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ABSTRACT

This research explores integrating augmented reality (AR) with machine learning (ML) to enhance
hands-on skill acquisition through origami folding. We developed an AR system using the YOLOv8
model to provide real-time feedback and automatic validation of each folding step, offering step-by-
step guidance to users. A novel approach to training dataset preparation was introduced, which
improves the accuracy of detecting and assessing origami folding stages. In a formative user
study involving 16 participants tasked with folding multiple origami models, the results revealed
that while the ML-driven feedback increased task completion times, it also made participants feel
more confident throughout the folding process. However, they also reported that the feedback
system added cognitive load, slowing their progress, though it provided valuable guidance. These
findings suggest that while ML-supported AR systems can enhance the user experience, further
optimization is required to streamline the feedback process and improve efficiency in complex
manual tasks.
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1 INTRODUCTION

Augmented reality (AR) is increasingly transforming education by enabling immersive, hands-on learning
experiences, particularly in scenarios where human instructors are unavailable or traditional learning
environments are inadequate (Zonaphan et al.,[2022)). By overlaying digital content onto the physical world,
AR facilitates interactive and engaging training, making it a powerful tool for skill development in both
education and practical applications (Zambri1 and Kamaruzaman, 2020).

The integration of AR with machine learning (ML) introduces new possibilities for automated feedback
in manual skill acquisition. Building on our previous work (Lysakowski et al., 2024), we explore how an
AR system powered by a YOLOv8 model can provide real-time detection and evaluation of user actions,
specifically within the context of origami folding. The novelty of this research lies in the deployment of a
state-of-the-art object detection algorithm on a resource-constrained AR device (HoloLens 2) to enable
on-device step validation without requiring external computation. Unlike previous systems, which focus on
predefined animations or step sequences, our approach evaluates both user actions and outcomes in real
time, directly influencing the learning process.



Figure 1. A user wearing a HoloLens 2 head-mounted display while folding an origami model (a), and
screenshots from the AR application showing: (b) an animated model guiding the folding process, (c) a
correctly completed folding step, and (d) an incorrectly completed folding step.

Origami, the Japanese art of paper folding, is known to enhance manual and cognitive skills by improving
fine motor abilities, hand-eye coordination, and spatial awareness (Supple et al., 2021). These benefits
make origami a valuable tool in education, therapy, and personal development, with research supporting
its effectiveness across various fields (Zhao et al.l 2020). For instance, Herbas Torrico| (2021) highlighted
how origami was used during COVID-19 lockdowns as an educational tool, emphasizing its role in
cognitive development. The pandemic also revealed origami’s versatility, with Monnier and Winters (2022)
demonstrating its calming and creative benefits during the lockdown, though also noting that printed
instructions were challenging to follow unless participants had prior knowledge of basic folds. Tutors play
an essential role in guiding learners through complex folding techniques, ensuring proper understanding of
key concepts (Andreass, 201 ).

Existing AR-based origami tutorials, such as |[Wiwatwattana et al. (2016)), lack the ability to recognize
user actions or provide automated feedback, limiting their effectiveness. To address this gap, our system
integrates state detection and validation using YOLOVS, an advanced computer vision model designed for
real-time edge applications. This ensures that origami folding steps are evaluated dynamically, enabling
interactive, step-by-step guidance (Fig.[Ib). Correct folds are validated through the neural network, allowing
progression to subsequent steps (Fig. [Tk), while incorrect folds trigger corrective feedback (Fig. [T{d).

This work builds upon our previous conference paper (Lysakowski et al., 2024), which primarily
demonstrated the technical feasibility of using YOLOVS for step validation in AR-based origami folding
on a limited number of models. In contrast, this study significantly expands the scope by incorporating a
broader range of origami designs and conducting a mixed-methods experiment comparing user performance
and perceptions with and without ML-driven feedback. By focusing on the effectiveness of real-time ML-
driven feedback in a practical setting, this work transitions from a proof-of-concept to a comprehensive
evaluation of AR-ML integration for skill acquisition.

2 RELATED WORK

Immersive technologies enable learners to interact with virtual simulations that replicate real-world tasks,
offering opportunities to develop practical skills in a controlled, repeatable environment (Zonaphan et al.,
2022)). This is especially valuable for tasks that demand manual dexterity and precision, allowing learners
to practice and refine their abilities beyond the constraints of traditional methods.

Integrating neural networks with AR significantly enhances these technologies by offering real-time
feedback and adaptive learning paths. This integration is crucial for mastering complex manual tasks
where precision and accuracy are vital. In the automotive industry, for example, AR systems enhanced
with ML models guide workers through the assembly of intricate engine components. As demonstrated



by Zogopoulos et al! (2021), these systems use image-based state tracking to identify parts and tools
overlaying step-by-step instructions directly onto physical components.

Similarly, in industrial maintenance, AR systems combined with predictive ML models offer technicians
a virtual training environment to anticipate and address potential faults before they|occur (Palmarini et al.,
2018). These systems leverage historical data to predict common issues, guiding users through diagnosti
and repair procedures with real-time feedback, thus enhancing both learning outcomes and operationa
ef ciency (Danielsson et &l., 2020).

In the medical eld, AR and ML are revolutionizing surgical training. Systems like those developed by
Pauly et al.[(2015) allow surgical trainees to practice in a simulated, risk-free environment. ML algorithms
analyze surgical movements, providing immediate feedback on technique, which is crucial for developing
the precision required in real-life surgeries (Khandelwal éf al., 2019).

Traditional crafts, such as carpentry, are also nding new possibilities through the integration of AR and
ML. Palmarini et al.|(2018) explored AR systems to guide users through processes like cutting, assembling,
and nishing woodwork, with ML used for object recognition and tracking to ensure accuracy at each
stage. With the use of immersive technologies, such training can be extended, offering learners a virtual
workshop where they can experiment and learn without the risk of wasting materials.

Origami, which requires intricate manual skills, serves as an exemplary case for AR-enhanced learning.
Wiwatwattana et al/ (2016) introduced Origami Guru, an AR application designed to assist users in paper
folding. However, limitations such as the lack of real-time feedback and action recognition reduced its
effectiveness. Our work addresses these limitations by incorporating ML, particularly object detection
frameworks like YOLOVS, to provide real-time feedback and assessment. This approach allows users to
practice origami in a virtual environment that replicates the physical world, offering instant corrections and
ensuring precise execution of each folding step.

Research such as PlayGAMI (Grandhi and Chang, 2019) and the work of Watanabe and Kinoshita (2012)
have explored the potential of real-time tracking in origami using visual markers on paper or comparing
silhouettes of the folded paper for each step, though these methods are less adaptable to standard origar
materials. Similarly, Shimanuki et al. (2020) employed single-camera setups to analyze origami operations,
but this pipeline requires rigid constraints, such as uniform backgrounds and simplistic assumptions about
paper geometry. By contrast, our system applies YOLOVS, leveraging its ability to generalize across diverse
backgrounds and lighting conditions without relying on strict environmental controls.

Recently, the mixed-reality system Origami Sensei (Chenlét al.| 2023) achieved automatic origami step
recognition based solely on the paper's appearance, using computer vision to identify folding steps and
provide real-time projections and verbal instructions. Unlike our approach, which leverages YOLOvS8
directly on a HoloLens 2 for real-time, on-device feedback and step validation, Origami Sensei relies
on external devices like a tablet and projector, introducing latency and hardware dependencies. By
implementing our system entirely within the AR glasses, we eliminate external components, achieving a
more seamless and portable user experience.

The application of object detection on AR headsets has been a signi cant area of research| (Farasin
et all, 2020; Goka et al., 2022; Kim et|al., 2023; ysakowski et al., 2023a). For instance, Farasin et al.
(2020) investigated a two-stage network strategy for object detection and tracking that relies on of oading
computation to a high-performance server. While this method bene ts from server-side processing power,
it restricts the headset to merely capturing video frames and displaying the processed results, necessitatin:
reliable and fast network connections like Wi-Fi or LTE. In contrast, our approach focuses on achieving



real-time object detection directly on the headset using the advanced YOLOv8s network, eliminating the
need for server-side processing. This software design reduces latency, which is essential for maintaining
user immersion (Chen et al., 2018).

Furthermore, simpler algorithms that are designed to execute in real-time on AR headsets, as demonstrate
by Malek et al. (2022), highlight the practicality of performing computations directly on the device for
certain tasks. Additionally, frameworks such as Vuforia (PTC, 2023) and EasyAR (EasyAR, 2024) can also
be utilized. Our approach strikes a balance by employing a robust, cutting-edge model on the AR headse!
combining the bene ts of real-time, on-device processing with the adaptability and broad applicability of
sophisticated object detection frameworks.

While YOLOVS provides critical real-time detection capabilities for a hands-on AR application, it faces
challenges such as varying environmental conditions and the computational constraints of AR devices
ysakowski et al. (2023b) highlight these issues, noting that factors like lighting and view angles can
impact detection accuracy. To mitigate these challenges, alternative object detection algorithms can b
considered. For instance, the Single Shot MultiBox Detector (SSD) discussed by Liu et al. (2015) offers a
balance between speed and accuracy, making it suitable for scenarios where slightly higher processin
latency is acceptable. This approach gives users more time to process visual and contextual informatior
reducing cognitive overload and allowing for better decision-making (Johri et al., 2024). Alternatively,
Faster R-CNN (Ren et al., 2015) provides higher detection accuracy at the cost of speed, making it &
viable option for tasks requiring meticulous object recognition and classi cation, such as detailed medical
simulations or complex industrial processes.

The integration of ML with AR for hands-on training, as explored in this work, marks a signi cant
advancement by enabling autonomous, real-time evaluation of each step's correctness directly on AR
headgear. This approach surpasses traditional AR tutorials by offering intelligent, interactive feedback,
enhancing user independence.

3 SYSTEM ARCHITECTURE AND IMPLEMENTATION

Our system is implemented within the Unity game engine, leveraging its robust capabilities to develop an
interactive AR application aimed at assisting users with origami folding lessons. At the start, users can
select the primary color of the paper sheet, assuming the opposite side is white, and then choose one ¢
the available origami models to fold. Initially, our application presents an animation demonstrating the
complete folding process (see Fig. 1b), followed by interactive, step-by-step instructions. Next, the users
physically fold the paper according to these instructions and, after completing each step, press a virtua
button to con rm their progress (see Fig. 1c). The completion of this process results in a folded origami
model.

The system architecture (Fig. 2) integrates a neural network-based algorithm that predicts the state
of the folded paper after each step. Speci cally, a YOLOv8s (Yaseen, 2024) neural network, a state-
of-the-art object detection framework known for its speed and accuracy in identifying objects within
images, is employed to detect and classify the various stages of the paper folding process. The YOLC
("You Only Look Once") model operates by dividing an input image into a grid and predicting bounding
boxes and class probabilities for objects within the image in a single pass, making them well-suited for
real-time applications (Redmon et al., 2016). Since predictions are made on demand, the system uses
compact neural network model with input images resized to<320 pixels, achieving an inference time
of approximately 500 ms, which strikes a balance between accuracy and performance.



Figure 2. Data and control ow in the origami folding application with ML-based outcome assessment.

The diagram (Fig. 3) outlines the interactive origami folding process supported by animation and real-
time validation. It features a sequence starting with an animation button to demonstrate each folding step.
followed by a validation process that uses camera-based feedback to assess fold result, displaying succe:
or error messages accordingly.

Figure 3. The diagram illustrates the step-by-step origami folding process with feedback. The initial step
illustrates the (1) "Play animation" button, which initiates the animation demonstrating the correct method
for executing the current step of the folding process. Once the folding process is complete, the user is
required to press the button labeled (2), which initiates the validation process. Subsequently, the user is
prompted by the text (3) "Look at your card" to move their head to make the paper sheet visible in the
camera. In the event of a successful fold detection, the text element (4), "OK!", is displayed. Conversely, in
the event of an unsuccessful fold, the text (3), "Error! Do it again!", is displayed.

We chose the YOLOvV8s model for its ef ciency in balancing speed and accuracy, making it well-suited
for real-time or near-real-time applications, such as detecting the stages of paper folding in our AR origami
system. YOLOvV8s offers a compact architecture that delivers high detection accuracy while maintaining
fast inference times (Jocher et al., 2023), which is crucial for processing on resource-constrained devices
like the Microsoft HoloLens 2 (HL2) mixed reality head-mounted display (HMD). Additionally, YOLOv8s'
ability to perform well with relatively small input image sizes (in our case 3280 pixels) ensures that our
system can quickly and accurately classify folding stages without compromising the user experience. The
model's robust performance across various datasets also ensures that it can generalize well to unseen pap
colors and different lighting conditions, further justifying its use in this application. We further enhanced



system performance by employing the Unity Sentis library, a successor to the Barracuda neural network
inference library, for on-device inference on the HL2 HMD.

Figure 4. Representation of an example models' grid in Blender (a) and a diagram depicting the step-by-
step process of folding the model (b).

The origami models were designed using Blender software, following a detailed analysis and preparation
of physical models. The folding mechanics were studied, and a virtual grid was created to accurately
represent the fold lines (Fig.4(a)). Each folding step was modeled as a distinct entity, with transitions
between steps smoothly animated within Unity. These animations were carefully synchronized so that
the nal state of one step seamlessly aligns with the initial state of the next, as illustrated in Fig. 4(b).
Although an animation method similar to the one proposed by Agui et al. (1983), which utilizes folding
rules, could have been applied, the keyframe-based method supported by Blender offers several advantage
Blender allows for precise control over fold geometry, integrates seamlessly with modern 3D rendering
tools, including Unity (Suhail et al., 2024), and supports intuitive adjustments of fold animations through a
graphical interface, reducing the complexity of manually assigning keyframe coordinates.

The YOLOv8s model was trained on a custom dataset comprising images of the folded models capturec
from different angles and distances to closely resemble real-world conditions (see Fig. 5). To capture these
images the frontal camera of the HL2 HMD was used, which is the only RGB camera available on this
device.

To streamline the dataset preparation process, we utilized the Segment Anything Model (SAM) by
Kirillov et al. (2023), an advanced image segmentation tool developed by Meta Al, and the Track Anything
algorithm (Yang et al., 2023), which is based on the Segment Anything Model. The ability of SAM to
perform zero-shot learning, which allows it to identify objects without needing speci ¢ training examples,
makes it an ideal t for our application. We used prompts based on points on the folded objects to guide
SAM in achieving precise segmentation. Then, Track Anything facilitated the generation of the ground
truth data. After manually labeling the rst frame of each stage, we used Track Anything to segment the
folded models from the remaining images in the sequence, considering different color on both sides of the
folded paper sheet. The obtained segmentation masks were used to create bounding boxes, which we
then saved in the appropriate format. This automated pipeline signi cantly expedited the process of data
acquisition, labeling, and model training, enabling the ef cient training of the YOLOvV8 neural network.

Additionally, color augmentation was applied in the HSV (Hue, Saturation, Value) space to increase
the dataset's variability by changing the color of the other (non-white) side of the paper. This process
resulted in approximately 150 training images and 70 validation images per stage for each origami model
Additionally, 30 images per stage were collected for the test set, featuring new paper colors and various
lighting conditions to ensure robust generalization. The dataset covers all folding stages, and standart
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