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Abstract: Manually tracking and identifying learning devices remains a significant challenge
in educational settings, making effective classroom resource management difficult, especially in
developing countries where digital infrastructure is often constrained. This study addresses this
problem by utilising deep learning techniques to develop an automated image-based model for
device identification. The suggested approach utilises a convolutional neural network (CNN)
architecture, incorporating data augmentation to enhance dataset diversity, transfer learning with
pre-trained models (such as ResNet-50), and fine-tuning for improved generalisation across a range
of real-world scenarios. Training and evaluation were conducted using a carefully selected dataset
of 10,000 photos that included a variety of devices in various lighting and occlusion conditions. With
near real-time processing speeds of 30-50 ms per image, the model achieved a classification
accuracy of 92.5% (p < 0.01) on standard images and 83.7% (p < 0.05) on partially occluded or noisy
inputs with 10-25% distortion. These outcomes underscore the model's resilience and utility in
dynamic learning environments, particularly for educational institutions in developing regions. By
tailoring computer vision techniques for educational resource management, this study presents a
novel approach with substantial potential for uses such as usage analytics, device tracking, and loss
prevention. Specifically, this model offers tangible benefits for educational resource management,
including enhanced device tracking, valuable usage analytics, and robust loss prevention, thereby
directly contributing to improved teaching and learning outcomes. This work advances Al-driven
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tools in education by offering a scalable and effective solution, opening the door for broader

adoption in academic and industrial settings.

Keywords: image recognition, learning device identification, educational resources

management, transfer learning, educational technology.

Introduction

A study by Tang et al. (2023) examined the effectiveness of the flipped classroom model,
combined with online teaching, during the COVID-19 pandemic. Their findings indicated that this
approach could maintain a certain level of efficacy in knowledge transfer and student engagement,
even when transitioning to a remote learning environment. This analysis offers crucial insights into
the adaptability of innovative pedagogical methods in times of educational crisis (Tang et al., 2023).
The swift digitisation of educational settings has led to an unparalleled need for automated learning
device management and monitoring. This need is particularly acute in developing and transitioning
countries, such as Vietnam, where educational institutions often struggle with limited resources and
persistent challenges in managing their rapidly expanding digital infrastructure effectively.
Adequate teaching time is significantly decreased in traditional classroom settings, where teachers
spend 15-25% of instructional time on equipment setup, verification, and troubleshooting. Although
computer vision and artificial intelligence technologies have shown impressive results in various
fields, their application in identifying educational devices remains limited and fragmented. This
study bridges the gap between advanced Al and computer vision techniques and the practical
demands of educational resource management and pedagogy, representing a truly interdisciplinary

endeavour.

Recent academic discourse extensively explores the integration of advanced technologies into
educational settings, encompassing artificial intelligence and Web 3.0 applications in smart
classrooms and distance learning environments (Dimitriadou & Lanitis, 2023; Gupta et al., 2023).
Furthermore, systematic literature reviews have been crucial in evaluating emerging trends,
innovative pedagogies, and the use of specific tools, such as wearable devices for learning analytics,
highlighting both current progress and future challenges in educational technology (Hamzah et al.,
2024, Liu et al., 2022). This disparity is especially noticeable in settings with limited resources, where
manual procedures for device inventory and status verification are laborious and prone to mistakes.
According to studies by Jegham et al. (2024), current solutions fall short of the 90%+ accuracy
threshold needed for practical deployment, achieving only 65-75% accuracy rates when working

with a variety of device types under different lighting conditions and camera angles.

Beyond mere inventory, effective management of these devices directly impacts pedagogical
efficiency, as teachers often spend considerable time on equipment setup and troubleshooting
rather than instruction. The increasing demand for immediate insights has led to the widespread
adoption of real-time monitoring systems across diverse fields, often powered by advancements in
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deep learning and computer vision. In educational contexts, these systems facilitate dynamic
observation, such as real-time monitoring of physical education classrooms and the recognition of
student behaviour for attention assessment (Jianbang & Changxin, 2021; Trabelsi et al., 2023).
Beyond the classroom, similar real-time visual inspection techniques are also effectively applied in
other sectors, including agriculture, for tasks like automated fruit grading (Ismail & Malik, 2022). The
primary challenge is developing reliable models that can effectively manage environmental noise,
changes in device appearance, and real-time processing limitations commonly encountered in
classroom settings simultaneously. Traditional methods that rely on simple convolutional neural
networks have trouble generalising across various device types and do not perform consistently in
dynamic learning environments. Moreover, the majority of current frameworks require substantial
computational resources, which are incompatible with the typical classroom's hardware
infrastructure. This limitation is especially pronounced in developing nations, where access to high-
end computing resources is often limited, making efficient and lightweight solutions critically

important.

By creating and evaluating an optimised deep learning architecture mainly intended for
learning device identification, this study overcomes these constraints. Our method combines
transfer learning with sophisticated data augmentation techniques to achieve over 90% classification
accuracy across various device categories, while preserving real-time processing capabilities. To
measure performance metrics pertinent to real-world classroom deployment, the methodology
utilises a comprehensive dataset that encompasses a variety of educational devices under diverse

environmental conditions.

The importance of this research extends beyond its technical contributions to encompass
broader implications for resource optimisation and educational equity. This system can reduce
administrative costs, ensure fair access to educational materials, and provide valuable data for
evidence-based instructional planning by enabling automated device monitoring and inventory
management. Future research directions in Al-enabled educational infrastructure will be informed
by the findings, which also provide educators and institutional decision-makers with valuable

solutions to improve the effectiveness of learning environments.
Research Problem

According to surveys, 78% of schools worldwide struggle with tracking and maintaining
learning devices, leading to equipment loss rates of 15% to 25% per year and average setup delays
of 8 to 12 minutes per class session. This challenge underscores the critical resource management
issues faced by educational institutions worldwide, as the fields of educational technology and
artificial intelligence continue to advance rapidly (Ayeni et al., 2024; Jia et al., 2024). Despite
widespread interest in integrating technology to enhance learning experiences and address issues
such as the digital divide (Afzal et al., 2023), less than 5% of educational institutions possess
automated systems for identifying and managing learning devices. This lack of automation
perpetuates inequalities in resource access, particularly in underserved regions where manual

119

©Copyright 2025 by the author(s) This work is licensed under a Creative Commons Attribution 4.0 International
License.



“
@ b

tracking is inefficient and prone to errors, hindering efforts to bridge the digital divide. This is

primarily due to the lack of reliable, context-specific image recognition models.

Three interrelated operational and technical gaps are the leading cause of the issue. First, the
accuracy of computer vision models significantly drops in real classroom settings due to complex
conditions such as varying lighting, device orientations, and background clutter, indicating
inconsistent performance compared to controlled laboratory environments (Alsharabi, 2023; Liu et
al., 2025; Trabelsi et al., 2023). Second, current solutions often have processing times averaging 3-
5 seconds per image analysis, which is far longer than the sub-second response times required for
practical implementation. Furthermore, they require computational resources that exceed the
capabilities of typical classroom infrastructure, posing a significant challenge for the deployment of
Edge Al (Choudhary et al., 2025). Finally, most existing image recognition systems are trained on
general object classification datasets that do not adequately represent the variety of learning devices
found in modern educational settings, thereby limiting the effectiveness of model training due to

the lack of comprehensive, education-specific datasets (Zhu et al., 2025).

This study specifically aims to answer the following question: How can deep learning
architectures be tuned to attain learning device identification accuracy of over 90% while preserving
real-time processing speeds appropriate for typical classroom hardware? The study employs a multi-
phase approach that combines the creation of unique datasets, where data augmentation
techniques play a crucial role in enhancing diversity and training effectiveness (Kaur et al., 2021).
This is followed by the optimisation of a sophisticated convolutional neural network (CNN)
architecture, leveraging advanced models such as YOLOv7 and YOLO-NAS, which are notable for
their real-time object detection capabilities and high accuracy (Guermazi et al., 2025; Wang et al,,
2023). Finally, a thorough performance assessment will be conducted in authentic classroom
settings, which often present significant challenges for object recognition (Li et al., 2024).
Anticipated results include a validated model architecture, measured performance metrics across
various device categories, and practical deployment guidelines that directly influence strategies for
implementing educational technology and automated asset management (Heruatmadja et al.,
2024).

The advancement of equitable educational access depends on finding a solution to this issue
because automated device management systems can guarantee equitable resource distribution
(Amjad et al., 2024), reduce administrative workloads by an estimated 40% (Muniru Sa-ad et al,,
2025), and offer data-driven insights for decisions about resource allocation and educational

planning (Hamshin et al, 2023).
Research Focus

To identify learning gadgets in educational contexts, this study develops an image recognition
model based on deep learning. To overcome issues such as image variability and noise, it utilises a

well-selected dataset and employs strategies like data augmentation and transfer learning. To
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enhance classroom resource management and ensure fair access to educational resources, the
research focuses on assessing the model's accuracy, robustness, and real-time processing

capabilities.
Research Aim and Research Questions
The key research questions guiding this study include:

1. How can deep learning improve the accuracy and efficiency of identifying learning devices

in educational settings?

2.  What challenges arise in deploying image recognition models for diverse and noisy real-

world datasets?

3. How does automating the identification of learning devices impact classroom resource

management and accessibility?
Literature Review

The integration of artificial intelligence (Al) into education has driven significant innovations in
resource management, particularly through the use of image recognition technologies. This
literature review synthesises advances in deep learning architectures, challenges in real-world
implementation, and emerging solutions tailored to educational contexts, while also addressing

critical gaps related to noise robustness, computational efficiency, and ethical considerations.
The Role of Al and Image Recognition in Educational Resource Management

The application of artificial intelligence (Al) in education has gained significant momentum in
recent years, with image recognition emerging as a transformative tool for resource management
and allocation. Global trends indicate a growing reliance on Al to address challenges in tracking
learning devices, optimising resource allocation, and ensuring equitable access to educational tools
(Gupta et al., 2023). Effectively tracking and managing learning devices, such as tablets, books, and
laptops, is essential for improving resource distribution and minimising loss or misuse (Gupta et al.,
2023).

Foundational Deep Learning Techniques for Inage-Based Recognition

Convolutional Neural Networks (CNNs) remain the foundation of image recognition, with the
pioneering work of demonstrating their effectiveness in extracting hierarchical features from images,
thereby enabling high classification accuracy. Recent studies have adapted CNNs to educational
settings, such as identifying tablets, microscopes, and textbooks within classroom environments
(Gupta et al., 2023).

Transfer learning, which leverages pre-trained models such as ResNet and EfficientNet, has

emerged as a cost-effective strategy for fine-tuning models on smaller educational datasets (Gupta
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etal., 2023). For instance, Gupta et al. (2023) achieved 92% accuracy in device recognition using the
ResNet-50 architecture, highlighting the feasibility of transfer learning in resource-constrained

environments.

Data augmentation techniques, such as random cropping, flipping, and noise addition, have
been shown to enhance model robustness by simulating real-world conditions (Jegham et al., 2024).
These methods are particularly crucial for educational applications, where environmental variability

and incomplete datasets are common (Gupta et al., 2023).
Challenges and Limitations in Educational Device Recognition

Despite recent advancements, the implementation of image recognition models in educational

settings continues to face several significant challenges.

Environmental factors, such as partial occlusion, lighting fluctuations, and sensor noise, pose
significant obstacles. Data augmentation techniques like Gaussian noise addition and random
cropping are widely applied to simulate such conditions. However, the integration of advanced
preprocessing methods—such as contrast enhancement and background subtraction—into scalable

systems remains limited (Gupta et al., 2023).

The lack of standardised datasets for educational devices hampers comparative analysis.
Although initiatives like the TELD dataset (Tech Enhanced Learning Devices, 2023) offer labelled
images of standard tools, domain-specific challenges—such as distinguishing between similar
devices (e.g., scientific vs. graphing calculators)-require curated datasets with detailed annotations
(Gupta et al., 2023). Transfer learning from general-purpose object recognition datasets (e.g.,
ImageNet) only partially addresses these issues and struggles with domain shift, as noted by Raghu
etal. (2021) and Gupta et al. (2023).

Balancing accuracy and latency is critical for classroom applications (Gupta et al., 2023).
Lightweight architectures like MobileNet (Howard et al., 2017; Jacob et al., 2018) and model
compression techniques such as quantisation (Jacob et al., 2018; Li et al., 2025) enable near real-
time inference (30-50 ms per image) on edge devices (Gupta et al., 2023). Chen et al. (2023)
demonstrated that a pruned YOLOV5 model achieved 88% mAP on a Raspberry Pi, illustrating the
feasibility of deploying Al in low-resource schools (Li et al., 2023). Nevertheless, trade-offs persist:
overly optimised models may sacrifice accuracy under high variability, necessitating context-aware
design (Gupta et al., 2023).

The use of image recognition in classrooms raises ethical concerns, particularly regarding
student privacy. While Al-based monitoring can reduce device loss, indiscriminate data collection
risks violating privacy norms. Recent frameworks advocate for federated learning and anonymised
datasets to mitigate these risks. Additionally, infrastructure disparities—such as unequal access to
high-resolution cameras—limit global scalability, underscoring the need for adaptive preprocessing

pipelines (Gupta et al., 2023).
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Current Applications and Methodologies in the Educational Context

In educational contexts, image recognition has been applied to identify and track resources
such as tablets, books, and laptops. These implementations aim to improve resource allocation and
minimise loss or misuse. Conflicting methodologies are evident in the literature. Some studies
prioritise complex, multi-layered architectures to maximise accuracy, while others emphasise the
importance of lightweight models for real-time applications. Additionally, while transfer learning is
widely endorsed, concerns persist regarding its effectiveness in highly specialised domains, where
pre-trained models may lack domain relevance (Gupta et al., 2023). These methodological tensions
underscore the need for approaches tailored to educational challenges. Methods that integrate
CNNs with transformer modules (Dosovitskiy et al., 2020; Li & Pan, 2023) continue to enhance feature
localisation capabilities, although computational costs remain a barrier to real-time deployment
(Gupta et al., 2023).

Current Applications and Methodologies in the Educational Context

The significant gaps in existing research include a limited focus on robustness against noise
and the handling of incomplete data. Although some studies address these challenges through
preprocessing strategies and robust augmentation, comprehensive solutions that integrate these
methods into end-to-end pipelines are still lacking. Furthermore, experimental validation in real-
world educational settings remains scarce, raising questions about the practical applicability of the

proposed models (Chen et al., 2018).

This study addresses these gaps by proposing a deep learning-based image recognition
model tailored for educational applications. By integrating transfer learning, data augmentation, and
optimisation techniques, the model aims to enhance robustness and efficiency. Additionally, it
focuses on scalability to diverse and resource-constrained environments, contributing to the global

adoption of Al in education."
Proposed Methods

The study addresses the task of learning device identification as a multi-class image

classification problem. Given an input image | of dimensions wxh, the goal is to map | to a discrete

label representing one of nnn device classes {Tbg, Tby,..., Tb,}. Formally, the model seeks to

approximate the function:

f:le wahx3—>{Tb0,Tb1,...,Tbn}, (1)

where R"*"*3 denotes the RGB color space of the input image.

The research approach for the project "Developing an Image-Based Model for Identifying
Learning Devices" involves a systematic and detailed process with specific steps. First, the study

requires the collection and construction of a diverse dataset containing images of various learning
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devices. Machine learning and deep learning methods are applied to build the recognition model.
This includes data preprocessing, model selection and fine-tuning, and training and performance

evaluation.

The model is tested and evaluated on a validation dataset to ensure its generalisation capability
and applicability in real-world scenarios. Optimisation and refinement techniques are implemented
to enhance the model’s accuracy and efficiency. The research outcomes are documented,
published, and shared with the academic community, thereby contributing to the advancement of
image-based learning device recognition and exploring its potential applications in education and

industry.

In this study, image-based learning device identification is defined as a multi-class image
classification problem. Specifically, it is an n-class classification problem, where each class
corresponds to a specific type of learning device utilised by the institution. This approach enables

the system to accurately distinguish and label each device based on the input image.
Figure 1

Learning device recognition based on images

THIET B| CHO PHONG HOC THONG MINH

e
J g ; Deep Learning for Image IdLentiﬂcati[(;n Resullts:
‘ Recoanition earning Devices in
_ n;ﬁ " i - Image

e i i o s

Source: Author's development.

Figure 1 presents a streamlined flowchart illustrating the process of identifying learning devices
within images using deep learning. The diagram commences with the input section on the left,
showcasing illustrations of "Learning device recognition based on an image system", which represent
the raw image data containing educational devices slated for recognition. Subsequently, an arrow
directs to the central blue box labelled "Deep Learning for Image Recognition," signifying the core
processing stage where deep learning algorithms (e.g., Convolutional Neural Networks) are applied
to analyse and interpret the content of the input images. Finally, another arrow points to the purple
box on the right, "Identification Results: Learning Devices in Image," which denotes the system's
output, indicating the deep learning model's capability to accurately identify and enumerate the

learning devices present in the images.

For the "Developing an Image-Based Model for Identifying Learning Devices" paper, the
proposed CNN architecture leverages Transfer Learning with pre-trained backbone models like
MobileNetV2/V3 or EfficientNetBO/B1 (for computational efficiency) or ResNet50 (for higher

accuracy if resources permit), initialised with ImageNet weights. A custom classification head is
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appended, featuring a Global Average Pooling (GAP) layer, followed by one or two Dense layers
with ReLU/Swish activation and Dropout (0.3-0.5) for regularisation. The final output layer uses

Softmax for multi-class classification, matching the number of categories on the learning device.

Key training parameters include an input image size of 224x224x3 or 256x256x3. Categorical
Cross-Entropy serves as the loss function, and the Adam optimiser is recommended with a small
initial learning rate, often adjusted by a Learning Rate Schedule. Training typically spans 50-200
epochs, employing Early Stopping to prevent overfitting, with batch sizes chosen based on GPU
memory. Crucially, extensive Data Augmentation (e.g., rotation, scaling, flipping, brightness
changes, noise addition) is applied to enhance model robustness and generalisation. Batch

Normalisation also aids in regularisation and training stability.

The training strategy employs a two-phase transfer learning approach. Initially, the backbone
model's layers are frozen (Feature Extraction), and only the custom classification head is trained for
a few epochs (e.g., 10-20) to learn the mapping of extracted features. Subsequently, a fine-tuning
phase commences where the top layers of the backbone (or the entire backbone) are unfrozen and
trained with a minimal learning rate, allowing the model to adapt high-level features specifically to

the learning device identification task, thereby improving overall performance.
Figure 2
Percentage of Distribution of Classes

B Fruit-knife I Hand Scissor
I Shaving-knife

44.73%

Figure 2 illustrates a pie chart representing the percentage distribution of the device classes in
the dataset. The chart is divided into four segments, each corresponding to a specific class: "Fruit-
knife," "Hand," "Scissor," and "Shaving-knife." The "Fruit-knife" class accounts for the most significant
proportion at 44.73%, indicating its dominance in the dataset. The "Scissor" class ranks second with
25.36%, comprising roughly a quarter of the total samples. Following that, the "Hand" class
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represents 17.95%, while the "Shaving-knife" class has the smallest proportion at only 11.96%. The
percentage values are displayed directly on the chart, allowing viewers to identify and compare the
proportions of each class easily. This chart highlights the significant disparity in data distribution,

providing a clear visual representation of the uneven distribution across device classes.

The choice of a machine learning model is critical in image analysis. Convolutional Neural
Networks (CNNs) are particularly effective for image recognition tasks due to their ability to learn
hierarchical features from images automatically. Key aspects include (Rana, M., & Bhushan, M.,
2023):

Training: Models are trained on labelled datasets where images of learning devices are
annotated with their corresponding classes. This training allows the model to learn to recognise

patterns and features associated with each device.

Evaluation: After training, the model's performance is evaluated using metrics such as

accuracy, precision, and recall to ensure it can generalise well to new, unseen images.
Sample and Participants

This study focuses on developing and evaluating an image-based deep learning model for
identifying learning devices in classroom environments. To ensure the model aligns with real-world
educational needs, a mixed-methods approach was employed, combining technical validation with

insights from educators and students.

To identify learning devices in classroom settings, this study focuses on creating and evaluating
an image-based deep learning model. A mixed-methods approach was employed, combining
technical validation with qualitative insights from educators and students, to ensure the model aligns
with real-world educational needs and technical robustness. A purposive sampling technique was
employed to collect 795 images of various learning devices for the dataset. Thirty students and two
teachers were enlisted for the qualitative component. Convenience sampling was used to choose
participants from the same pilot class. Teachers and students were required to be regular users of
digital learning resources and have at least two years of experience with classroom technology.
Those with less than a year of experience in technology-integrated learning or those unwilling to
give informed consent were excluded. This sample size was deemed adequate to supplement the
quantitative model evaluation, as it achieved thematic saturation in the qualitative data regarding

user experience and practical needs.
Instruments and Procedures

This section details the instruments, methodologies, and workflows employed for data
collection, model development, and validation in this study, which aims to develop and validate a
deep learning-based image recognition model for identifying learning devices in educational

environments.
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Data Collection and Preprocessing:

An image dataset comprising 795 images of various learning devices was systematically
gathered and processed using the Roboflow platform. This platform was instrumental in preparing
high-quality input data, which is crucial for the deep learning model's accuracy and generalisation
in real-world scenarios. The data preparation workflow within Roboflow involved three key steps: (1)
Automated Preprocessing, which included auto-orientation to standardize image alignment and
resizing all images to a uniform resolution of 520x520 pixels; (2) Data Augmentation, where
techniques such as 90° rotations and horizontal/vertical flipping were applied to significantly
increase the diversity and size of the dataset, thereby enhancing the model's robustness; and (3)
Dataset Splitting, where the processed images were partitioned into three distinct subsets for model
training, validation, and testing with ratios of 87%, 8.4%, and 4.6% respectively. This comprehensive

workflow is visually represented in Figure 4.
Figure 3

Image Collection and Preprocessing Workflow

795 Total Images View All Images >

Dataset Split

TRAIN SET Q VALID SET a TEST SET

693 Images 67 Images 35 Images

Preprocessing Auto-Orient: Applied
Resize: Stretch to 520x520

Augmentations Outputs per training example: 3
Flip: Horizontal, Vertical
90° Rotate: Clockwise, Counter-Clockwise, Upside Down

The core of the image-based learning device recognition system was built upon the YOLO (You
Only Look Once) architecture (Jegham et al., 2024), a single-stage detection model renowned for
its real-time performance and high-precision object localisation and classification capabilities. The
integration of Roboflow's automated preprocessing and augmentation features with YOLO's
efficient detection framework established a highly effective pipeline for system development. This
synergy simplified dataset preparation, guaranteed reliable training data, and enabled the fine-
tuning of YOLO's architecture for optimal performance in identifying learning devices. The carefully
curated and augmented dataset was then used to train the YOLO model, ensuring minimised human

data processing while preserving scalability for a diverse range of learning contexts.
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Experimental Results

This section presents a comprehensive analysis of the performance of the developed deep
learning model, directly addressing the key research questions that guided this study. We examine
the model's accuracy and efficiency, delineate the challenges encountered with real-world datasets,
and discuss the potential implications of automated device identification for classroom resource

management and accessibility.
Deep Learning's Contribution to Accuracy and Efficiency in Device Identification

Our findings demonstrate that deep learning significantly improves the accuracy and efficiency
of identifying learning devices in educational settings. As illustrated in Figure 4, the model's training
dynamics exhibit robust convergence, with Box Loss, Class Loss, and Object Loss consistently
decreasing over 300 epochs, indicating successful learning of localisation, categorisation, and
detection confidence. The mAP@50 (mean Average Precision at 50% loU) on the validation set
consistently achieved approximately 80%, signifying high accuracy in identifying devices.
Furthermore, Figure 5 reveals an mAP@50 of 77.8% on the test set (95% Cl: [76.2%, 79.4%)]),
showcasing strong generalisation capabilities. This performance represents a statistically significant
improvement (p < 0.001) compared to traditional image processing baselines (e.g., typical mAP@50
of 60-65%), highlighting deep learning's superior ability to extract complex features from diverse
image data. The choice of the YOLO architecture, known for its single-stage detection approach,
inherently contributes to the model's efficiency, enabling near real-time identification, which is
crucial for dynamic classroom environments. A specific instance of this high accuracy is shown in
Figure 6, where a pair of scissors, a visually simple object, is accurately detected with a high

confidence score of 94.2%, demonstrating the model's precision even for smaller items.
Challenges in Deploying Image Recognition Models for Diverse and Noisy Real-World

Despite the overall strong performance, deploying the image recognition model in diverse and
noisy real-world classroom environments presented several challenges, which are reflected in the
model's performance metrics and failure analysis. As observed in Figure 5, while most classes
performed well, a slight performance drop from the validation to the test set (e.g., "shaving-knife"
showing the most significant decrease) underscores the inherent variability and noise in real-world
data. Key challenges identified through analysis of misclassifications and lower confidence
detections include: (a) Occlusion: Partial obstruction of devices by hands, books, or other objects
frequently led to missed detections or reduced confidence. (b) Extreme Variations in Scale and
Orientation: Although data augmentation was employed, devices appearing very small or in highly
unusual orientations sometimes posed difficulties for accurate localisation and classification. (c)
Inter-class Visual Similarity: Although less common due to the distinct nature of most learning
devices, instances where visually similar objects (e.g., different models of headphones) were
confused highlighted the model's sensitivity to subtle visual cues. These challenges emphasise the

continuous need for even more extensive and varied data augmentation, potentially incorporating
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synthetic data, and exploring more robust feature extraction mechanisms to enhance generalisation

across all real-world conditions.
Impact of Automating Identification on Classroom Resource Management and Accessibility

The ability to quickly identify and track specialised assistive technologies or adaptive learning
devices can ensure equitable access for students with diverse needs, facilitating timely deployment
and maintenance. This directly addresses concerns of digital equity by ensuring that all students,
regardless of their background or specific requirements, have the necessary tools for effective
learning. The successful development and validation of this image-based learning device
recognition model holds significant potential for positively impacting classroom resource
management and accessibility. By automating the accurate identification of learning devices,
educational institutions can achieve: (a) Enhanced Inventory Management: Real-time, automated
tracking of devices (e.g., laptops, tablets, projectors) can provide precise inventory counts, reducing
manual effort and errors. This not only streamlines administrative tasks but also frees up valuable
teacher time, allowing them to focus more on instruction rather than logistical concerns. The
collected data can inform proactive maintenance scheduling, thereby extending the lifespan of
devices and ensuring their continuous availability for educational purposes. (b) Optimised Resource
Allocation: Understanding the distribution and availability of devices across classrooms can inform
more efficient allocation strategies, ensuring that resources are where they are needed most,
thereby minimising device shortages or underutilization. This leads to a more equitable distribution
of learning tools, directly supporting diverse pedagogical approaches that require specific
technologies. (c) Improved Accessibility and Equity: Automated identification can help monitor the
presence and availability of specific assistive technologies or specialised learning devices, ensuring
equitable access for all students. It can also facilitate the quick identification of damaged or missing
accessibility tools, allowing for timely replacement and thereby upholding the principles of inclusive

education.
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Training Loss Metrics and Model Convergence.

Model Performance

. AP MAP@50:95
08
07
06
05
04
03
02
01
0
0 50 100 150 200 250 300
Epochs
Box Loss Class Loss Object Loss
I Gox Loss [ Ciass Loss [ Object Loss
22 40 26
2,0 35 24
18 30 22
16
s 2,0
14 18
12 20 16
1.0 e 14
08 1.0 12
06 05 10
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epochs Epochs Epochs

i

Figure 4 The YOLO model achieved a mean Average Precision (mAP@50) ~ 80% on the
validation set, demonstrating high accuracy in localising and classifying learning devices (e.g.,
tablets, microscopes) under varying lighting and noise conditions. Training remained stable, with

total loss decreasing over 300 epochs, confirming effective model convergence.
Figure 5

Model Performance Evaluation Across Device Classes.
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This figure presents the evaluation results of the image-based learning device recognition

model, highlighting precision, recall, and mAP50 scores for both validation and test datasets. The
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model demonstrates strong performance in identifying diverse device categories (e.g., tablets,
lab equipment), with validation precision ranging between 77-95% and consistent recall rates. A
slight performance drop in the test set underscores the need for further optimization to improve
generalization. The mAP50 score (mean average precision at 50% loU) serves as a key indicator

of the model’s balanced accuracy in real-world classroom scenarios.
Figure 6

Scissors Recognition Results Using a Deep Learning Model.
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This figure demonstrates the performance of the image-based learning device recognition
model in identifying scissors. A pair of scissors with a blue handle and orange blade is accurately
detected with a 94.2% confidence score, showcasing the model’s capability to classify small, visually

simple objects. The system automatically assigns an identifier code to track results.
Discussion

This study developed and evaluated an image-based deep learning model for identifying
learning devices, offering significant insights into the application of Al in educational resource
management. This discussion will structure the findings around our key research questions, critically
evaluate the model's limitations, integrate broader theoretical implications, and explore practical

applications.

How can deep learning improve the accuracy and efficiency of identifying learning devices in
educational settings?

Our results clearly demonstrate that deep learning, particularly the YOLO architecture,
significantly enhances the efficiency and accuracy of learning device identification. On the test set,
the model's robust mean Average Precision (mAP@50) was 77.8% (95% Cl: [76.2%, 79.4%]). This

performance level indicates a significant and statistically significant improvement (p < 0.001) over
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baseline models or more conventional image processing techniques. Figure 4's steady mAP trends
and steady decline in loss metrics demonstrate this high accuracy, which demonstrates deep

learning's superior ability to extract features and recognise patterns from a variety of visual data.

Using a single-stage detector such as YOLO is very efficient. It enables near real-time
identification, which is essential for dynamic classroom settings where rapid device tracking or
inventory checks are required. Despite the high accuracy reported by earlier educational
applications, such as loT tracking systems, our method utilises domain-specific optimisations in
image-based recognition to provide a visual verification layer that enhances conventional tracking
techniques. This work challenges the notion that reliable Al solutions inevitably require excessive
computational resources for real-time applications, thereby advancing the conversation on Al in
education by demonstrating that high accuracy and operational speed are not mutually exclusive in

visual resource management systems.

What challenges arise in deploying image recognition models for diverse and noisy real-world
datasets?

Our analysis of the test set performance and failure cases revealed that, despite the model's
excellent overall performance, there are inherent difficulties when implementing image recognition
models in noisy and diverse real-world educational settings. The modest decline in performance for
some classes (such as "shaving-knife") from the validation to the test set, as shown in Figure 5 and
the Results section, highlights the model's susceptibility to hidden variances and the inherent noise
in real-world data. The following were the leading causes of critical limitations: (a) Severe Occlusion:
Misclassifications or missed detections were common when devices were wholly or partially
obscured by other objects or human interaction. A tablet that is primarily hidden by a student's arm,
for example, might be challenging to spot, indicating that although data augmentation is helpful, it
cannot accurately simulate all occlusion situations that occur in the real world. (b) Extreme Scale and
Orientation Variations: Despite the use of a thorough data augmentation strategy, the model
occasionally struggled to locate and classify devices that appeared at extremely small scales or in
highly unusual orientations. (c) Subtle Inter-class Visual Similarities: Although learning devices
typically have different appearances, there may be times when subtle visual similarities between
specific accessory or device models can be confusing, indicating the need for even more precise
feature discrimination. These findings highlight that achieving perfect generalisation in highly
variable environments remains a significant challenge for current deep learning models,
necessitating continuous data enrichment and potentially more advanced architectural designs

(e.g., attention mechanisms, context-aware reasoning) to mitigate these real-world complexities.

How does automating the identification of learning devices impact classroom resource
management and accessibility?

There are significant ramifications for improving accessibility and revolutionising classroom

resource management if this image-based model is successfully implemented. According to Wales
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(2024), schools can overcome the drawbacks of manual tracking systems by offering an automated,
precise, and effective way to identify learning devices. This corresponds directly to: (a) Better
Inventory Management: Accurate inventory counts, decreased loss, increased usage rates, and
simplified maintenance schedules are all made possible by real-time, visual verification of device
presence and location. (b) Improved Resource Allocation: By ensuring that vital learning resources
are accessible where and when they are most needed, automated insights into device distribution
and availability can guide more prudent allocation choices, optimising their pedagogical impact. (c)
Increased Accessibility and Equity: The ability to quickly identify and track specialised assistive
technologies or adaptive learning devices can ensure equitable access for students with diverse
needs, facilitating timely deployment and maintenance. This aligns with the broader theoretical
implication that Al in education should prioritise practical solutions that address real-world

administrative burdens and foster inclusive learning environments.

There are logistical obstacles to integrating such models into current educational
infrastructures, though, such as the requirement for sufficient computer power, network
infrastructure, and thorough training for administrators and teachers. Additionally, while
sophisticated privacy-preserving methods, such as federated learning (Li et al., 2023), may reduce
data privacy risks, their computational overhead frequently clashes with the requirement for edge-
device efficiency and compatibility. In developing countries, where budgets are often constrained
and manual inventory processes are time-consuming and prone to error, an automated system can
significantly reduce administrative overhead and improve the longevity of valuable educational
assets. By minimising equipment loss and optimising allocation, schools in these regions can
maximise the impact of their limited technological investments, fostering a more sustainable digital

learning environment.
Conclusions and Implications

By creating and evaluating an image-based deep learning model, this study addresses the
pressing need for effective and precise learning device identification in educational settings. To
ensure real-world applicability, the research used a mixed-methods approach, combining technical
validation with qualitative insights from students and educators. A comprehensive image dataset of
795 photos of various learning devices was systematically gathered and processed using the
Roboflow platform to build the model. The procedure comprised a strategic dataset split (87%
training, 8.4% validation, 4.6% testing), extensive data augmentation (90° rotations,
horizontal/vertical flipping) to increase diversity, and automated preprocessing (auto-orientation,
resizing to 520x520 pixels). The YOLO (You Only Look Once) architecture, which was selected for its
effectiveness and high-precision object detection capabilities, served as the foundation for the

device recognition system.

The results demonstrate that deep learning greatly improves device identification efficiency
and accuracy, providing a workable solution for dynamic classroom environments. This automated
feature has significant potential to revolutionise the management of educational resources by
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facilitating accurate inventory tracking, maximising resource allocation, and enhancing accessibility
for students who need particular learning resources. Ultimately, this contributes to a more efficient
and equitable educational environment, directly supporting the quality and accessibility of learning
experiences. The study sets a new standard for the field by proving that visual device recognition in
resource-constrained educational contexts can achieve both high accuracy and effective, real-time
deployability on edge devices. To optimise pedagogical synergy and ensure smooth integration
into regular classroom procedures, future research should focus on expanding the diversity of
datasets, exploring advanced augmentation techniques, and evaluating teacher-Al collaboration
frameworks. The system'’s lightweight design, optimised via quantisation and pruning, enabled near
real-time inference speeds (42 ms/image) on edge devices, making it practical for deployment in
resource-constrained classrooms. The study highlights the importance of aligning Al tools with
teacher workflows, emphasising simplicity and interpretability. The proposed framework sets a

baseline for accuracy ( >80%) and latency ( <50 ms) in educational device recognition tasks.
Suggestions for Future Research

Building upon the foundational work presented in this study, several promising research
trajectories emerge to further enhance the model's adaptability, robustness, and societal impact,

directly addressing identified limitations and broader deployment considerations.

Enhancing Robustness through Multimodal Data Fusion: Despite the model's strong
performance, limitations such as severe occlusion and the challenge of distinguishing between
visually identical devices (e.g., different generations of the same tablet model) were noted. Future
research should explore extending the framework to support multimodal inputs. This would involve
fusing visual data with complementary sensor signals, such as RFID tags, Wi-Fi triangulation, or even
thermal signatures. Methodologically, this could entail developing specialised sensor arrays for data
collection and designing advanced fusion architectures (e.g., early, late, or hybrid fusion networks)

that are capable of integrating heterogeneous data streams.

Improving Adaptability with Few-Shot Learning Techniques: The dynamic nature of
educational technology, with frequent updates and the introduction of new devices, poses a
challenge for models that require extensive labelled data for every new category. To address this,

future work should integrate few-shot learning techniques.

Ensuring Privacy and Scalability via Federated Learning Protocols: The deployment of Al
models in educational settings necessitates rigorous attention to data privacy, particularly
concerning student and institutional information. While our current model operates on local data,

scaling it to multiple institutions raises concerns about privacy due to centralised data collection.
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