesting reduced capability in capturing localized thermal
variability. Similar patterns have been observed in multi- sensor fusion studies where tree- based

ensemble models outperform single-kernel regressors when applied to complex urban microclimate
modeling (Su et al., 2025). While earlier thermal downscaling investigations largely focused on
vegetated or agricultural systems (Wu et al., 2022; Aboutalebi et al., 2022), the present study extends

this methodological framework to impervious urban road infrastructure, which presents distinct thermal
and spectral characteristics due to its material properties and anthropogenic influences (Kawakubo et

al, 2023; Zargari et al., 2024).
The permutation-based feature importance analysis (Figure 3) highlights that the sharpened and
bias-corrected Landsat-derived LST (LST sharp be) is the dominant predictor in the RF model. This

result emphasizes the importance of preserving physically meaningful thermal support during
downscaling. Satellite-derived LST products from Landsat provide temporally consistent and physically

grounded thermal measurements but are spatially constrained by coarse resolution (Bahi et al., 2025;
Aboutalebi et al., 2022). The present findings demonstrate that UAV-derived spectral indices primarily
refine spatial heterogeneity within thermal pixels rather than replace the coarse-scale thermal signal.
Among UAV predictors, Excess Green (ExG) and VARI contributed secondary explanatory power,

likely reflecting subtle variations in surface reflectance associated with material differences and minor
vegetation presence along road edges. These observations align with previous research indicating that

surface reflectance variability and material composition significantly influence localized temperature
distribution (Andriambololonaharisoamalala et al., 2025; Henn et al., 2024). However, the relatively

lower importance of raw RGB bands confirms that reflectance information alone is insufficient for
accurate thermal estimation without a thermally constrained satellite predictor.

Despite the strong performance of the proposed framework, several methodological
considerations must be acknowledged. Landsat TIRS Band 10 has a native spatial resolution of 100 m,

which defines the physical support of the thermal measurement. Downscaling cannot generate new
independent thermal information beyond this scale. Instead, the approach models sub-pixel variability
through statistical relationships between aggregated UAV spectral indices and Landsat LST.
Consequently, the 0.20 m temperature outputs represent spatially refined estimations constrained by
coarse-resolution thermal observations rather than direct high-resolution thermal measurements. The

underlying assumption that spatial variations in reflectance are physically linked to temperature
variability—is supported by surface energy balance theory and prior remote sensing studies (Dai et al.,

2025; Wuetal, 2022; Su et al,, 2025), but may not fully capture complex radiative interactions in mixed
urban materials. The bias correction procedure ensures conservation of thermal energy by forcing the

mean of downscaled predictions within each 100 m pixel to equal the original Landsat LST, thereby
preserving large-scale consistency. However, this does not eliminate uncertainty associated with intra-

pixel temperature distribution. Furthermore, the reported R? and RMSE values reflect predictive
accuracy at the native 100 m thermal scale and should not be interpreted as evidence of true 0.20 m
thermal measurement accuracy.

Nevertheless, the methodological design of this study remains both physically and statistically
defensible. Model training was conducted strictly at the native thermal resolution. UAV predictors were

aggregated to match the thermal support of Landsat observations prior to regression; no artificial
thermal resampling was performed. In addition, block-wise bias correction preserved energy

consistency, while model validation using five-fold cross-validation ensured predictive robustness.

Compared with direct pixel resampling approaches that may distort the physical meaning of thermal
data, the fusion-driven framework presented here provides a coherent solution to the spatial-temporal

resolution gap identified in UHI monitoring research (Bahi et al, 2025; Aboutalebi et al., 2022). By
integrating temporally consistent satellite thermal observations with high-resolution UAV reflectance
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information, the approach improves the spatial interpretability of urban pavement thermal patterns
while preserving the integrity of the original satellite measurements.

Beyond methodological contributions, the findings of this study also provide important implications for
urban heat mitigation and infrastructure management. Road networks constitute a major proportion of

impervious urban surfaces and significantly contribute to localized heat accumulation. The ability to

generate spatially refined road surface temperature maps can assist urban planners and municipal
authorities in identifying thermal hotspots along transportation corridors. Such information may support

evidence-based decisions regarding pavement material selection, reflective pavement implementation,
and roadside vegetation planning aimed at reducing heat accumulation. Furthermore, detailed RST

mapping can help policy makers prioritize targeted cooling interventions in areas with dense road
infrastructure and high pedestrian exposure.

Overall, this study contributes to UHI-oriented thermal monitoring by demonstrating that multi-sensor
fusion techniques—previously emphasized in vegetation and agricultural applications (Wu et al., 2022;
Aboutalebi et al., 2022)—can be effectively adapted to urban road infrastructure. By providing spatially

refined yet physically consistent temperature estimates, the proposed framework offers a valuable
analytical tool for supporting urban heat mitigation strategies and climate-resilient infrastructure

planning in rapidly urbanizing environments.

Conclusion

This study developed and evaluated a fusion-driven thermal downscaling framework that
integrates high-resolution UAV RGB imagery with Landsat-derived Land Surface Temperature (LST)to
generate spatially refined Road Surface Temperature (RST)maps in an urban environment. By combining
thermal sharpening with machine learning regression, the framework effectively bridges the spatial-
temporal resolution gap between satellite and UAV platforms.

The Random Forest (RF) model demonstrated superior predictive performance compared to
Support Vector Regression (SVR), achieving stable generalization under five-fold cross-validation (Test
R2=0.66; RMSE =1.99°C). The limited difference between training and testing performance confirms the
robustness of the proposed modeling approach for heterogeneous urban road surfaces. Feature
importance analysis further revealed that the sharpened and bias-corrected Landsat-derived LST was the
dominant predictor, while UAV-derived spectral indices such as Excess Green (ExG) and VARI
contributed to refining sub-pixel thermal variability. These findings confirm that satellite thermal support

remains the primary driver of temperature estimation, whereas UAV spectral information enhances
spatial detail without compromising physical consistency.

Importantly, the proposed framework does not create independent fine- scale thermal
measurements beyond the native 100 m resolution of Landsat TIRS. Instead, it provides a statistically

defensible and physically constrained refinement of thermal patterns, preserving energy consistency
through block-wise bias correction. Compared with direct resampling approaches, this method offers a

more reliable strategy for improving spatial interpretability of urban thermal environments.

By extending multi-sensor fusion techniques—commonly applied in vegetation and agricultural
studies— to impervious urban road infrastructure, this research advances UHI- oriented thermal
monitoring and pavement thermographic analysis. The ability to generate high-resolution yet physically
consistent RST maps supports data-driven decision-making for pavement material evaluation, urban heat
mitigation strategies, and climate-resilient infrastructure planning under intensifying Urban Heat Island
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conditions.
Future work should explore physically based thermal sharpening methods and incorporate
additional multispectral or hyperspectral UAV data to further improve sub- pixel temperature

characterization and strengthen physical interpretability.
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Abstract

This study evaluated the biomechanical effects of High Tibial Osteotomy (HTO) and Distal
Femoral Osteotomy (DFO) on tibiofemoral load distribution in both varus and valgus knee deformities
using finite element analysis (FEA). Twelve three-dimensional 3D) wholelimb FE models were
reconstructed from computed tomography (CT) data under identical geometry, material properties, and
loading conditions to represent preoperative hip-knee-ankle (HKA) alignments of varus (J6°HKA) and
valgus +5°HKA), and their corresponding postoperative correction states. Varus and valgus deformities
were corrected to neutral alignment (0° HKA), with varus cases additionally evaluated under +5° HKA)
valgus overcorrection. All models were subjected to a 348 N load applied at the femoral head,
representing approximately half of body weight during double-leg standing. Prior to correction, the varus
knee demonstrated dominant medial compartment loading (72.7%:27.3%). MOWHTO shifted the load
toward the lateral compartment (34.81%:65.19% at 0° HKA; 31.11%:68.89% at +5° HKA), whereas
LCWHTO produced a smaller shift (36.2%:63.8%). DFO produced more moderate redistribution, with
MOWDFO yielding ratios of 38.13%:61.87% at 0° HKA and 30.76%:69.24% at +5° HKA, and LCWDFO
showing 37.93%:62.07%. In valgus alignment, lateral compartment loading predominated (31.9%:68.1%).
After correction to 0° HKA, LOWDFO and MCWDFO showed similar distributions (31.85%:68.15% and
30.99%:69.01%). In contrast, tibial-based corrections further increased lateral dominance, with LOWHTO
yielding 25.64%:7436% and MCWHTO yielding 26.97%:73.03%. Overall, varus correction was most

effective with HTO, whereas valgus correction was better addressed with DFO.
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Introduction

Osteotomy procedures, first introduced in the 16th century (Dabis et al., 2017) and significantly
refined from the 19th to the 21st centuries, have become standard joint-preserving treatments for
unicompartmental knee osteoarthritis (KOA) (Ferrera & Menetrey, 2022). KOA is a progressive joint
disease and one of the main causes of disability worldwide. It is characterized by cartilage breakdown,
bone remodeling, inflammation, and chronic pain. The condition is becoming more common due to

aging, obesity, sedentary lifestyles, and genetic or metabolic factors, which reduce mobility, limit daily

activities, and lower the quality of life. Treatment usually begins with conservative approaches such as
weight management, physiotherapy, pharmacologic therapy, including nonsteroidal anti-inflammatory
drugs (NSAIDs), and intra-articular injections to relieve symptoms and slow disease progression.

However, in advanced stages, when pain and functional limitations persist, surgical intervention may

be required. The two main surgical options are HTO and total knee arthroplasty (TKA), with TKA widely
regarded as an effective treatment for end-stage KOA when conservative measures fail (Silva Aratjo et
al, 2025). TKA provides significant pain relief and functional improvement; however, issues such as

tibial component malalignment, rotational errors, and abnormal biomechanical loading remain major

causes of implant failure, joint instability, and revision surgery (Diconi et al., 2025). Consequently, joint-

redistribution and such as HTO and DFO remain important alternatives, particularly for younger and
more active patients, as they preserve the natural joint structure, maintain more physiological load

distribution, and delay the need for joint replacement.

KOA has been a major focus of orthopedic research since the mid-20th century owing to its

high global prevalence and substantial impact on pain, function, and disability (Kellgren & Lawrence,
1957). As a degenerative condition, it primarily affects older adults, with progressive cartilage loss most

commonly occurring in the medial tibiofemoral compartment, leading to joint space narrowing and

varus malalignment, while lateral compartment degeneration results in valgus deformity. From a

biomechanical perspective, KOA represents a progressive mechanical failure in which cartilage

deterioration disrupts lower-limb alignment, increases joint stress, and accelerates structural
degeneration (Chantarapanich et al., 2009; Kim et al., 2024).Globally, KOA represents approximately
80% of all osteoarthritis cases and affects about 16% of adults, with prevalence rising sharply after age

40 and occurring more frequently in women (Cui et al., 2020). Nearly 45% of women over 65 report KOA
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symptoms, and about 70% show radiographic evidence of disease. Women often report more severe pain,
greater functional limitations, emotional distress, and reduced quality of life. KOA’s chronic and

progressive nature may also contribute to depression, sleep disturbances, and reduced vitality

(Asgaonkar & Ghugare, 2020). Although joint replacement provides clinical improvement, its use in
younger, active individuals remains debated due to implant wear and declining long-term survivorship
(Bergstein et al., 2024).

The knee is a mechanically complex joint that functions as a modified hinge, allowing flexion,
extension, and limited rotation, while articular cartilage facilitates smooth motion and load distribution

(Yan etal,, 2024). Lower limb alignment is commonly assessed using the HKA angle, a crucial parameter
for diagnosing deformities and planning surgical correction. Manual HKA measurement, however,
remains prone to variability (Kim et al., 2024). Alignment is typically classified as neutral (HKA =180°),
varus (HKA < 180°), or valgus (HKA > 180°) (Wu et al,, 2022, Xu et al., 2024a).Varus deformity involves

medial deviation of the mechanical axis, increasing medial tibiofemoral loading and cartilage stress

(Kim et al, 2024). This aligns with earlier findings by Chantarapanich et al. 2009), who reported
increased medial compartment stress in varus knees. HTO is a joint-preserving procedure that corrects

varus malalignment by shifting the mechanical axis laterally, thereby reducing medial compartment

loading. It is typically indicated for young, active patients with medial compartment KOA. However,
surgical outcomes depend on correction accuracy, as both under- and overcorrection adversely affect
long-term results (Zhang et al.,, 2023; Trad et al., 2018).

Medial open-wedge high tibial osteotomy MOWHTO) is the most widely used technique for
varus malalignment. It creates a medial opening gap in the proximal tibia to laterally shift the mechanical
axis (MA), thereby reducing medial compartment contact force and cartilage stress. This technique
enables precise alignment correction, preserves bone stock, and minimizes soft-tissue disruption,
resulting in favorable biomechanical outcomes (Liu et al., 2019). MOWHTO provides superior medial
compartment unloading and alignment accuracy compared to lateral closed-wedge HTO (LCWHTO),
although LCWHTO offers greater structural stability. However, MOWHTO carries a risk of lateral
hinge fracture (LHF), which may compromise construct stability and delay healing (Kang et al., 2020).

Furthermore, overcorrection in OWHTO is associated with increased complication rates without
improved functional outcomes, and comparable results between neutral and valgus overcorrection

indicate that the optimal alignment target remains uncertain (Xu et al., 2024b)In contrast, LCWHTO

corrects varus alignment by removing a lateral bone wedge, producing a compressive osteotomy that

enhances inherent stability. However, it requires more extensive soft-tissue dissection, increases the risk
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of cortical fracture, and is less effective in reducing medial compartment loading and knee adduction

moment (Sun et al, 2017; Lee et al, 2018; Liu et al,, 2019) Therefore, appropriate technique selection,
including OWHTO or tibial condylar valgus osteotomy (TCVO), is critical for maintaining joint stability
and optimizing load distribution (Higuchi et al., 2024).

Valgus deformity, characterized by a mechanical axis passing lateral to the knee center,

increases lateral tibiofemoral loading and accelerates lateral cartilage degeneration dsmailidis et al,,
2023). Although less prevalent than varus deformity, valgus malalignment poses greater biomechanical
and surgical challenges due to associated bony and soft-tissue abnormalities (Wu et al., 2022). DFO is

the preferred joint-preserving procedure for young, active patients with valgus alignment and lateral

compartment KOA, as most valgus deformities originate from the distal femur (Ferrera & Menetrey,
2022; Ismailidis et al.,, 2023). DFO can be performed as a medial closing wedge MCWDFO) or lateral
opening wedge (LOWDFO). MCWDFO and LOWDFO both restore alignment effectively but exhibit
different biomechanical characteristics. MCWDFO provides greater construct stability and allows

earlier weight bearing, whereas LOWDFO enables controlled angular correction but may require bone

grafting (Wylie & Maak, 2016; Ismailidis et al., 2023).FE studies show that slight varus overcorrection
(0°-10° in LOWDFO reduces lateral compartment stress but increases medial compartment loading,
indicating load redistribution (Wu et al,, 2022). In addition, MCWDFO and LOWDFO differ in hinge
mechanics and fracture risk (Meisterhans et al, 2023), al,, 2023; Ferrera & Menetrey, 2022). However,

the optimal correction angle remains unclear, with neutral alignment associated with more balanced

tibiofemoral load distribution (Bolcos et al, 2018; Li et al, 2020; Wu et al., 2022).

Despite extensive research on individual techniques, including outcomes using different

correction angles, patient-specific models, and varying experimental or computational conditions, these
comparisons are often conducted separately for tibial or femoral osteotomies and for open- or closed-
wedge techniques, rather than under identical conditions. As a result, biomechanical differences remain
unclear, and direct comparisons of open-and closed-wedge osteotomies at both tibial and femoral levels
under identical varus and valgus conditions still reamin. Therefore, the present study aims to compare
open- and closed-wedge HTO and DFO using identical 3D CT-based FE models to provide objective
biomechanical evidence for optimal technique selection. Accordingly, the study objectives are as

follows:

Research Objectives

This study has two objectives:
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1. To quantify changes in medial and lateral tibiofemoral load distribution in varus and valgus

knee alignments before and after correction, including correction to neutral alignment (0° HKA)
and additional valgus overcorrection +5° HKA)in selected varus cases, using FEA simulation
under static double-leg standing loading conditions.

2. To compare the biomechanical effectiveness of HTO and DFO in redistributing tibiofemoral
loads in varus and valgus knee deformities, under identical FE model conditions, to determine

whether tibial- or femoral-based correction is more appropriate.

Literature Review
The biomechanics of knee alignment has been extensively investigated using in silico, in vitro,
and in vivo methodologies, each offering unique insights into tibiofemoral load transmission and

osteoarthritis progression while also presenting distinct methodological challenges. Radiographic
severity of KOA is commonly assessed using the Kellgren-Lawrence (KL) classification system, first
introduced in 1957 and later endorsed by the World Health Organization (WHO)in 1961 (Asgaonkar &
Ghugare, 2020). From a methodological perspective, prior studies can be grouped into computational
(in silico), clinical (in vivo), and experimental (in vitro) approaches.

In silico approaches have played a foundational role in understanding mechanical alterations /n
silico approaches have played a foundational role in understanding mechanical alterations associated

with malalignment. Chantarapanich et al. 2009) reconstructed CT- and radiograph-based whole-limb

numerical models and demonstrated that varus alignment produces substantially increased medial

tibiofemoral stress compared with neutral alignment. Trad et al. (2018) further emphasized that

computational predictions of cartilage stress, meniscal load sharing, and osteotomy outcomes are highly

sensitive to lower-limb alignment, subject-specific anatomical variations, and soft-tissue modeling
assumptions. A major challenge of in silico modeling, therefore, lies in accurately replicating complex

anatomical geometries, material properties, and physiological boundary conditions, as these

assumptions can directly influence predicted joint reaction forces. More recent patient-specific FEA
illustrate the influence of alignment correction on joint biomechanics. Wu et al. 2022) reported that
correction toward neutral alignment optimizes medial-lateral stress distribution, whereas excessive
valgus overcorrection elevates medial compartment stress. Kang etal. (2020) and Pan et al. 2023)

demonstrated that surgical factors such as lateral hinge fracture configuration and bone graft position in

MOWHTO) significantly affect construct stability, ligament loading, and interfragmentary
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micromotion. Although FEA is beneficial for estimating internal stresses and forces that are inaccessible

through experimental means, model validation remains challenging because of the difficulty of directly

measuring in vivo tibiofemoral forces.

In vivo studies, by contrast, focus on physiological joint behavior, including neuromuscular

control, gait mechanics, and long-term biological responses, yet direct measurement of knee joint forces
is rarely feasible (Ferrera & Menetrey, 2022; Ismailidis et al., 2023; Zhang et al., 2023). Ethical concerns,

technical constraints, and tissue disruption associated with implantable sensors have limited clinical

research primarily to indirect assessment of joint loading (Chantarapanich et al., 2009; Trad et al,, 2018;
Wu et al,, 2022). Follow-up studies indicate that TKA is effective in treating valgus deformity; however,
valgus knees are associated with higher complication and revision rates compared with varus knees.

Common complications include ligament instability, patellar subluxation or fracture, and loosening

prosthesis, and longer operative time and hospital stay may further increase revision risk (Xu etal,
2024a). Given these challenges, comprehensive evaluation and long-term follow-up are essential to guide
clinical decision-making and postoperative rehabilitation. In this context, balance control has been
investigated in patients with varus deformity before and after HTO. It has been suggested that correction

of lower limb alignment through HTO can improve joint function and enhance postoperative postural

stability, potentially restoring impaired preoperative balance control to near-normal levels (Zhang et al,,
2023). MCWDFO) is often preferred because it provides reliable bone healing, strong stability, and
fewer hardware complications. Although the lateral opening-wedge technique allows easier adjustment
during surgery, it has been associated with delayed healing and higher hardware irritation. DFO has a
reported reoperation rate of 25-40%, mainly due to hardware removal or later conversion to total knee
arthroplasty. However, in properly selected younger patients, outcomes are generally favorable. Overall,
DFO effectively corrects valgus alignment, reduces pain, and improves knee function (Wylie &
Maak, 2016).

Elyasi etal. 2021) found that OWHTO) can increase posterior tibial slope, decrease patellar
height, and cause medial collateral ligament tightness due to wedge opening and soft-tissue changes.
Proper preoperative planning and biomechanical analysis are important to reduce these complications.

HTO is an important treatment for medial compartment osteoarthritis with varus deformity, as it shifts

the load-bearing axis laterally to improve alignment. Successful outcomes depend on understanding its
biomechanical effects on gait, joint mechanics, and contact forces. However, current research remains

limited, particularly in gait analysis, joint kinematics, and contact mechanics. Combining
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musculoskeletal modeling and computational analysis may improve understanding of patient-specific
biomechanics, optimize correction accuracy, and reduce complications (Liu et al,, 2019). Osteotomies

around the knee are reliable surgical options for young, active patients with unicompartmental

osteoarthritis or ligament instability. Successful outcomes depend on proper patient selection, accurate
preoperative planning, and precise surgical technique. Advances in software, 3D technology, and

navigation systems are expected to further improve surgical planning and intraoperative correction

accuracy (Ferrera & Menetrey, 2022).
Among the two principal techniques of HTO, MOWHTO) is the most frequently performed

due to its high correction accuracy and effective medial unloading, particularly when combined with

angular-stable fixation systems that reduce micromotion and support predictable bone healing (Liu
etal, 2019; Carranza et al, 2025; Chen et al., 2024; Kang et al., 2020).In MOWHTO), normal correction
targets neutral alignment to restore the mechanical axis, improve function, and reduce symptoms.

Neutral alignment has been shown to enhance knee function scores and is effective across different age

groups. Overcorrection shifts alignment beyond neutral to optimize stress distribution and prevent
recurrence, but it requires careful planning to avoid complications and ensure long-term success
(Osmani et al, 2024). In contrast, LCWHTO) may increase soft-tissue disruption and risk of cortical

fracture and offers less favorable control of varus moments and lateral instability, despite inherent

structural stability (Liu et al, 2019). Even with advancements in 3D alignment planning, challenges such

as hinge instability, alterations in posterior tibial slope, and delayed union persist, emphasizing the need

for precise surgical planning (Nakamura et al,, 2024; Liu etal., 2019). HTO is a widely utilized joint-

preserving intervention for young, active patients with medial compartment KOA, aiming to shift the
mechanical axis laterally, reduce medial loading, enhance function, and delay the need for total knee

arthroplasty (Elyasi et al,, 2021; Zhang et al ,2023).

Complementing computational research, in vitro biomechanical investigations provide

controlled experimental validation. Using synthetic femur models subjected to servo-hydraulic
mechanical testing, Karkosch et al. 2024) demonstrated that MOWDFO) stabilized with Tomofix plates
achieves axial and torsional stability comparable to the LOWDFO) technique. Cadaveric analyses by Li
etal. 2020) using ultra-low-pressure Fuji Prescale films similarly revealed progressive increases in

medial tibial plateau stress with worsening varus deformity and corresponding increases in lateral stress

in valgus deformity following malunited tibial fractures. Although in vitro methods provide highly

repeatable force measurements, they are limited by simplified loading conditions, lack of dynamic

muscle forces, and absence of long-term physiological adaptation. Nonetheless, these results confirm
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that coronal malalignment significantly alters tibiofemoral load distribution.
For valgus deformity, two major of DFO techniques are commonly applied: CLOWDFO) and
MCWDFO)(Wylie & Maak, 2016; Ferrera & Menetrey, 2022; Ismailidis et al., 2023). LOWDFO allows

controlled coronal-plane correction and may be beneficial when significant angular adjustment or

leg-length restoration is required (Wylie & Maak, 2016; Ferrera & Menetrey, 2022). However, its

success depends on maintaining medial hinge integrity; larger corrections markedly increase hinge

strain, implant stress, and fracture risk (Wu et al, 2022; Meisterhans et al., 2023). MCWDFO, involving

wedge resection and direct bone contact, provides greater initial stability, reduced hinge complications,

and faster weight-bearing progression (Wylie & Maak, 2016; Ismailidis etal, 2023; Duethman
etal, 2019). Clinical evidence suggests MCWDFO is generally favored due to more reliable union,
lower complication rates, and enhanced stability (Ferrera & Menetrey, 2022; Ismailidis et al., 2023).

Nonetheless, selection of the appropriate technique must be individualized, considering deformity

origin, correction magnitude, limb-length considerations, and surgeon expertise (Wylie & Maak, 2016;
Ferrera & Menetrey, 2022).

Across all investigative approaches, direct in vivo measurement of tibiofemoral forces remains
the most challenging, whereas in vifro methods enable controlled testing but lack full physiological
realism, and in silico modeling can evaluate internal stresses and joint force transmission but depends

on modeling assumptions. However, existing studies are often conducted separately, providing
insufficient direct comparison between tibial and femoral corrections as well as between open- and
closed-wedge techniques under identical conditions. Previous studies using in vivo, in vitro, and in silico

approaches consistently demonstrate a biomechanical tendency in which varus alignment increases

medial loading, while valgus alignment shifts load laterally. However, variations in methodology,

differences in modeling assumptions, and challenges in mechanical model validation, in addition to the
absence of direct comparison between osteotomy techniques under consistent conditions, indicate that

the optimal correction strategy remains insufficient.
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Picture 1: Coronal-plane lower limb alignments illustrating (a) varus malalignment, (b) neutral

mechanical axis, and (¢) valgus malalignment. The red line represents (HKA) angle.

Research Methodology
This protocol of the study was approved for exemption by the Kasetsart University Research

Ethics Committee. This study adopted a 3D FE modeling framework to investigate the biomechanical

effects of osteotomy technique, correction level, and alignment strategy on tibiofemoral load

distribution in knees with coronal-plane malalignment. 3D computational knee and lower-limb

geometries were reconstructed from CT data, after which the mechanical axis was defined, and virtual

osteotomy corrections were applied. Both tibial-based and femoral-based osteotomy strategies,

incorporating open- and closed-wedge configurations, were evaluated under neutral and valgus

overcorrection conditions using a design-of-experiments (DOE) in Table 1. Material properties,

boundary conditions, contact definitions, and loading protocols were applied consistently across all

simulations to isolate the mechanical effects of alignment correction.

Table 1 Conditions under study

No. Alignment  Osteotomy Type Osteotomy Technique Target HKA Alignment

1 Varus No osteotomy N/A ([16°
2 Varus HTO Medial open-wedge 0°
3 Varus HTO Medial open-wedge +5%
4 Varus HTO Lateral closed-wedge 0°
5 Varus DFO Medial open-wedge 0°
6 Varus DFO Medial open-wedge +5%
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7 Varus DFO Lateral closed-wedge 0°
8 Valgus No osteotomy N/A +59
9 Valgus DFO Lateral open-wedge 0°
10 Valgus DFO Medial closed-wedge 0°
11 Valgus HTO Lateral open-wedge 0°
12 Valgus HTO Medial closed-wedge 0°

1. CT Acquisition, Segmentation, and Three-Dimensional Reconstruction
High-resolution CT data of the right lower limb from a 28-year-old female subject (body weight:
71 kg) with a healthy knee joint without injury were acquired using a Philips Spectral CT 7500 system.
The scan generated 256 axial Digital Imaging and Communications in Medicine (DICOM) slices
extending from the femoral head to the distal tibia and fibula. During image acquisition, the subject was

positioned with the limb fully extended and relaxed in a neutral anatomical posture to preserve the
physiological HKA alignment, as joint flexion or rotational malalignment can affect mechanical-axis

(MA) interpretation and compromise the accuracy of alignment-based FE modelling. CT imaging was
performed to obtain accurate bony geometry of the knee joint for subject-specific modeling. Although

CT provides high geometric fidelity for osseous structures, it has limited capability in capturing soft

tissues due to low radiodensity, and validation of CT-based models remains challenging because joint
mechanics is complex (Trad et al., 2018). The DICOM datasets were imported into 3DSlicer (Slicer.org)
for image segmentation and 3D reconstruction. Bone segmentation was performed using Hounsfield
Unit (HU) thresholding to differentiate tissue densities. Cortical bone was defined within a higher HU
range (approximately 643-2012 HU), whereas cancellous bone was identified within a lower HU range
(approximately 129-642 HU), allowing separate reconstruction of cortical and cancellous components
(Pan et al., 2022). To enhance segmentation accuracy, refinement techniques including region growing,

dynamic region growing, Boolean operations, and mask editing were applied to eliminate artefacts and
restore thin cortical boundaries, particularly in regions with complex geometry or variable cortical
thickness (Pan et al., 2022) Following segmentation, the segmented contours from sequential CT slices
were merged to generate to generate 3D surface geometries of the femur, tibia and fibula following
established CT-based musculoskeletal modeling workflows (Chantarapanich et al., 2009).

Since soft tissues such as femoral cartilage, tibial cartilage, medial and lateral menisci, and the

primary knee ligaments (anterior cruciate ligament, posterior cruciate ligament, medial collateral
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ligament, and lateral collateral ligament) are not clearly visible on CT images, they were reconstructed

in later modeling stages based on validated anatomical references from previously established FE knee

models. Ligaments were included to provide joint stability, whereas muscles and tendons were not
explicitly modeled; instead, external loads and moments were applied directly to the model (Trad et al,,
2018). Following segmentation, the femur, tibia, and fibula geometries were exported as
stereolithography (STL) files and imported into Geomagic Studio for surface refinement. Topological

corrections were applied to eliminate non-manifold edges, intersecting triangles, and small surface

perforations introduced during segmentation. Surface smoothing and validation were then performed to

ensure watertight, high-quality geometries appropriate for FEA, in accordance with established

CT-based musculoskeletal modelling workflows. The refined bone models were subsequently

transferred to VISI to generate final 3D geometries suitable for MA construction and FE simulations

(Chantarapanich et al.,, 2009) (Pan et al,, 2022).

2. Surface Refinement, Mechanical-Axis Construction, and Alignment Characterization

CT-derived surface models of femur, tibia, and fibula were refined in Geomagic Studio to
correct segmentation-related artifacts and ensure watertight, anatomically accurate geometries suitable
for FEA. Topological repair and targeted manual refinement were applied in complex joint regions to
preserve surface curvature and enable reliable contact behavior in subsequent simulations (Kang et al.,
2023). The finalized models were then transferred to VISI (Hexagon AB, Sweden) for mechanical-axis
evaluation and osteotomy planning. MA determination followed a standardized reference-based method.
The hip joint center was identified using least-squares sphere fitting of the femoral head (Mahaisavariya
etal, 2002), while the knee and ankle joint centers were defined as the midpoints of the femoral condyles

and tibial plafond, respectively.
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Picture 2: CT-Based HU Thresholding, Anatomical Segmentation, and Initial 3D Reconstruction of
the Lower Limb.

These landmarks were used to construct the (HKA) angle following the procedure described by
Chantarapanich (2010), providing an accurate assessment of coronal-plane limb alignment. Based on this
approach, the reconstructed limb exhibited a varus alignment of approximately ([16° HKA) and a valgus
alignment of approximately +5° HKA). These quantified alignment conditions established a reliable

geometric and biomechanical baseline for subsequent corrective osteotomy simulation and comparative

FEA.

3. Osteotomy Modelling and Alignment Correction
Virtual osteotomy planning was performed using VISI software, following established clinical

guidelines and correction ranges commonly reported in FE and clinical osteotomy research. For the
varus knee (baseline alignment: [16°HKA), HTO was designed with two postoperative alignment targets:
restoration to (0° HKA) and overcorrection +5° HKA). These correction angles are consistent with the
classical Fujisawa principle, which recommends positioning the weight-bearing line at 62-70% of the
lateral tibial plateau, corresponding to roughly +3° to +6° of valgus, and is widely recognized to
effectively unload the medial compartment (Fujisawa et al., 1979). Overcorrected knees are commonly

used because patients with a valgus alignment of 3° or greater have been reported to achieve better

clinical outcomes and higher postoperative survival rates (Liu et al., 2019). Xu et al. 2024b) showed
clinically that patients with a WBLR above 62.5% fall within the valgus overcorrection zone. Correcting
varus deformity too much (overcorrection) may not greatly affect clinical results within the first five

years OWHTO). However, it can increase the risk of postoperative complications and may cause greater
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compensatory inward movement adduction) of the hip. Based on this evidence, correcting the (6°HKA)
varus limb to 0° and +5° provided clinically meaningful and biomechanically validated endpoints for
the HTO models. For the valgus knee, DFO planning was guided by the findings of Wu et al. 2022,
who modelled LOWDFO corrections from 0° to 10° of induced varus (equivalent to 180°-170° HKA).
Their results demonstrated that neutral or slight varus (0°-2°) produced balanced medial-lateral stress
distributions, whereas stronger varus overcorrection resulted in sharply elevated medial stresses.
Therefore, valgus models were corrected only to neutral alignment (0° HKA).

For the varus limb, proximal tibial osteotomies were modeled as MOWHTO and LCWHTO. In
(MOWHTO), the osteotomy plane was positioned 35-40 mm below the tibial plateau in the metaphyseal
region, extending from the medial cortex toward the lateral metaphysis (Liu et al, 2019; Koh et al., 2019;
Pan et al,, 2022). Hydroxyapatite, a commonly used material in implant applications, was selected as the

simulation material in this study, following evidence that posterior graft support improves medial gap

stability and posterior cortical load distribution (Pan et al., 2022). The specifications, such as wedge size
and correction angle, have been detailed in previous studies (Liu et al,, 2019; Koh et al., 2019; Pan et

al, 2022; Wu et al., 2022).

Picture 3: (3 3D model of varus osteotomy showing neutral and overcorrection alignments; (b)3D

modeling of a valgus osteotomy in neutral alignment.

4. Material Properties, Mesh Generation, and Boundary Conditions
All materials in the FE models were assumed to be homogeneous, isotropic, and linearly elastic,

following standard assumptions widely used in static knee FEA (Chantarapanich et al.,, 2009; Trad et
al,, 2018). Material properties listed in Table 2 for cortical and cancellous bone, cartilage, menisci,

ligaments, and hydroxyapatite graft material were assigned based on previously published studies

(Chantarapanich et al.,, 2009; Pan et al., 2022)Meshing was performed with four-node linear tetrahedral
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elements were used for meshing, with regional refinement applied to contact interfaces, ligament
attachment zones, and osteotomy regions to enhance numerical accuracy without compromising

computational efficiency (Donahue et al., 2003; Pena et al., 2006).A maximum element size of [11.5 mm
was selected to balance accuracy and computational cost (Donahue et al, 2003; Pefia et al., 2006;
Chantarapanich et al., 2009; Pan et al., 2022).

Mesh densities ranged from 0.8-1.5 mm for cortical bone, 0.6-1.0 mm for cancellous bone and
cartilage, and ~0.6 mm for ligaments. Models were analyzed in Marc Mentat (MSC Software, USA).
The distal tibia and fibula were fully constrained, and a vertical load of 348 N (50% body weight) was
applied at the femoral head along the mechanical axis to simulate double-leg standing (Chantarapanich,
2010; Wu et al,, 2022; Xu et al., 2024b).Frictionless contact was defined between cartilage and menisci,
while ligaments were modeled using tied constraints. Nonlinear static analyses were performed to
extract medial and lateral meniscal contact forces. Each whole-limb model included articular cartilage
and ligaments to preserve realistic alignment-dependent load transfer (Chantarapanich, 2010; Wu et al,,
2022). The number of elements ranged from approximately 253,000 to 897,000 depending on the
deformity type and osteotomy configuration. All meshes were verified for element quality, ligament
attachments, and contact definitions prior to simulation (Trad et al., 2018). All modeling procedures and

assumptions were applied consistently across all cases to ensure reproducibility and fair comparison

between osteotomy configurations.

Point Load

Posterior, A\
\\\‘«‘\“‘

v

Tibial plateau

2\ a
et
7 Anterior

Fully constrained

Picture 4:3D lower-limb model with applied loading and boundary conditions, highlighting the tibial

plateau orientation (anterior, posterior, medial, and lateral)
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Table 2 Material Properties

Region Modulus of Elasticity Poisson’s Ratio

MPa)

Femur, tibia and fibula

Cortical bone 17,000 03
Cancellous bone 600 03
Articular cartilage and 12 045
meniscus
Ligaments
ACL 3450 04
PCL 3450 04
MCL 3322 04
LCL
3450 04
Hydroxyapatite graft 11000 025

Source: (Chantarapanich et al., 2009; Pan et al., 2022)

Results

The results indicate that varus and valgus malalignments produce opposite medial-lateral

tibiofemoral load ratios, and that the effectiveness of correction strongly depends on the anatomical

level and technique of the osteotomy. In the pre-correction varus knee (Case 1), loading exhibited a
pronounced medial-lateral imbalance toward the medial compartment (medial: 72.7%, lateral: 27 3%).
Following correction, MOWHTO (Cases 2-3) achieved the most pronounced redistribution of load. At
(0° HKA) correction (Case 2), load sharing shifted to (medial: 34.81%, lateral: 65.19%), while mild valgus
overcorrection (Case 3) further altered the distribution to (medial: 31.11%, lateral: 68.89%), indicating
unloading of the medial compartment. In comparison, femoral-based correction using DFO (Cases 5-7)
produced less pronounced changes, with medial-lateral load sharing ranging from (medial: 38.13¢%,
lateral: 61.87+%) at (0° HKA) (Case 5)to amedial: 30.76%, lateral: 69.24%)under valgus overcorrection (Case
6). Although Case 4 reduced medial loading to (medial: 36.2%, lateral: 63.8%), this redistribution was less
effective than that achieved with MOWHTO.

In the pre-correction valgus knee +5° HKA, Case 8), force transmission was dominantly lateral

(medial: 31.9%, lateral: 68.1%). Femoral-based correction produced the most effective redistribution in this
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setting: LOWDFO (Case 9) restored a similar load distribution (medial: 31.85%, lateral: 68.15%), while
MCWDFO (Case 10)resulted in a comparable pattern (medial: 30.99%, lateral: 69.01%). In contrast, tibial-
based corrections in valgus knees (Cases 11-12) further shifted loading laterally to (medial: 25.64%,
lateral: 74.36%) and (medial: 26.97%, lateral: 73.03%), respectively. These results indicate that 0° HKA

alone is insufficient to substantially redistribute tibiofemoral load in valgus knees, and that slight varus

overcorrection may achieve more effective medial-lateral load redistribution. Overall, these findings

demonstrate that varus deformity is most effectively corrected using MOWHTO, whereas valgus

deformity is more appropriately addressed using femoral-based DFO, with correction at the anatomical
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origin of the deformity yielding more favorable tibiofemoral load distribution.
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Picture 5: Results of Tibiofemoral Contact Force Distribution of (a)Varus and (b)Valgus correction
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Discussion

This study used a numerical FEA method to evaluate tibiofemoral load distribution before and
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after alignment correction in varus and valgus knees. The aim was to understand how the level of
osteotomy (tibia or femur) affects load redistribution under the same modeling conditions. Before

correction, varus alignment showed higher stress in the medial compartment, while valgus alignment

showed higher stress in the lateral compartment. Some points of these findings agree with previous
studies (Chantarapanich et al.,, 2009; Wu et al., 2022). Biomechanically, this happens because changes
in the HKA angle shift the mechanical axis and change the joint moment at the knee. In neutral
alignment, the load passes near the center of the knee, allowing balanced load sharing In varus
alignment, the axis shifts medially, increasing the adduction moment and medial compressive force. In

valgus alignment, the axis shifts laterally, increasing the abduction moment and lateral compressive

force (Chantarapanich et al.,, 2009; Li et al., 2020).

After correction, the improvement in load distribution depended on both the correction angle

and the level of deformity. In varus knees, MOWHTO) provided the greatest reduction in medial stress.
Correction to (0° HKA) reduced medial loading, and mild valgus overcorrection +5° HKA) further
improved load balance, like previous findings (Liu et al, 2019; Pan et al, 2022). DFO also reduced
medial stress in varus knees but was less effective at (0° HKA), likely because most varus deformities
come from the tibia (Martay et al, 2018). In valgus knees, femoral-based correction, especially

LOWDFO, more effectively reduced lateral overload and restored better balance between

compartments. Tibial-based correction increased lateral stress, supporting recommendations that
femoral osteotomy is more suitable for valgus deformity dsmailidis et al., 2023).

However, it is important to distinguish between what is directly demonstrated by the model and

what can be interpreted as a potential clinical implication. In the present study, some corrected valgus
cases showed only minimal changes in medial-lateral load ratios compared to the pre-correction
condition. This indicates that correction to 0° HKA does not necessarily result in substantial load
redistribution. Biomechanically, this occurs because the correction angle is insufficient to shift the
mechanical axis adequately toward the medial compartment, and the weight-bearing line remains
relatively close to the lateral side, maintaining lateral load dominance (Wu et al., 2022; Li et al., 2022).

Therefore, while alignment correction toward neutral reduces excessive lateral loading, it does not

always achieve effective redistribution. In contrast, slight varus overcorrection shifts the mechanical

axis further toward the medial compartment, allowing a more effective transfer of load away from the

lateral side and resulting in a more favorable distribution pattern. This is consistent with previous

findings, where slight varus alignment produced more effective stress redistribution in valgus knees

compared to neutral alignment (Wu et al., 2022). However, excessive varus correction should be avoided,
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as it may increase medial compartment loading and risk degeneration.

From a surgical point of view, HTO is performed to correct varus deformity and reduce medial

compartment overload. The two main techniques are MOW and LCW. LCW provides strong stability
and allows earlier weight-bearing, but it removes bone, may shorten the limb, and carries a higher risk
of nerve injury. MOW preserves bone and allows more precise correction of the mechanical axis, and

makes future knee replacement easier, although it may have a slightly higher risk of nonunion or tibial

slope changes. Between two techniques, MOWHTO is increasingly preferred because it preserves bone
and provides better control of alignment, while LCW is valued for its stability. HTO is generally
preferred for varus deformity. (Li et al.,, 2021). DFO is used to correct valgus malalignment and reduce
lateral compartment overload. The two main techniques are LOW and MCW. LOWWDFO allows

gradual and precise correction and preserves bone stock, but it is less stable and has a higher risk of

hinge fracture or delayed healing. In contrast, MCWDFO removes a bone wedge and compresses the
osteotomy site, providing greater mechanical stability, higher stiffness, and more reliable bone healing.

Overall, MCWDFO is often preferred due to its superior stability and predictable outcomes, while
LOWDFO is selected in specific cases depending on deformity type and surgical (Ferrera & Menetrey,

2022). These findings highlight the importance of anatomy-based surgical decision-making. Osteotomy
should be selected according to the origin of the deformity and its mechanical effect: tibial-based
correction (especially MOWHTO) is more effective for varus knees, while femoral-based correction
MCWDFO or LOWDFO) is more appropriate for valgus knees. Although the ideal correction angle
remains debated, mild overcorrection may improve load redistribution. Overall, alignment-guided

planning based on biomechanical principles can optimize postoperative load balance and potentially

reduce long-term joint degeneration.
Some limitations of this study should be recognized. The analysis was performed under static
loading conditions. In addition, simplified material properties were used in the knee model, as cartilage,

menisci, and ligaments were represented using linear elastic, homogeneous, and isotropic material

properties without subject-specific ligament characteristics. Furthermore, only correction angles of (0°
HKA and +5° HKA) were evaluated. The application of more advanced material models, such as

nonlinear or hyperelastic properties for soft tissues, and inclusion of dynamic loading conditions may

provide more precise biomechanical results and should be addressed in future investigations.

Conclusion

This study evaluated tibiofemoral load distribution in varus and valgus knees before and after
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alignment correction using FEA. The results showed that load distribution is strongly dependent on the
HKA angle. Varus alignment increased medial compartment loading, while valgus alignment increased
lateral compartment loading. For varus knees, tibial-based correction especially MOWHTO) showed the
greatest reduction in medial loading. Correction to neutral alignment (0° HKA) reduced medial load, and
mild valgus overcorrection (+5° HKA) further improved load redistribution. For valgus knees, femoral-
based correction particularly (LOWDFO) more effectively restored mediolateral load balance by
reducing excessive lateral compartment loading. Tibial-based correction in valgus alignment was less
favorable in terms of load redistribution. Overall, the findings suggest that optimal load distribution
depends on both the correction HKA angle and the anatomical level of osteotomy. Tibial-based
osteotomy may be more suitable for varus deformity, while femoral-based osteotomy may be more
appropriate for valgus deformity under static loading conditions.

Overall, FEA is a reliable numerical method for evaluating knee biomechanics; however, it

provides approximate results rather than absolute accuracy. The findings of this study demonstrate that

tibiofemoral load distribution varies with HKA alignment, showing clear tendencies of load transfer

between the medial and lateral compartments. Despite the use of a simplified model and underlying

assumptions, including limited mechanical validation, the results remain consistent under controlled

conditions. Furthermore, the observed outcomes are primarily influenced by alignment correction and
input parameters rather than the specific knee model used. Therefore, this approach is suitable for

analyzing biomechanical tendencies and enabling comparative evaluation of load distribution changes.

Recommendations
Future studies should consider dynamic loading conditions and muscle forces to better represent

physiological knee mechanics. The use of nonlinear and viscoelastic material models, subject-specific

ligament properties, and a wider range of correction angles would improve physiological accuracy and

enhance the clinical applicability of numerical models for individualized osteotomy planning. The

mechanical links between postoperative alignment and complications including plate failure, cartilage

degeneration, and nonunion are still not clearly defined, and a standardized “safe correction angle~ has

yet to be established.
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Abstract

Objective: To demonstrate the influence of sliding and non-sliding boundary condition on the
biomechanical behavior of bone-borne mini screw-assisted rapid palatal expansion (MARPE) using
three-dimensional finite element analysis, with particular emphasis on stress distribution and mid palatal
suture opening effectiveness.

Materials and Methods: A three-dimensional finite element model of a bone-borne MARPE
system was constructed based on Cone Beam Computed Tomography (CBCT) data from a 20-year-old
male patient. Two numerical models with identical geometry, material properties, loading conditions,
and global cranial constraints were developed. The difference between the models was the internal
boundary condition of the MARPE system: a non-sliding boundary condition and a sliding boundary
condition along the connector. Von Mises stress in the MARPE body and mini screws, major principal

stress in cortical and cancellous bone, and mid palatal suture opening at anterior and posterior points
were evaluated following 0.16 mm of expander activation.

Results: The two boundary condition models demonstrated markedly different biomechanical
responses. The non-sliding model exhibited lower von Mises stress in both the MARPE body and mini
screws, as well as reduced major principal stress in cortical bone. However, it produced limited mid
palatal suture opening and a pronounced V-shaped expansion pattern. In contrast, the sliding boundary
condition resulted in greater anterior suture opening, a higher posterior-to-anterior expansion ratio, and
a more parallel expansion pattern, despite increased localized stress concentration at the mini screw-
cortical bone interface.

Conclusions: Sliding contact assumptions may better reflect the clinical activation mechanics
of bone-borne MARPE by permitting effective lateral force transmission and producing expansion
patterns closer to clinical observations. Although non-sliding assumptions reduce stress magnitudes,
they may artificially constrain the expander mechanism and underestimate mid palatal suture opening.

Therefore, boundary condition selection should be explicitly justified to ensure clinically meaningful
finite element predictions in MARPE research.

Keywords: MARPE, Mini Screws, Expansion, Boundary Conditions, Mid Palatal

Introduction

Mini Screw-Assisted Rapid Palatal Expansion MARPE) has been widely used for the treatment

of maxillary transverse deficiency, posterior crossbite or buccal corridor treatment to improve smile
aesthetic, particularly in late adolescents and adults, as it increases skeletal expansion and reduces
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dentoalveolar side effects compared with conventional tooth-borne expanders. (Choi et al, 2016;
Brunetto et al., 2017) MARPE was invented in 2010 by professor Kee Joon Lee who used tooth-bone
borne design (Lee et al., 2010) and after that, a lot of studies have demonstrated that bone-borne MARPE

systems can generate effective lateral expansion forces through mini screws directly anchored in the
maxillary bone. (Lin et al, 2015) Finite element (FE) analysis has been widely applied to check the

biomechanical behavior of MARPE, including maxillary displacement, stress distribution, and mid-
palatal suture response. However, it is well recognized that the predictive accuracy of FE strongly
depends on modeling assumptions, particularly the definition of boundary conditions (Jafari et al., 2003).

Previous orthodontic FE studies have shown that different boundary condition formulations, such as
bonded, tied, frictionless, or frictional contact can substantially alter predicted force transmission and
deformation patterns Jafari et al, 2003; Gautam et al, 2007; Rivera-Tapia et al,, 2025). Despite the

acknowledged importance of boundary conditions, some papers focused on and indicated boundary
conditions is one of important methodology in FE analysis (Rivera-Tapia et al., 2025). Nevertheless, the

way expansion forces are generated by the MARPE device itself and transmitted laterally under
different boundary condition assumptions has not been explicitly addressed. In particular, the effect of

sliding versus non-sliding boundary conditions on the lateral force generation and transmission
mechanism of bone-borne MARPE remains unconclusive.

Research Objectives

1. The objective of this study was to assess the effect of sliding and non-sliding boundary
condition assumptions on the biomechanical predictions of a FE model of bone-borne MARPE.

2. To evaluate whether sliding boundary conditions provide a more clinically relevant
representation of bone-borne MARPE mechanics than non-sliding boundary conditions.

Literature Review

FE analysis in orthodontics, particularly in studies involving MARPE, is highly dependent on
the definition of boundary conditions, as these directly govern force transmission, stress distribution,
and deformation patterns within numerical models. Accordingly, methodological guidelines emphasize

the need for clear and transparent reporting of boundary condition strategies to ensure reproducibility
and meaningful interpretation of results. Previous studies have highlighted that appropriate specification

of boundary conditions and loading configurations represents a fundamental step in FE modeling;
furthermore, improving the clinical applicability of orthodontic FE analysis requires detailed anatomical
reconstruction, physiologically relevant boundary conditions, and validation against longitudinal CBCT
data (Rivera-Tapia et al.,, 2025; Singh et al., 2016). Such methodological advancements are essential for

the development of evidence-based, patient-specific MARPE protocols and for improving treatment
planning, safety, and long-term stability. Most existing MARPE FE studies have adopted conservative

boundary condition formulations focused primarily on global cranial stability, typically by fixing nodes
at the foramen magnum in all translational and rotational directions (Mamboleo et al., 2024; Sucu et al,,

2021; MacGinnis et al., 2014)

While this approach effectively prevents rigid-body motion of the craniofacial model, these studies have
predominantly emphasized outcome-based parameters, such as stress distribution and skeletal
displacement. In contrast, the underlying mechanical mechanisms by which expansion forces are

generated and transmitted through the MARPE appliance itself have received comparatively limited
attention.

From a modeling perspective, boundary conditions in orthodontic FE analyses can be broadly
categorized into global cranial constraints and internal contact definitions within the appliance-bone

system. Although cranial fixation strategies are widely reported in the MARPE literature, internal
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boundary conditions governing appliance activation mechanics, such as relative motion between
expander components have rarely been systematically investigated. Consequently, a clear gap exists in

literature, as no previous studies have directly compared sliding and non-sliding boundary condition
assumptions with respect to lateral expansion force transmission in bone-borne MARPE designs.

Research Methodology

1. Study design
A three-dimensional FE analysis was conducted to compare sliding versus non-sliding boundary
condition assumptions on lateral expansion force transmission in a bone-borne MARPE design. Two

numerical models were established that were identical in geometry, material properties, mesh density,
loading protocol, and global constraints; the only difference between models was the boundary
condition definition governing relative motion within the MARPE assembly (sliding vs non-sliding).

Craniofacial geometry of the maxilla and adjacent cranial structures was reconstructed from CBCT data
of male patient, which were segmented using Blue Sky Plan (Blue Sky Bio Digital, US) to generate

Stereolithography (STL) files representing the cortical bone, cancellous bone, and mid palatal region.
The STL models were subsequently imported into CAD software (VISI, Hexagon AB, Sweden) for
surface refinement, solid modeling, and integration with the MARPE appliance geometry. A bone-borne
MARPE Sel'P appliance and 4 mini screws designed from Professor Kee Joon Lee and manufactured
by Myungsung Company (South Korea) was modeled in CAD software and positioned on the palate
according to the clinical design in the middle position. The expander body and connecting body were
defined as stainless steel. Four mini screws (1.8 mm x 12 mm) were modeled and inserted in the middle

palatal position, corresponding clinically to the interradicular level between the maxillary second
premolar and first molar on both sides, following a symmetrical configuration. The screws insertion

through 4 holes of MARPE with depth and engagement length were standardized across models. MSC
Marc®, MSC software was used for the FE analysis. The von Mises stress distributions after 0.16 mm
of MARPE and Mini screws were evaluated as 2 cases with different boundary conditions.
All materials were assumed to be homogeneous, isotropic, and linearly elastic. Elastic properties
were assigned based on commonly used craniofacial FE analysis values. Representative values include:
[1 Cortical bone: E=15,000 MPa, v=0.30
[1 Cancellous bone: £=1,000 MPa, v =030
[0 MARPE body (Stainless Steel): £[1200,000 MPa, v =030
[0 Tooth (Dentin): £ [120,000 MPa, v=030
[J Titanium alloy mini screws (T: £ 110,000 MPa, v =034
To prevent rigid-body motion of the skull model and ensure numerical stability, nodes at the

foramen magnum region were determined as the boundary condition, and all the displacements
were restricted to this area, the 2 parts of the maxilla were separated so that they could move
with expansion forces laterally with respect to the vertical plane of symmetry. The 2 boundary-

conditioning scenarios were defined:

[1 Model A - Non-sliding boundary condition with only 1 boundary condition at the foramen
magnum, as shown in Figure 1@

[1 Model B -Sliding boundary condition was designed same with model A but with 2 boundary

conditions, 1° at foramen magnum same as Model A and 2™ at the MARPE body with lateral
side, as shown in Figure 1(b)
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Picture 1: @ Model A with 1% boundary condition, and (by Model B with the 2™ boundary conditions

Results

Two FE models representing sliding and non-sliding boundary condition scenarios were
evaluated. Outcome measures included the von Mises stress distribution within the MARPE appliance
and the four mini screws, major principal stress of cortical and cancellous bone, as well as the magnitude
of mid palatal suture opening measured at the anterior point and posterior point to compare the
effectiveness of two techniques and V shape opening result. The two boundary condition scenarios,
sliding and non-sliding, produced markedly different biomechanical responses in terms of expansion

effectiveness, stress distribution, and mid palatal suture opening.

1. Comparison of Von Mises Stress in MARPE appliance, mini screws and major
principal stress between 2 boundaries condition.

1.1 Von Mises Stress

The sliding and non-sliding boundary condition models produced distinct von Mises stress
profiles in both the MARPE body and mini screws. Under the sliding boundary conditions, the von
Mises stress within the MARPE body was 728 56 MPa, whereas the peak von Mises stress among the
four mini screws reached 1598.64 MPa. In contrast, under the non-sliding boundary conditions, the
MARPE body exhibited a markedly lower von Mises stress of 253.55 MPa, and the mini screws showed
a reduced peak stress of 91045 MPa.

Overall, when considering von Mises stress magnitude alone as an indicator of mechanical
safety, the non-sliding boundary condition demonstrated a more favorable state of stress, with
substantially lower stresses in both the MARPE body (253.55 MPa vs. 728.56 MPa) and the mini screws

91045 MPa vs. 1598.64 MPa) compared with the sliding condition. These results indicate that allowing

sliding at the defined interfaces led to increased stress concentration at the mini screw level and higher
stress within the appliance body. The result was shown in Picture 2.

1.2 Major Principal Stress Result

Major principal stress in the surrounding bone also differed between the two boundary
condition scenarios. In the sliding model, the maximum major principal stress in the cortical bone

reached 221.13 MPa, almost twice the value observed in the non-sliding model (112.24 MPa). In contrast,
stress levels in the cancellous bone were low and similar in both models, measuring 8.31 MPa for sliding
and 8.64 MPa for non-sliding. These results suggest that allowing sliding promotes greater stress transfer

to the cortical bone, while cancellous bone stress is relatively unaffected by the choice of boundary
condition. The result was shown in Picture 3.
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2. Effectiveness of mid palatal suture opening effectiveness between 2 boundaries
condition

2.1 Mid palatal suture opening effectiveness

The two boundary condition models showed differences in both the amount and pattern of mid
palatal suture opening, In the non-sliding condition, the opening at the anterior point was limited to 0.016

mm and posterior point is 0.006 mm. In contrast, the sliding condition produced a larger anterior opening
0f 0.077 mm and posterior point 0.044 mm, corresponding to more than a twofold increase. Both models
exhibited a V-shaped expansion pattern, with greater opening anteriorly than posteriorly; however, the
degree of parallelism differed. The posterior-to-anterior expansion ratio was higher in the sliding model
(0.044,0.077 1 0.57) than in the non-sliding model (0.006/0.016 [J 0.38), indicating a less V shape and a
more parallel expansion pattern when sliding was permitted. The result was shown in Picture 4 and 5.

Von Mises Stress Comparison Under Different Boundary Conditions

1600 I MARPE

B Mini-screws

1400 A

1200 -

1000 -

800 ~

600

Von Mises Stress (MPa)

Sliding Non-Sliding

Picture 2: Comparison of von Mises stress distribution in the MARPE body and mini screws under

sliding and non-sliding boundary conditions
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Major Principal Stress in Bone Under Sliding vs Non-Sliding Conditions
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Picture 3: Comparison of major principal stress in cortical and cancellous bone under sliding and non-

sliding boundary conditions

Comparison of Anterior and Posterior Expansion
Under Sliding and Non-Sliding Boundary Conditions
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Picture 4: Comparison of anterior and posterior suture opening result under sliding and non-sliding

boundary conditions
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Picture 5: Comparison of V-shaped expansion patterns under the two boundary conditions

Picture 6: Comparison of the two boundary condition techniques. Under the non-sliding boundary

condition (eft), the two parts of the MARPE appliance separated non-parallel pattern after activation.
In contrast, the sliding boundary condition (right) allows a more parallel lateral displacement of the

MARPE parts, which more closely reflects the expected clinical behavior of bone-borne MARPE.

Discussion

The present FE analysis demonstrates that boundary condition is effective and one of the most
important aspects in determining the predicted biomechanics in orthodontics and especially in bone-

borne MARPE MacGinnis et al., 2014; Knop et al,, 2015). In FE modeling, boundary conditions define

how the numerical model interacts with its environment, constrain motion, and regulate force
transmission pathways. Consequently, even subtle variations in boundary condition assumptions can

substantially influence predicted stress distribution, displacement patterns, and overall biomechanical
behavior. In orthodontics, where clinical decisions often rely on interpreting stress concentration and

skeletal response patterns, inaccurate or oversimplified boundary condition formulations may lead to
misleading conclusions regarding appliance performance and treatment efficiency. Although previous

MARPE FE studies have primarily focused on stress distribution and skeletal displacement outcomes,
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the influence of internal boundary conditions governing relative motion within the expander system has
received limited attention Jafari et al., 2003; Gautam et al., 2007; Rivera-Tapia et al., 2025). The findings

of this study indicate that sliding versus non-sliding boundary conditions fundamentally alter both
expansion effectiveness and stress distribution.
In the results, although the stress distribution of non-sliding boundary condition shown the

stress distribution in MARPE, mini screws, and cortical bone are less than the sliding boundary
condition. However, the non-sliding condition resulted in limited suture opening and a pronounced V-

shaped expansion pattern, indicating reduced expansion efficiency. This may not correlate to actual
clinical observation. As mentioned earlier, boundary conditions play a key role in FE analysis, as they
strongly influence how closely the simulated results resemble real clinical behavior. Previous study has

shown that inappropriate boundary condition assumptions can lead to results that fail to reflect the true
mechanical response of appliances (Hu et al, 2017). In our study, this limitation is clearly illustrated in

Picture 6, where different boundary condition assumptions produce markedly different biomechanical
outcomes. In most MARPE FE studies, boundary conditions are restricted to global cranial fixation at

the foramen magnum, which may oversimplify appliance activation mechanics and lead to expansion
patterns that deviate from clinical observations. Under such circumstances, the MARPE system is not

similar with in-vivo activation of MARPE (Thi Hong Thuy et al.,, 2025; Hoang et al., 2025b) In contrast,

when an internal lateral sliding boundary condition was introduced, the simulated expansion pattern
more closely resembled clinical behavior. These findings emphasize that MARPE FE models should

incorporate clinically relevant internal contact definitions, rather than relying solely on global cranial
constraints, to accurately simulate lateral force transmission and appliance activation (Hoang et al,

2025a; Hong,, 2025b). Without proper boundary conditions, it may mislead dental surgeons in term of

clinical utilization, underscoring the need for careful and deliberate boundary condition selection in
orthodontic FE analysis.

Conclusion

Sliding boundary condition better represents the actual clinical behavior of bone-borne MARPE
and should be preferred in FE simulations. Non-sliding assumptions may restrict lateral force

transmission, may not accurately reflect clinical reality, so lead to inaccurate predictions of skeletal
expansion. Therefore, researchers should carefully select and justify boundary condition definitions, as

inappropriate assumptions can compromise the validity and clinical relevance of numerical outcomes.
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Abstract

Dental age estimation from radiographic images is important for treatment planning and
forensic odontology. This study aimed to develop and evaluate artificial intelligence models using deep-
learning-based transfer learning to compare model performance across two radiographic modalities and
investigate appropriate model selection. A total of 924 images were collected from a single healthcare
facility, comprising 453 cephalometric X-ray images and 471 panoramic X-ray images, covering an age
range of 11-45 years, with anonymized file codes assigned. Data preparation and labeling were
performed using Roboflow, with images resized to 640x640. Both ResNet101 and EfficientNetBO
models, initialized with ImageNet pre-trained weights (Adam optimizer, learning rate 0.0001, batch size
16), were trained and tested on Google Colab under 16 conditions (image type % augmentation x epochs
10,30 x model), and performance was evaluated using MAE and RMSE for regression, and accuracy,
precision, recall, and F1-score for classification (7 age classes in 5-year bins). The results showed that
panoramic X-rays exhibited lower errors than cephalometric X-rays. Panoramic X-rays achieved an
MAE of approximately 3.03-3.32 years and an RMSE of 4.18-4.29 years, whereas cephalometric X-rays
achieved an MAE of approximately 3.77-4.05 years and an RMSE of 547-5.51 years. The classification
accuracy remained constant across all conditions (0.4038 for cephalometric; 0.5000 for panoramic).
Although test accuracy remained unchanged across conditions, error-based metrics revealed differences

in prediction performance, indicating that classification accuracy alone may not fully reflect model
behavior. This suggests that regression-based evaluation provides a more meaningful basis for model

comparison. Increasing the number of training epochs from 10 to 30 tended to reduce MAE. The best
cephalometric result was obtained using EfficientNetBO at 30 epochs with augmentation (MAE 3.77
years; RMSE 5.50 years), while the best panoramic result was obtained using ResNet101 at 30 epochs
without augmentation (MAE 3.03 years; RMSE 4.25 years). The proposed MAE threshold of 2.5 years
for cephalometric radiographs (Hypothesis H1) was not achieved, establishing a benchmark for future
work. Overall, ResNet101 and EfficientNetB0O demonstrated comparable performance, with the optimal
model differing by imaging modality. The findings suggest that panoramic radiographs are currently the
more suitable modality for deep-learning-based dental age estimation, while cephalometric radiographs
may require further optimization before broader clinical or forensic application.

Keywords: Dental Age Estimation, Deep Learning, Cephalometric Radiographs, Panoramic
Radiographs, ResNet101, EfficientNetB0

Introduction

Dental age estimation is important for dentists when planning treatments related to craniofacial
and jaw growth, including dental and orthodontic treatment planning. Inaccurate dental age assessment
poses a risk of serious adverse effects on oral health, particularly when dental age is underestimated.
This may affect the timing and appropriateness of treatment planning, which in some cases could
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contribute to delayed intervention and poorer oral-health outcomes. For example, untreated dental caries

can progress to the dental pulp and to complications affecting surrounding tissues and organs, such as
tooth infection or swelling of the face and neck. If left untreated, this may result in tooth loss and

permanent consequences for patient management, including identity verification in legal or
investigative cases (Aljameel et al., 2023). Because teeth differ across developmental stages, they are

used for age estimation. Teeth are therefore a reliable source for age analysis and offer high accuracy,

as they are less affected by environmental conditions than skeletal structures and can remain preserved
for the longest period (Balel et al., 2025).

Dental age estimation using panoramic radiographs (panoramic images) relies on a frontal dental
image that enables visualization of all teeth within the oral cavity. Panoramic radiographs are commonly

used in dental practice and are widely adopted in research on age estimation using artificial intelligence
models (Mohamed et al., 2023; Singh & Raza, 2022). Deep Convolutional Neural Networks (DCNNs)

have played an important role in medical radiographic image analysis (Brahmi et al., 2024) and in
improving age assessment accuracy (Lee et al., 2024). Panoramic radiographs are used as a fundamental
imaging modality in diagnosis and forensic dental practice. Panoramic dental imaging is a radiographic

technique that provides a comprehensive view of the teeth and bilateral oral structures in a single
projection, displaying tooth positions, individual teeth, and the jawbone. This allows dentists to evaluate

dental conditions and related structures quickly and conveniently, without additional radiation
exposure, as it is already part of routine diagnosis (Franco et al., 2024). However, although dental age

prediction from panoramic radiographs has been widely applied in combination with Deep Learning
(DL) techniques (Koch et al., 2025), limitations remain due to lower image resolution compared with

conventional radiographs, which can hinder clear visualization of fine dental details. In addition,
panoramic radiographs have viewing-angle limitations that may prevent the complete detection of
certain dental or oral conditions. For example, issues located within the tooth or complex dental
structures may not be identified accurately. There are also considerations regarding radiation exposure
that may affect patient health if performed frequently. Understanding these issues is therefore important
for dental diagnosis and treatment (Kim et al., 2021).

Accordingly, further development has been explored using cephalometric radiographs
(cephalometric images), which are lateral-view images. A key advantage is that they enable precise

measurement and analysis of relationships among anatomical structures within the human head. Two-

dimensional radiography provides frontal and lateral skull images, allowing dentists to observe the
occlusal relationship between the upper and lower teeth, which is important information for dental age
prediction. Previous studies related to age prediction using cephalometric radiographs have primarily

focused on skeletal age or bone age and on anatomical landmark analysis (Oztekin et al., 2023), rather
than dental age estimation. In addition, although some studies have investigated the use of artificial
intelligence models with cephalometric radiographs (Singh & Raza, 2022), existing evidence remains
limited, and data-related issues persist. These include the use of small or imbalanced datasets, the lack
of cross-modality comparisons, and incomplete reporting of quantitative error measures such as Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), accuracy, and
F1-score Mohammad et al., 2024).

Khanagar et al. (2021) conducted a study applying artificial intelligence techniques, including

deep learning methods and advanced classification algorithms, to cephalometric radiograph analysis to
improve performance. Their findings demonstrated meaningful benefits, with a significant increase in

the accuracy of dental age detection and prediction using the EfficientNet-B0O model, achieving an
RMSE of 1.18 years. In addition, the ResNet-50 model applied to panoramic radiographs achieved an
MAE of 1.42 years (Juneja et al., 2021). Moreover, YOLO has been used for analysis and detection in
conjunction with a regression model (Oztekin et al., 2023) to improve the identification of structural
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features prior to age prediction (Balel et al., 2025). This is particularly important for comparative analysis
across models (Juneja et al., 2021) and has therefore been systematically adopted to support further
knowledge development in this field (Aljameel et al., 2023).

Therefore, this study aims to develop a method for dental age prediction using deep-learning-
based artificial intelligence models by comparing cephalometric and panoramic radiographs. While

most deep learning studies for dental age estimation have used panoramic radiographs, no study has
directly compared cephalometric and panoramic modalities using the same deep learning architectures
on the same patient cohort. This gap limits clinicians’ ability to select the most informative imaging

modality for Al- assisted dental age assessment. A head- to- head comparison under controlled

experimental conditions is therefore scientifically necessary to clarify the relative utility of each
modality and to provide important information for dental age prediction and clinical decision-making

Kim et al., 2021).

Research Objectives

This study aims to develop and evaluate artificial intelligence models that apply deep learning
methods and transfer learning techniques to both cephalometric and panoramic radiographs for dental
age estimation, with the following objectives:

1. To develop artificial intelligence models using deep learning models with transfer learning
to predict dental age from cephalometric and panoramic radiographs.

2. To compare the performance of ResNetl101 and EfficientNetB0 across both radiographic
modalities and recommend appropriate model-modality combinations for dental age prediction.

3. To evaluate whether cephalometric radiographs can achieve prediction accuracy
comparable to panoramic radiographs for dental age estimation.

Research Hypotheses

H1: Transfer-learning-based deep learning models can predict dental age from cephalometric
radiographs with a Mean Absolute Error (MAE) of less than 2.5 years (using 2.5 years as a benchmark
from panoramic-based studies by Kim et al., 2021 and Aljameel et al., 2023).

H2: Panoramic radiographs yield lower MAE than cephalometric radiographs for dental age
estimation using the same model architecture and training conditions.

H3: ResNet101 and EfficientNetBO demonstrate broadly comparable performance in terms of
MAE across both radiographic modalities.

Literature Review

Dental age estimation has evolved significantly from traditional manual approaches to Al-
driven methods. Conventional techniques such as the Demirjian and Cameriere methods have been
widely used but are limited by their dependence on expert judgment, subjectivity, and time-intensive
manual measurement (Brkic et al., 2022; Shen et al., 2021). The introduction of machine learning, and
subsequently deep learning, has substantially improved accuracy and efficiency. Kim et al. (2021)

demonstrated that automatic age estimation from panoramic radiographs using deep neural networks
achieves competitive accuracy with reduced reliance on manual landmark identification. Mohamed et

al. (2023) provided a comprehensive survey confirming that deep learning approaches consistently
outperform traditional methods for dental age estimation. Collectively, these studies suggest that
transfer- learning-based CNN architectures can achieve clinically meaningful error ranges, but the
strongest evidence remains concentrated in panoramic imaging rather than cephalometric imaging.
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1. Deep Learning Architectures Applied to Dental Radiographs
Several Convolutional Neural Network (CNN) architectures have been applied to dental age

estimation with promising results. Aljameel et al. (2023) compared ResNet50, VGG16, Xception, and
DenseNet121 for estimating canine age from panoramic radiographs, achieving a best MAE of 1.56

years with ResNet50, with further improvement when training data were restricted to narrower age
ranges. Sributsayakarn et al. (2025) developed a multi-task EfficientNetB0 model for simultaneous age

estimation and sex classification from Thai children’s panoramic radiographs, achieving an MAE below
2-3 years. Oztekin et al. 2023) used neural networks with CBCT data, achieving an MAE of 4.12 years,
substantially outperforming traditional regression models (MAE 8.17 years). Balel et al. (2025)
demonstrated that deep learning-based systems using the Demirjian method on panoramic radiographs
can further enhance estimation accuracy. These studies collectively show that transfer learning with

architectures such as ResNet and EfficientNet is effective for dental age estimation, particularly with
panoramic images.

However, nearly all existing deep learning studies for dental age estimation have focused on
panoramic radiographs. Cephalometric radiographs, which provide lateral views enabling precise

analysis of skeletal and dental relationships, remain underexplored for this purpose. Previous

cephalometric studies have primarily addressed skeletal age, bone age, or anatomical landmark
detection (Khanagaret al., 2021; Junaid et al, 2022), rather than dental age estimation per se. Singh and
Raza (2022) noted that despite advances in deep learning for dental and maxillofacial image analysis,
cephalometric applications remain limited, with small or imbalanced datasets and incomplete reporting
of quantitative error metrics. Overall, prior studies indicate that deep learning models such as ResNet
and EfficientNet can achieve promising performance for dental age estimation, particularly when
panoramic radiographs are used. In contrast, cephalometric evidence remains limited and has focused

more on skeletal or landmark-related tasks than on direct dental age prediction.

2. The Cross-Modality Gap

To date, no study has directly compared cephalometric and panoramic radiographs for dental
age estimation using identical deep learning architectures trained on data from the same patient
population and institution. This gap is significant because understanding the relative predictive value of

each imaging modality would help clinicians and forensic practitioners select the most appropriate
radiographic approach for Al-assisted dental age assessment. Given that cephalometric radiographs are

routinely obtained in orthodontic practice and contain structural information about dental and skeletal
development, investigating their utility for dental age estimation—and benchmarking their performance

against the better-studied panoramic modality—addresses a clear and practical research need. The present
study, therefore, fills this gap by conducting a controlled, head-to-head comparison under standardized
experimental conditions. Therefore, a controlled comparison using the same architectures, dataset

source, and training conditions is necessary to clarify whether cephalometric radiographs can provide
performance comparable to panoramic radiographs in dental age estimation.

Research Methodology

Experimental research was conducted to develop and evaluate the performance of artificial
intelligence (deep learning; AD) models for age prediction from dental radiographs. Two radiographic
modalities were used: cephalometric X-rays and panoramic X-rays. The research process comprised (1)
data preparation and cleaning, (2) data annotation/labeling, (3) model development and training, (4)
evaluation, and (5) comparison of experimental results under the specified conditions: Classification—
prediction of age classesrranges; and Regression—prediction of age as a continuous value (age in years)
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Figure 1: Overall Pipeline
Source: Author’s Calculation

1. Methodology

1.1 Data Collection and Management
X-ray films were obtained from the hospital archive and categorized into two file types:

cephalometric dental radiographs (Cephalometric X-ray)and panoramic radiographs (Panoramic X-ray).

Images were required to be clear and to fully capture the dental and jaw structures to support the
development of a model for predicting DA. The number of images was reported according to sex and

chronological age. In addition, the dataset included clinical attributes such as age, sex, and tooth stage.
This study was approved by the Kasetsart University Research Ethics Committee (Certificate of
Exemption No. COE68/035), conducted in compliance with the Declaration of Helsinki, the Belmont
Report, CIOMS Guidelines, and ICH-GCP (45 CFR 46.101(b)). All radiographic images were fully
anonymized prior to use, with de-identified file codes assigned to protect patient privacy.

1.2 Dataset and Preprocessing

Table 1: Overall Dataset

No. Image Type Quantity g;l)egaanli:: Gender (;;i; Source
1 Cephalometric 453 IDO0IDX YX M | Male
Radiography IDO0IDX YX F | Female 11-45 One Hospital
) Panoramic 471 IDO0IPX YX M | Male years Place
Radiography IDO01PX YX F | Female

For panoramic images, anonymized file codes were assigned to enable systematic data
tracking while preserving patient privacy. The prepared images were uploaded to Roboflow and

organized into two datasets: (1) cephalometric and (2) panoramic.

The data preparation steps were defined as follows:

(1) Resizing images to 640 x 640.

(2) Configuring data augmentation and, after verifying the settings, clicking Generate to
create a new dataset version. Note: YOLOv11 and COCO format were used only in that preprocessing
stage and during the data preparation and annotation validation phase within Roboflow’s pipeline to
verify image quality and annotation accuracy. YOLO was not used as a model for dental age prediction
in this study; the age prediction models were exclusively ResNet101 and EfficientNetBO.

(3) Splitting the dataset into 70% training, 15% validation, and 15% test sets. The split was

performed at the patient level, ensuring that images from the same individual appeared in only one
subset to prevent data leakage. Although images were first organized at 640x640 pixels within the

Roboflow preprocessing pipeline, they were resized to 224x224 pixels for model input during training
in Google Colab.
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1.3 Models and Training
The researchers prepared to export the dataset from Roboflow to Google Drive in order
to run the models on Google Colab with GPU support. The dataset was downloaded from the Roboflow

project page by selecting the COCO format and downloading it as a ZIP file. It was then uploaded to
MyDrive and extracted into the Train/, Valids, and Test/ directory structure to enable training in Colab.
The candidate models were defined as CNN-based models for classification and regression, specifically
ResNet101 and EfficientNetB0. Both models used ImageNet pre-trained weights with frozen base layers
as the transfer learning strategy. The classification head used Categorical Cross-Entropy as the loss
function, while the regression head used Mean Squared Error MSE) loss. Both models were trained with
the Adam optimizer (learning rate = 0.0001) and a batch size of 16. For the classification task, the
continuous age range (11-45 years) was divided into 7 age classes using 5-year bins (11-15, 16-20, 21-
25,26-30, 31-35, 36-40, 41-45). The model head was designed separately as a classification head and a
regression head. The experimental design specified the main factors as image type (cephalometric vs.
panoramic) and 2 models. A repeated-run protocol was used by executing the same steps across all
conditions (image type x augmentation x epoch x model X task) to enable systematic comparison of
results.

Table 2: Models and Factors Used for Model Training and Testing

No. Image Type Model epoch Augmentation
1 Cephalometric X-ray | ResNetl101 10 30 No Add
2 Cephalometric X-ray | EfficientNetBO | 10 30 No Add
3 Panoramic X-ray ResNet101 10 30 No Add
4 Panoramic X-ray EfficientNetBO | 10 30 No Add

1.4 Evaluation and Model Selection
Model selection criteria were defined according to the task. For classification, the

Weighted F1-score or the Macro F1-score was used as the primary metric, with accuracy as a
supporting metric. For regression, models were selected based on the lowest MAE/RMSE and
consistent performance in testing.

1) Accuracy
2) Precision, Recall, F1-score

3) MAE and RMSE

Results

The overall findings summarize an experimental study on age prediction using two types of X-
ray images: cephalometric and panoramic X-rays, with ResNetl01 and EfficientNetBO under 16
conditions combining epochs (10/30) and augmentation (No/Add). Panoramic X-rays clearly yielded
better performance than cephalometric X-rays, with an average MAE of ~3.15 years and an average
RMSE of ~4.26 years. In contrast, cephalometric X-rays achieved an average MAE of ~3.87 years and
an average RMSE of ~5.48 years. For classification evaluation, test accuracy was constant across all
conditions, at 0.4038 for cephalometric images and 0.5000 for panoramic images, for both 10 and 30
training epochs. This constant classification accuracy warrants careful interpretation. The age range of
11-45 years was divided into 7 classes using 5-year bins, but the distribution of samples across these
bins was uneven, with certain age groups having substantially more samples than others. Combined with
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the relatively small test set (~68 cephalometric and ~71 panoramic images), the models likely converged

to a majority-class prediction strategy, producing identical accuracy regardless of hyperparameter
variation. This pattern indicates that the classification formulation did not meaningfully differentiate
across experimental conditions, and the regression-based evaluation (MAE, RMSE) provides a more
reliable basis for model comparison in this study.

Table3: Summary of Test Performance (Accuracy, Loss, Precision, Recall, F1-Score, MAE, RMSE)
for Cephalometric and Panoramic X-ray Models
Trial | e Model | Epoch | Augmentation |, TS | fest | Preci | Reea | B | e | ears
1 Cephalometric ResNet101 10 No Augment 04038 14430 | 0.163 | 0404 | 0232 | 385 549
2 Cephalometric EfficientNetBO 10 No Augment 04038 14310 | 0.163 | 0404 | 0232 | 391 547
3 Panoramic ResNet101 10 No Augment | 0.5000 12770 | 0250 | 0500 | 0333 [ 304 | 427
4 Panoramic EfficientNetB0 10 No Augment 0.5000 12840 | 0.250 | 0.500 | 0.333 | 3.21 428
5 Cephalometric ResNet101 30 No Augment 04038 14650 | 0.163 | 0404 | 0232 | 381 548
6 Cephalometric EfficientNetB0 30 No Augment 0.4038 14590 | 0.163 | 0404 | 0232 | 378 551
7 Panoramic ResNet101 30 No Augment 0.5000 12440 | 0250 | 0.500 | 0333 | 3.03 425
8 Panoramic EfficientNetBO 30 No Augment 0.5000 12490 | 0250 | 0500 | 0333 | 3.12 427
9 Cephalometric ResNet101 10 Add Augment | 04038 14440 | 0.163 | 0404 | 0232 | 4.05 547
10 Cephalometric EfficientNetB0 10 Add Augment | 04038 14420 | 0.163 | 0404 | 0232 | 393 547
11 Panoramic ResNet101 10 Add Augment | 0.5000 12590 | 0.250 | 0500 | 0333 | 325 418
12 Panoramic EfficientNetBO 10 Add Augment | 0.5000 12840 | 0.250 | 0500 | 0333 | 332 429
13 Cephalometric ResNet101 30 Add Augment | 0.4038 14386 | 0.163 | 0404 | 0232 | 3.84 548
14 Cephalometric EfficientNetB0 30 Add Augment | 04038 14556 | 0.163 | 0404 | 0232 | 377 550
15 Panoramic ResNet101 30 Add Augment | 0.5000 12400 | 0.250 | 0.500 | 0333 | 3.09 426
16 Panoramic EfficientNetB0 30 Add Augment | 0.5000 12480 | 0250 | 0.500 | 0333 | 3.11 427

Source: (Author’s Calculation)

1.

Overall Performance

Overall performance indicates that panoramic X-rays outperformed cephalometric X-rays,

yielding lower MAE and RMSE across all conditions. ResNetl01 and EfficientNetBO showed
comparable overall results. Increasing the number of epochs from 10 to 30 helped improve regression

performance by reducing MAE. Data augmentation produced mixed outcomes, with its effect depending

on the image modality, model, and training settings from the graph. It presents the effects of the number

of training epochs (Epoch 10 vs 30) and data augmentation on the MAE for dental age prediction from

Panoramic X-ray and cephalometric X-ray images by using ResNet101 and EfficientNetBO.
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1.1 Effect of Epoch and Augmentation on MAE Cephalometric and Panoramic X-ray

Effect of Epoch and Augmentation on MAE (Cephalometric X-ray)
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Figure 2: Effect of Epoch and Augmentation on MAE (Cephalometric X-ray)
Source: (Author’s Calculation)

Effect of Epoch and Augmentation on MAE (Panoramic X-ray)
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Figure 3: Effect of Epoch and Augmentation on MAE (Panoramic X-ray)
Source: (Author’s Calculation)

The results from the graphs in Figures 2 and 3 indicate that increasing the number of training
epochs from 10 to 30 led to a clear reduction in MAE for panoramic X-rays. MAE was approximately

3.03-3.32 years, and decreased notably in the augmented groups from 3.3 to 3.11 years and 3.25to 3.09
years. For cephalometric X-rays, MAE was higher by approximately 3.77-4.05 years, but still decreased
with more epochs, particularly for ResNetl01 with augmentation from 4.05 to 3.84 years and
EfficientNetB0 with augmentation from 3.93 to 3.77 years. Overall, increasing the number of epochs
was the factor most strongly associated with a reduction in MAE. In contrast, augmentation served as

an additional factor that may improve performance under specific training conditions and can be used
as a supplementary approach to enhance model performance when appropriate.
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1.2 Comparison of MAE (year) by Model of Cephalometric and Panoramic X-ray

Comparison MAE(yvear) by Model of Cephalometric X-ray
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Figure 4: Comparison MAE (year) by Model of Cephalometric X-ray
Source: (Author’s Calculation)
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Figure 5: Comparison MAE (year) by Model of Panoramic X-ray
Source: (Author’s Calculation)

The experimental results from Figures 4 and 5 show that increasing the number of
epochs from 10 to 30 reduced MAE for cephalometric images under all conditions. For EfficientNetB0

with augmentation, MAE decreased from 3.93 to 3.77 years, while for ResNet101 with augmentation,
MAE decreased from 4.05 to 3.84 years. This indicates that the models can learn and improve prediction
accuracy with longer training, consistent with the objective of developing models using transfer
learning. The graphs also provide a basis for comparing models to select an appropriate one. Overall,
ResNet101 and EfficientNetBO achieved comparable performance, but the most suitable conditions
varied with the complexity of the X-ray images.
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1.3 Effect of Data Augmentation on Age Prediction Error (AMAE) in Cephalometric and
Panoramic X-ray

Augmentation Effect (AMAE) on Cephalometric X-ray
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Figure 6: Augmentation Effect AMAE) on Cephalometric X-ray
Source: (Author’s Calculation)

Results from Figure 6 for cephalometric X-rays, ResNet101 at 10 epochs showed the
greatest deterioration when augmentation was applied, with an error of AMAE =+0.20. ResNet101 at 30
epochs and EfficientNetB0O at 10 epochs showed a slight deterioration (AMAE = +0.02). In contrast,
EfficientNetBO0 at 30 epochs showed the most pronounced improvement, with AMAE = [10.14. It can
therefore be concluded that augmentation is most effective when applied to EfficientNetB0 at 30 epochs.

Augmentation Effect (AMAE) on Panoramic X-ray
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Figure 7: Augmentation Effect AMAE) on Panoramic X-ray
Source: (Author’s Calculation)

Experimental results from Figure 7, ResNet101 performed worse when augmentation
was applied. At 10 epochs, the error increased (AMAE = +0.21), and at 30 epochs, the error was AMAE

= +0.06. EfficientNetBO at 10 epochs showed only a slight deterioration (AMAE = +0.11), whereas
EfficientNetBO0 at 30 epochs showed an improvement in error AMAE =10.10).
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4 Effect of Increasing the Number of Training Epochs on Age Prediction Error AMAE,)
in Cephalometric and Panoramic X-ray

Effect of Increasing Epoch (AMAE) on Cephalometric X-ray
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Figure 8: Effect of Increasing Epoch (AMAE) on Cephalometric X-ray
Source: (Author’s Calculation)

Experimental results from Figure 8 showed that increasing the number of epochs for
EfficientNetB0 reduced MAE under both conditions: Add Augment ([10.16) and No Augment ([10.13).
For ResNet101, increasing epochs reduced MAE more clearly when augmentation was applied, with
the largest reduction under Add Augment (-0.21), whereas without augmentation, the reduction was
minimal -0.03). Concluded that, for cephalometric X-rays, increasing the number of epochs to 30 helps

reduce MAE.

Effect of Increasing Epoch (AMAE) on Panoramic X-ray

0.00
nt etl0l \

-0.01

-0.05
mAdd
Augment

=}
e
o

Aepoch (years)
o \
o
o

-0.20

-0.21

-0.25
Model & Condition

Figure 9: Effect of Increasing Epoch (AMAE) on Panoramic X-ray
Source: (Author’s Calculation)

Experimental results from Figure 9 for EfficientNetBO show that increasing the number of

epochs reduced MAE, with the largest reduction under the Add Augment condition ([10.21), whereas
the reduction under No Augmentation was only [10.08. For ResNet101, increasing epochs led to only a
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slight reduction in MAE, with [10.16 under Add Augmentation and a negligible change under No
Augmentation ([10.01). Therefore, for panoramic X-rays, the effect of increasing epochs is more evident
with the EfficientNetB0O model.

Discussion

The selection and use of appropriate artificial intelligence models for dental age prediction were
investigated using two types of X-ray images: panoramic and cephalometric radiographs. ResNet101
and EfficientNetBO were evaluated under 16 experimental conditions. The results confirmed that

panoramic radiographs consistently produced lower prediction errors than cephalometric radiographs,
with the best panoramic MAE of 3.03 years (ResNet101, 30 epochs, no augmentation) compared to the

best cephalometric MAE of 3.77 years (EfficientNetBO0, 30 epochs, with augmentation). This difference
is likely attributable to the inherent information content of each modality: panoramic radiographs

capture all teeth and both dental arches in a single frontal image, providing richer morphological
information directly relevant to age-related dental changes, whereas cephalometric radiographs provide

a lateral view in which dental structures overlap and are less individually distinguishable, making age-
relevant features harder for the model to extract.

Hypothesis H1, which proposed that cephalometric models could achieve MAE below 2.5
years, was not supported. The lowest cephalometric MAE (3.77 years) exceeded this threshold by 1.27
years. This finding is itself a meaningful contribution, as it establishes a quantitative benchmark for
cephalometric-based dental age estimation and highlights the greater difficulty of this task compared
with panoramic-based estimation. The 2.5-year threshold was derived from panoramic-based studies
(Kim et al., 2021; Aljameel et al., 2023), and the present results confirm that this threshold may not be
directly transferable to cephalometric images without further methodological refinement.

Hypothesis H2 was supported: panoramic radiographs yielded lower MAE than cephalometric
radiographs across all experimental conditions, confirming the cross-modality performance difference.

Hypothesis H3 was also supported: ResNet101 and EfficientNetBO demonstrated comparable
overall performance, although the optimal model-modality pairing differed. For cephalometric images,
EfficientNetB0O performed best, while for panoramic images, ResNet101 achieved the lowest MAE.
This suggests that model selection should be modality-dependent.

The constant classification accuracy (0.4038 for cephalometric; 0.5000 for panoramic) across
all 16 conditions indicates that the classification task, as formulated with 7 age-class bins, did not
produce meaningful differentiation. This is further confirmed by the constant precision (0.163/0.250),
recall (0.404/0.500), and F1-score (0.232/0.333) values for cephalometric and panoramic images,
respectively, across all conditions. This is likely due to class imbalance within the 5-year bins combined
with the small test set size. Future work should consider alternative approaches such as broader age
groupings, ordinal regression, or focusing exclusively on regression-based evaluation.

Compared with prior studies, the present results fall within a plausible range given the study
design. Aljameel et al. 2023)achieved an MAE of 1.56 years using ResNet50 on panoramic radiographs,

but with a narrower age range (6-12 years). Sributsayakarn et al. (2025) reported MAE below 2-3 years
using EfficientNetBO on Thai panoramic radiographs for ages 7-23 years. The wider age range in the
present study (11-45 years) and the smaller dataset size (924 images) likely contribute to the higher MAE
values. Oztekin et al. (2023) reported an MAE of 4.12 years using neural networks on CBCT data for a
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14- 60- year age range, which is comparable to the cephalometric results obtained here. These
comparisons suggest that both age range breadth and imaging modality substantially influence
prediction accuracy.

Increasing the number of training epochs from 10 to 30 consistently reduced MAE across most
conditions, indicating that the models benefited from additional training iterations within the transfer
learning framework. Data augmentation produced mixed results, improving performance in some

conditions (particularly EfficientNetB0 at 30 epochs) while slightly degrading it in others (particularly
ResNet101 at 10 epochs). This suggests that augmentation is most beneficial when combined with
sufficient training duration, and its effect is model- and modality-dependent. These findings address
Objective 2 by providing empirical evidence for model selection: EfficientNetB0 with augmentation is

recommended for cephalometric images, while ResNet101 without augmentation is recommended for
panoramic images.

Conclusion

This study compared ResNetlO1 and EfficientNetBO for dental age estimation using
cephalometric and panoramic radiographs under 16 experimental conditions. The key findings are as
follows. First, panoramic radiographs consistently outperformed cephalometric radiographs, achieving
a best MAE of 3.03 years (ResNetl01, 30 epochs, no augmentation) compared to 3.77 years for
cephalometric images (EfficientNetB0, 30 epochs, with augmentation), supporting Hypothesis H2.
Second, Hypothesis H1 was not supported: the proposed MAE threshold of 2.5 years for cephalometric
images was not achieved under any condition, indicating that cephalometric-based dental age estimation
remains less accurate than panoramic-based estimation with the current architectures and datasets. Third,
ResNet101 and EfficientNetBO showed comparable overall performance (supporting H3), but the
optimal model differed by modality. Fourth, the classification task (7 age classes in 5-year bins) did not
produce meaningful differentiation across conditions, with constant test accuracy of 0. 4038
(cephalometric) and 0.5000 (panoramic), suggesting that the regression framework is the more
informative evaluation approach for this task. These findings provide practical guidance for selecting
appropriate imaging modality and model architecture for Al-assisted dental age estimation.

Limitations and Future Work

This study has several limitations that should be acknowledged. First, the dataset was collected
from a single healthcare facility (924 images), which may limit generalizability to other populations or
imaging equipment. Second, the classification task did not yield meaningful variation across conditions,
suggesting that the 7-class binning scheme with uneven class distributions was suboptimal. Third, each

experimental condition was run once; repeated runs with different random seeds would be needed to
assess the robustness and variability of the reported results. Fourth, precision, recall, and F1-score have
been added to Table 3, confirming the constant classification performance pattern. Although confusion
matrices were examined, they were not emphasized in the main text because the models showed highly
concentrated majority-class predictions across conditions, providing limited additional insight beyond
the constant classification metrics, as the constant classification accuracy across all conditions indicates
that models converged to majority- class prediction, rendering per- class confusion analysis

uninformative under the current experimental design. Fifth, the study did not include statistical tests
(e.g., confidence intervals or paired comparisons) to assess whether the observed MAE differences
between conditions are statistically significant.
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Future work should address these limitations by: (a) expanding the dataset to multiple
institutions and populations to improve generalizability; (b) exploring narrower age-range stratification
or ordinal regression to improve classification performance; (c) investigating alternative architectures
such as Vision Transformers (ViT) or ensemble methods combining both modalities; (d) conducting
formal statistical comparisons between experimental conditions; and (e) benchmarking deep learning
results against traditional dental age estimation methods (e.g., Demirjian, Cameriere) on the same dataset.

These steps would strengthen the evidence base before clinical or forensic application can be
recommended.
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Abstract

A single robot can replace 70 full-time employees. Moreover, Al and robots will replace 47%
of jobs in the future. Artificial intelligence (Al) awareness refers to employees' subjective perception
of uncertainty regarding their future career development and work environment, stemming from the
recognition that Al technologies may potentially replace their current job positions. This study systematically
reviews, screens, and analyzes the literature on Al awareness, synthesizing its definitions and measurement
approaches. It also identifies the main consequences of Al awareness across three key dimensions:
employees' psychological states, behaviors, and job performance. Based on these findings, the study
suggests that future research should focus on uncovering the formation mechanisms of Al awareness,
exploring its antecedents, broadening the range of its outcome variables, and enriching the theoretical
foundations underpinning its impact pathways. These insights aim to provide scholars with a comprehensive
understanding of research progress in the field of Al awareness, while also assisting managers in
better understanding and effectively managing employees' perceptions of Al.

Keywords: Al Awareness, Robot, Job Insecurity, Turnover Intention

Introduction

Artificial intelligence (Al) refers to a technology that emulates human intelligence through
computer systems, encompassing capabilities such as learning, reasoning, perception, and language
processing. Al has found extensive applications across diverse industries, including medical imaging
analysis in healthcare (Karalis, 2024), intelligent tutoring systems in education (Rawas, 2024), and
performance enhancement in aerospace (Hassan et al., 2024). Furthermore, Al plays a crucial role in
revenue management, marketing, engineering management, and human resources (Krabokoukis, 2023;
Shen, 2022). To summarize the above, we have compiled the usage of Al across various industries, as
shown in Table 1. Compared to other sectors, the hospitality industry has witnessed particularly
widespread adoption of Al, which is rapidly transforming its landscape (He et al., 2024). Frontline
hotel employees typically perform repetitive and routine tasks with low entry barriers, making their
roles highly susceptible to replacement by robots specialized in executing standardized operations
(Arias-Pérez & Vélez-Jaramillo, 2022a; Teng et al., 2024). Additionally, customers increasingly
expect advanced technological solutions and personalized experiences, prompting a growing number
of hotels to integrate sophisticated robotics and Al throughout multiple stages of consumer service
(Shum et al., 2024). During the customer inquiry phase, Al-powered chatbots can promptly address
customer queries regarding hotel facilities, services, and booking policies while facilitating
reservation procedures (Koo et al., 2021). In customer service, Al analyzes customer preferences prior
to arrival to generate personalized recommendations, such as suggesting suitable room types, dining
options, and activities based on historical stay records, while Al-driven revenue management systems
dynamically adjust room rates by analyzing real-time market demand, competitor pricing, and
seasonal factors (Arias-Pérez & Vélez-Jaramillo, 2022b; Parvez et al., 2022). During the stay, Al
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assists the front desk or mobile applications by providing real-time responses to geographical and
facility-related inquiries, thereby reducing wait times. It further enables self-service check-in and
check-out processes to minimize queues, while offering multilingual support. Concurrently, the
system analyzes customer consumption patterns and behavioral trajectories within the premises to
deliver personalized services and recommendations (He et al., 2024). During the post-departure phase
of the customer, Al evaluates operational data including occupancy rates, pricing, customer satisfaction, and
marketing effectiveness to support managerial decision-making (Parvez et al., 2022).

Currently, Al and robotics technologies have been extensively implemented in hotels
worldwide. For instance, properties such as Wynn Las Vegas and Aloft Hotels in the United States
have adopted virtual assistants to handle in-room customer requests (Li et al., 2019), while Japan's
Henn-na Hotel utilizes robotic porters, cloakroom robots, and in-room personal assistants (Kong et al.,
2021). As of 2020, Chinese hospitality groups had deployed Al technologies across more than 5,700
hotels (Lin & He, 2024). Robots demonstrate significantly faster operational speeds compared to
human workers, with a single robot capable of replacing 70 full-time employees. The application of
Al and robotic technologies not only meets customers' personalized demands, enhances satisfaction,
and optimizes service delivery, but also offers advantages such as improving organizational efficiency
and reducing labor costs (Yin et al., 2024). These benefits have accelerated the hotel industry's rapid
shift toward intelligent development characterized by the replacement of human labor with Al. Relevant
studies indicate that frontline hotel staff face up to 95% probability of job displacement by robots (Frey &
Osborne, 2017), with global estimates suggesting 400-800 million positions may be at risk of automation by
2030 (Parvez et al., 2022). This profound transformation has led hotel employees to gradually develop Al
awareness, referring to their subjective perception that artificial intelligence may impact their future
career development (Teng et al., 2024).

In the process of modernizing organizational management in the hotel industry, Al awareness
has become a critical topic in both practical exploration and theoretical research. However, current
studies have largely focused on empirical investigations of Al awareness, while relatively few
scholars have conducted comprehensive reviews and summaries of the literature in this field. It is
therefore necessary to systematically and objectively examine the existing body of research on Al
awareness in order to gain a holistic understanding of its academic development and emerging trends
(Bakir et al., 2025).Based on this consideration, the present study undertakes several main tasks. First,
through a series of procedures including database searching, initial screening, evaluation, and
selection, thirty relevant articles were identified as the analytical sample. Second, the study analyzes
the definition and measurement of Al awareness, aiming to clarify and summarize the conceptual
connotations and measurement approaches used in the existing literature. This analysis not only helps
assess the consistency and precision of the concept's application in academic studies but also supports
practical efforts to identify and evaluate employees' awareness of Al in organizational settings.In
addition, the study investigates the theoretical framework of Al awareness by exploring its antecedents and
consequences. This approach contributes to uncovering the deeper theoretical mechanisms underlying the
formation and outcomes of Al awareness and offers a way to overcome the limitations of existing review
studies. Finally, based on a comprehensive analysis of related research, the study outlines future
research directions in this field.The theoretical value and contributions of this study can be summarized in
two main aspects. On the one hand, it provides important insights and guidance for advancing theoretical
research on Al awareness and helps hotel managers develop a more accurate understanding of the
nature of Al awareness, thereby preventing or mitigating its potential negative impacts. On the other
hand, by proposing an integrated research framework and identifying future directions, this study
encourages scholars to explore related issues from multiple perspectives, thereby enriching both
theoretical understanding and practical application.
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Table 1: The application of Al in various industries

Classification of Industry Occupancy Ratio
Travel 45%
Financial Service 40%
Health Care 35%
Manufacturing Industry 30%
Hotel 27%
Retail Industry 25%
Transportation 20%
Education 15%
Energy 10%
Agriculture 5%
Media and Entertainment 5%

Content

1. The conceptualization of AI awareness

Currently, there is a relatively consistent understanding among scholars regarding the
concept of Al awareness.It refers to employees' recognition that robots, algorithms, and other Al
technologies may potentially replace their current jobs, which leads to a perception of uncertainty
regarding the workplace in the digital era. (Brougham & Haar, 2018). Kong et al. (2021) explained
that with the rapid advancement of Al technologies, their potential to outperform humans in various
complex tasks and to replace human labor in many jobs has triggered employees' concerns about
being replaced. These concerns contribute to a sense of uncertainty regarding their future career
prospects.Teng et al. (2024) define Al awareness as employees' cognitive perception of Al's impact on
their future work and career prospects. Bakir et al. (2025) complement this conceptualization by
emphasizing employees' subjective assessment of the likelihood that Al and robotic technologies
might displace their current job positions.

2. Measurement of Al awareness

Current research demonstrates relative consistency in the measurement of Al awareness,
primarily employing the 4-item scale adapted by Brougham and Haar (2018) from Armstrong-Stassen's
(2001) job insecurity instrument. Armstrong-Stassen (2001) defined job insecurity as consisting of two
distinct dimensions: perceived threat of job loss and feelings of powerlessness. The former includes
three items, while the latter is measured by one item. This approach emphasizes assessing Al awareness by
simulating human experiences of job insecurity, which may involve evaluating an Al system's recognition of
its own existence or value and its perceived uncertainty (Barnes & Hutson, 2024). Initially developed to
measure STARA (smart technology, Al, robotics, and algorithms) awareness (Kang et al., 2023; Zhao et
al., 2023; Yang et al., 2024), Brougham and Haar(2018)'s measurement scale has subsequently
emerged as the predominant instrument for operationalizing Al awareness in empirical studies (Kong
etal., 2021; Li et al., 2019).

3. Consequences of Al awareness

Recent studies have focused on the results of Al awareness, mainly concentrating on its
impact on employees' personal states, their behaviors, and their performance. As shown in Figure 1.
In addition, the research years and countries related to Al awareness have also been compiled, as
shown in Table 2.

In terms of employees' personal states, scholars have focused on aspects such as turnover
intention, work engagement, job burnout, health symptoms, capabilities, and workplace well-being.First,
scholars have found that Al awareness influences turnover intention. For example,drawing on the stress-
emotion model, conservation of resources theory, and social exchange theory, Doan and Nguyen
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(2025) found that Al awareness positively influences turnover intention through the mediating role of
interpersonal conflict. In this process, a competitive psychological climate and perceived organizational
support act as moderating variables. Similarly, based on conservation of resources theory and social
exchange theory, scholars have shown that Al awareness has a positive effect on turnover intention,
with supervisor support moderating the relationship between Al awareness and turnover intention,
while the moderating effect of a competitive psychological climate is not significant (Moin & Zhang,
2024). Li et al. (2019) also revealed that awareness of Al and robotics positively affects turnover
intention, and that perceived organizational support and a competitive psychological climate moderate
the relationship between Al awareness and turnover intention. Supporting this view, based on
conservation of resources theory, Khaliq et al. (2022) found that Al and robotics awareness positively
influence turnover intention. Mutual trust moderates the relationship between Al awareness and
turnover intention, whereas the moderating effect of a competitive psychological climate is not
significant. In addition, based on person-environment fit theory and social exchange theory, Kang et
al. (2024) found that AI awareness positively influences turnover intention toward both other hotels
and non-hotel industries through the mediating roles of job stress and job insecurity. Social capital
was found to moderate only the effect of job insecurity on turnover intention toward non-hotel
industries.Second, Al awareness has been shown to influence both work engagement and job burnout.
Drawing on conservation of resources theory and the job demand-resources model, Liu and Cheng
(2025) found that Al awareness positively affects work engagement through the mediating roles of
recovery level and job insecurity. They further demonstrated that innovativeness as a job requirement
moderates the relationships between Al awareness and both job insecurity and recovery level. Zheng
and Zhang (2025) revealed that Al awareness exacerbates emotional exhaustion through a chain
mediation involving job insecurity and work-family conflict.Integrating job crafting theory and social
exchange theory, Lestari et al. (2024) found that both Al awareness and servant leadership positively
influence work engagement. Specifically, servant leadership can enhance employee engagement indirectly
through job crafting, although job crafting does not play a significant mediating role between Al
awareness and work engagement. In contrast, based on conservation of resources theory, Kong et al.
(2025) found that Al awareness negatively affects work engagement through the mediation of job
insecurity, and that self-efficacy moderates this relationship. In addition, drawing on job stress theory,
Khairy et al. (2024) found that Al awareness negatively influences green work engagement, with job
stress mediating this relationship. Technological self-efficacy and trust in leadership respectively
moderate the relationship between Al awareness and job stress, and the relationship between job stress
and green work engagement. Furthermore, Al awareness has been found to increase job burnout, and this
effect becomes more pronounced among employees with higher levels of organizational commitment (Kong
et al., 2021).Third, Al awareness affects employees' health symptoms. Based on conservation of resources
theory, Xu et al. (2023) found that Al awareness increases employee depressive symptoms by exacerbating
emotional exhaustion. Simultaneously, high perceived organizational support can attenuate the effect of Al
awareness on depressive symptoms via emotional exhaustion. Drawing on the transactional theory of
stress and coping, other scholars revealed that Al awareness positively influences mental health
symptoms, with role conflict acting as a mediator in this process. Furthermore, Al-oriented human
resource analytics and human resource management system strength the effect of Al awareness on
mental health symptoms through role conflict (Yan et al., 2025).Fourth, Al awareness influences
employees' career capabilities. Regarding service and technical capabilities, integrating job crafting
theory and conservation of resources theory, Mo et al. (2024) found that Al awareness can positively
enhance employees' service performance adaptability and technologically-environmental mastery
through the mediating pathways of defensive and promotive job crafting. Concurrently, servant
leadership moderates the relationship between Al awareness and defensive job crafting but moderates
its relationship with promotive job crafting. At the vocational capability level, scholars combining
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career theory, fit theory, and organizational commitment theory discovered that the higher the
organizational commitment, the more pronounced the potential inhibitory effect of Al awareness on
vocational capability (Kong et al., 2021). In the creativity dimension, based on job regulation theory
and locus of control theory, it was found that Al and robotics awareness can promote employee
creativity through the mediating roles of active learning and task crafting (Wang et al., 2022).Fifth, Al
awareness impacts workplace well-being. Based on the job demands-resources model, Arboh et al.
(2025) revealed that Al awareness positively influences workplace well-being, with informal learning
behavior serving as a mediator between them. Moreover, the stronger the learning orientation, the
more significant the effect of Al awareness on enhancing well-being through informal learning
behavior.

In the next place, regarding employee behaviors, scholars have primarily investigated the
impact of Al awareness on behaviors targeted at the organization, the family, and customers.First, Al
awareness influences organization-oriented behaviors. In terms of proactive behaviors, He et al.
(2025), drawing on the transactional theory of stress, found that Al awareness negatively affects both
promotive voice and prohibitive voice. This process is mediated by voice efficacy and job insecurity.
Moreover, trait competitiveness moderates the relationship between Al awareness and voice efficacy
but has no significant moderating effect on the relationship between Al awareness and job insecurity.
Based on conservation of resources theory, Lin and He (2024) further confirmed that Al awareness
positively influences voice behavior through the mediating roles of learning orientation and supervisor-
subordinate guanxi. In addition, based on social cognitive theory and the job demands-resources model,
Zhou and Lyu (2025) found that leader Al awareness positively affects employee voice behavior.
Specifically, leader Al awareness increases both employees' job insecurity and intrinsic motivation
and positively moderates the effect of Al self-efficacy on voice behavior. While job insecurity
negatively affects voice behavior, intrinsic motivation has a positive impact.Based on protection
motivation theory, Yin et al. (2024) found that Al awareness interacts with change-oriented leadership
to influence employee-Al collaboration through approach and avoidance motivations. When Al awareness is
perceived, strong change-oriented leadership tends to trigger employees' approach motivation, which
promotes collaboration, whereas weak change-oriented leadership induces avoidance motivation, reducing
collaboration. Furthermore, drawing on self-efficacy theory and the stimulus-organism-response
model, Yan and Teng (2025) identified dual pathways in the relationship between Al awareness and
organizational citizenship behavior. Performance self-efficacy mediates the positive effect of Al
awareness, while creative self-efficacy mediates a negative effect. They also found that a stronger
climate for innovation enhances the positive influence of Al awareness on organizational citizenship
behavior via performance self-efficacy.In terms of unethical behaviors, combining conservation of
resources theory and cognitive appraisal theory of stress, Zhou and Yi (2025) found that Al awareness
positively affects unethical pro-organizational behavior through the mediation of job insecurity.Based
on conservation of resources theory, Teng et al. (2024) revealed that Al awareness positively
influences work withdrawal through a sequential mediation of negative work-related rumination and
emotional exhaustion. Scholars also confirmed that Al awareness has a positive effect on both
physical withdrawal and psychological withdrawal (Nguyen & Nguyen, 2025). Based on conservation
of resources theory, Bai et al. (2024) found that psychological contract and emotional exhaustion
contribute to the positive effect of Al awareness on counterproductive work behavior.Drawing on the
stress-emotion model and social exchange theory, Doan and Nguyen (2025) found that Al awareness
positively influences counterproductive work behavior through the mediation of interpersonal conflict. Bai et
al. (2024) also found that psychological contract and emotional exhaustion mediate the relationship between
Al awareness and counterproductive behavior.Integrating conservation of resources theory and the job
demands-resources model, Liu and Cheng (2025) found that Al awareness influences employee
resistance to Al through the mediating roles of recovery level and job insecurity. Zhang et al. (2025),
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also applying conservation of resources theory, revealed that Al awareness strengthens the positive
effect on deviant behavior through ego depletion. Ego depletion mediates the relationship between Al
awareness and deviant behavior, and this effect becomes more pronounced when employees have
lower tolerance for uncertainty. In addition, based on social exchange theory and moral identity theory,
Cheng et al. (2025) found that Al awareness positively influences employee silence through the
mediation of psychological contract violation. This effect becomes weaker when moral identity is
stronger.Second, Al awareness affects family-oriented behaviors. Based on the stress-emotion model,
Zhou et al. (2024) found that Al awareness positively influences work-family conflict, with negative
affect mediating this process. They also showed that the effect of Al awareness on work-family
conflict through negative emotions becomes weaker when individuals have a higher promotion focus,
stronger empowering leadership, or stronger family motivation.Third, Al awareness influences
customer-oriented behaviors. Based on the stress-emotion model, Zhou et al. (2024) also discovered
that Al awareness positively affects counterproductive work behaviors toward customers, with
negative emotions mediating this relationship.similarly, the higher the promotion focus or level of
empowering leadership, or the stronger the family motivation, the weaker the promoting effect of Al
awareness on counterproductive work behaviors toward customers through negative affect. In
addition, based on the job demand-resources model, scholars found a dual mediation mechanism in
the relationship between Al awareness and service innovation behavior. Specifically, emotional
exhaustion mediates the negative impact of Al awareness, while intrinsic motivation mediates its
positive impact. Furthermore, when future orientation is stronger, the negative effect of Al awareness
on service innovation through emotional exhaustion becomes weaker, and the positive effect through
intrinsic motivation becomes stronger (Liang et al., 2022). Moreover, drawing on the STARA framework
and conservation of resources theory, Ma and Ye (2022) found that Al awareness positively influences
service sabotage through the mediation of organization-based self-esteem. They also found that
perceived organizational support moderates this relationship.

Finally, in the context of employee performance, drawing on self-construal theory, Zhao
et al. (2025) found that Al awareness positively influences both in-role and extra-role performance
through the mediating effects of perceived overqualification, reflection on Al usage, and dependence
on Al usage. They further showed that when the level of employee-Al collaboration is higher, Al
awareness more strongly promotes perceived overqualification, which in turn shapes the pathway
through which Al awareness affects performance.
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Figure 1: Research of Al awareness

Table 2: The years and countries involved in the research on Al awareness

Year Country Number Country Number Country Number Country Number

2019 China 1

2021 USA 1 China 1

2022 Eurostat 1 Pakistan 1 China 3

2023 China 1 Korea 1

2024 Indonesia 1 China 7 Egypt 1 Korea 1

2025 Vietnam 2 Turkish 1 Ghana 1 China 11
Conclusion

This study draws the following main conclusions. First, current research has reached an
emerging consensus on the conceptual definition and measurement approaches for Al awareness, with
the development of related scales being relatively unified, providing a solid instrumental foundation
for subsequent research. Second, the underlying mechanisms that give rise to Al awareness remain
underexplored. Existing literature has primarily focused on the outcome variables of Al awareness,
while less attention has been given to its antecedents, and a systematic theoretical framework has yet
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to be established. Third, further investigation is needed into the consequences of Al awareness.
Current studies mostly examine its impact on employees' psychological states, behavioral outcomes,
and job performance; however, the findings remain inconsistent, and no clear consensus has been
reached. Finally, most existing research adopts either a resource-based perspective, such as
conservation of resources theory, or a cognitive perspective, such as transactional theory of stress, to
explain how Al awareness influences employee reactions. Nonetheless, Al awareness may affect
individuals through multiple psychological pathways and social processes, suggesting that its
underlying mechanisms could be more complex than currently understood.

Recommendations

Although existing research has made certain progress in the field of Al awareness, several
critical limitations remain. In general, the current body of literature still suffers from a lack of
systematic theoretical foundations, insufficient exploration of underlying mechanisms, and relatively
narrow research perspectives. Therefore, future studies may focus on the following directions.First,
more attention should be paid to the antecedents of Al awareness. Existing studies have largely
concentrated on its outcome variables (Cheng et al., 2025; Kang et al., 2024), while investigations
into its formation mechanisms remain limited. In particular, there is a notable absence of multi-level
and systematic theoretical models. Future research should devote greater effort to understanding the
developmental pathways of Al awareness by incorporating factors at the individual, team, and
organizational levels. At the individual level, variables such as employees' professional identity,
growth mindset, and satisfaction of autonomy needs may exert significant influence on their
perception of Al. At the team level, elements including team climate, culture of change, leadership
style, and communication approaches regarding technology may also shape employees' awareness of
Al. At the organizational level, the degree of digital transformation, frequency of technological
change, clarity of technology use norms, and availability of training programs are all likely to either
suppress or amplify employees' Al awareness. Hence, future studies are encouraged to integrate
insights from multiple theoretical perspectives and to construct multi-level models that systematically
uncover the antecedents and interaction mechanisms of Al awareness. Such efforts would contribute
to building a more solid theoretical foundation for understanding its formation process.

Second, it is essential to further explore the functional effects of Al awareness. Existing
research on the consequences of Al awareness has primarily focused on employees' psychological
states, such as work engagement and turnover intention, as well as behavioral responses, including
voice behavior, silence, resistance to Al, and service sabotage, in addition to job performance (Cheng
et al., 2025; Kang et al., 2024; Liu & Cheng, 2025; Lin & He, 2024; Ma & Ye, 2022). However, the
findings across these studies remain somewhat inconsistent. While some scholars regard Al awareness
as a threat that tends to trigger negative employee behaviors, others highlight its positive potential to
stimulate employees' sense of urgency and motivation for action, which may, in turn, foster proactive
behaviors. Therefore, future research should aim to uncover the double-edged effects of Al awareness
and to clarify the conditions and boundaries under which it exerts positive or negative influences. This
can be achieved by incorporating moderating variables such as employees' self-efficacy, perceptions
of organizational justice, career security, and job autonomy, in order to identify when and under what
circumstances Al awareness produces beneficial or detrimental outcomes. In addition, future studies
may move beyond the current focus on linear relationships between Al awareness and its consequences to
examine the possibility of nonlinear dynamics. For instance, to a certain extent, Al awareness may
enhance employees' sense of workplace self-preservation by encouraging skill development and
improved service behavior; however, when the level of Al awareness is either too low or excessively
high, employees may instead adopt passive coping strategies.
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Third, broaden the theoretical perspectives on Al awareness's influence mechanisms to uncover its
multi-pathway processes. Current research on the mechanisms through which Al awareness exerts its
effects predominantly employs theoretical lenses such as conservation of resources theory and the
Transactional Theory of Stress, explaining employee behavioral reactions from perspectives of
resource flow or cognitive appraisal (Liu & Cheng, 2025; Yan et al., 2025; Zhang et al., 2025; Zhou
& Yi, 2025). Al awareness, as a subjective perception concerning the potential for future career
development and role substitution, involves complex and diverse influence mechanisms and
pathways; it is more likely the result of intertwined multiple psychological pathways and social
processes rather than a singular linear process. Future research should introduce more diverse
theoretical perspectives: for instance, self-determination theory could explain how AI awareness
influences employees' intrinsic motivation and behavioral regulation; social identity theory could
reveal how Al awareness alters employees' cognitions regarding professional identity and group
belonging, thereby affecting behavioral performance; affective events theory would help understand
how emotional experiences triggered by Al awareness influence employees' momentary decision-
making and behavioral execution. Future studies should adopt multi-theoretical integration to more
comprehensively unveil the psychological transmission pathways of Al awareness, thereby fostering
deeper theoretical development in this field.
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