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Simple Summary

Understanding which animal a bone belongs to is important in many areas, such as veterinary
education, archaeology, and forensic science. In this study, we developed a smart system that uses
artificial intelligence to identify the type of bone and the animal species it comes from. We used
thousands of bone images from cows, horses, and dogs to teach the system. The system can work on
mobile phones and does not need an internet connection, which makes it useful in the field. Students
tested the system and found it easy to use and helpful for learning. This technology can make
anatomy education more accessible and help experts in different fields quickly identify bones. It is a
practical and innovative tool that brings the power of artificial intelligence to everyday educational
and professional use.

Abstract

In this study, bone detection was performed using the YOLO algorithm on a dataset comprising
photographs of the scapula, humerus, and femur bones from cattle, horses, and dogs. Subsequently,
convolutional neural networks (CNNs) were employed to classify both the bone type and the species.
Trained on a total of 26,148 images, the model achieved an accuracy rate of up to 97.6%. The system
was designed to operate not only on mobile devices but also in an offline "closed model" version,
enhancing its applicability in forensic medicine settings where data security is critical. Additionally,
the application was structured as a virtual assistant capable of responding to users both in written
and spoken formats and of generating output in PDF format. In this regard, the study presents a
significant example of digital transformation in fields such as veterinary anatomy education, forensic
medicine, archaeology, and crime scene investigation, providing a solid foundation for future
applications.

Keywords: veterinary anatomy; anatomy education; bone classification; artificial intelligence; deep
learning

1. Introduction

Artificial intelligence (Al), particularly deep learning techniques, has led to significant
advancements in numerous fields, including veterinary medicine, human medicine, and forensic
sciences in recent years. Deep learning architectures such as Convolutional Neural Networks (CNNs)
have been successfully applied in medical imaging with high accuracy, contributing to fracture
detection, organ segmentation, and tumor classification (Kim & MacKinnon, 2018; Prasson et al.,
2013). In veterinary medicine, Al-based systems have begun to be used for the analysis of
radiographic images, enabling fracture diagnosis, abnormality detection, and early identification of
certain internal diseases (BulutVet, 2023; Zoetis Diagnostics, 2023).

Emerging technologies such as augmented reality (AR) have been shown to enrich anatomical
education by offering interactive and spatially intuitive experiences. Jiang et al. (2024) developed an
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AR-based canine skull model that effectively supported veterinary students' learning without
compromising comprehension when compared to traditional methods.

However, the use of Al in the classification and automated identification of animal bones
remains limited. Most existing studies have focused on human medicine, often addressing
deformation analysis of human bones (Garvin et al., 2023). In studies concerning animal bones,
research has predominantly centered on fracture analysis via tomographic imaging, with few efforts
devoted to direct species identification or anatomical bone classification (Brett et al., 2009). Some local
studies on the classification of long bones in dogs have demonstrated the potential of Al in this field
(Yildiz et al., 2020); nonetheless, a comprehensive osteological classification system based on a multi-
species dataset is lacking in the literature.

The emergence of conversational Al tools such as ChatGPT has opened new horizons for
interactive learning in veterinary anatomy, providing instant explanatory feedback to students
(Choudhary et al.,, 2023). These chatbots have been shown to enhance anatomical knowledge
retention while highlighting the continuing importance of hands-on dissection practices.

Recent developments in deep learning have led to significant improvements in bone detection
and classification tasks, particularly through the use of YOLO-based object detection algorithms.
Tariq and Choi (2025) demonstrated that an enhanced YOLOL11 architecture could detect and localize
wrist fractures in X-ray images with high precision, underscoring the diagnostic power of real-time
convolutional networks in skeletal image analysis.

In veterinary anatomical education, osteology holds critical importance for enabling students to
learn bone structures and species-specific anatomical features. However, limitations in hands-on
laboratory instruction and the dependency on instructor availability may hinder the learning process.
It has been reported that receiving real-time feedback can improve retention in learning by up to 40%
(Nicol & Macfarlane-Dick, 2006). Al-supported mobile applications address this need by promoting
individualized learning and facilitating digital transformation in educational environments (Pires et
al.,, 2018; Mayfield et al., 2013).

The proliferation of mobile applications in anatomy education has opened new avenues for
student engagement; however, the pedagogical rigor and scientific credibility of these tools vary
widely. Rivera Garcia et al. (2025) emphasized that while many anatomy apps are popular, few are
developed within academic contexts or validated through structured evaluation methods.

The integration of mobile platforms into anatomical education has gained traction due to their
accessibility and potential for self-directed learning. Little et al. (2021) developed a canine
musculoskeletal anatomy app that was well-received by veterinary students, highlighting the
feasibility and effectiveness of mobile-based anatomical instruction in species-specific contexts.

Recent advancements in computer vision have led to the development of cloud-based web
applications such as ShinyAnimalCV, which facilitate object detection, segmentation, and 3D
visualization of animal data (Wang et al., 2023). This tool integrates pre-trained vision models and
user-friendly interfaces to democratize access to image analysis methods for educators and students
alike.

The growing use of mobile applications in human anatomy education has prompted critical
evaluations of their pedagogical effectiveness. Rivera Garcia et al. (2025) emphasize that while such
apps enhance accessibility, their anatomical accuracy and scientific validation often remain
questionable.

Recent large-scale studies have shown that screen-based 3D and augmented reality tools can
significantly improve student engagement and learning experience in anatomy education (Barmaki
et al., 2023). These tools provide spatial understanding and interactivity, which are especially useful
in visual-heavy disciplines like anatomy.

Latest developments in veterinary imaging have adopted self-supervised Al methods, such as
the VET-DINO framework, to enhance anatomical understanding from radiographic datasets
(Dourson et al., 2025). These models demonstrate the capacity of Al to capture nuanced anatomical
features even without human-labeled training data.
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In disciplines such as forensic science, archaeology, and crime scene investigation, the rapid and
accurate determination of whether a bone belongs to a human or an animal is of paramount
importance. However, the absence of experts in field situations can delay the process and increase
the likelihood of errors (Saulsman, 2010; Huffman & Wallace, 2012). In such cases, Al-based systems
may serve as supportive tools that augment expert decision-making without replacing human
specialists.

The aim of this study was to train an artificial intelligence system using image processing
methods to recognize the scapula, humerus, and femur bones of cattle, horses, and dogs, and to
evaluate the system’s performance in identifying these bones through a custom-developed
application.

2. Materials and Methods
2.1. Study Design and Data Collection

In this study, the scapula, humerus, and femur bones belonging to cattle (Bos taurus), horses
(Equus caballus), and dogs (Canis familiaris) were utilized. The bone images were obtained from
specimens available in the Anatomy Laboratory of the Faculty of Veterinary Medicine at Erciyes
University, as well as from open-access online sources. A total of 26,148 bone images were collected.
Of these, 24,700 images were used for training and testing the model, while the remaining images
were reserved for external validation.

All images were captured at 720p resolution and were subsequently cleaned to remove outliers.
Care was taken to balance the dataset according to bone type and species. To enhance model
performance and generalizability, data augmentation techniques such as brightness adjustment,
rotation, cropping, and horizontal flipping were applied.

2.2. Image Processing and Annotation

The bone images were initially processed using the YOLOvV5 algorithm, which automatically
detected the relevant regions of interest. For the annotation process, the Labelme platform was
utilized (Figure 1), and distinct anatomical features of each bone (e.g., processus hamatus) were
manually marked. The annotated data were exported in COCO JSON format for further use.
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Figure 1. Screenshot of the bone annotation process.

2.3. Deep Learning Architecture and Model Training
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The dataset was divided into three subsets: training (85%), testing (10%), and validation (5%).
Model training was conducted using the Python programming language and the PyTorch
framework. In the initial stage, bone detection was performed using the YOLO algorithm.
Subsequently, bone name and species classification were carried out using CNN and ResNet34
architectures. The training process lasted approximately seven hours in total.

2.4. Model Evaluation

The model’s performance was evaluated not only based on accuracy but also using precision,
recall, and F1-score metrics. These metrics provided more reliable insights, particularly in the context
of imbalanced datasets. To account for variations in sample size among species, class-weighted F1-
scores were calculated. Additionally, the model’s accuracy was assessed using an independent test
dataset.

2.5. Student Surveys

The surveys included questions related to the study topic, a brief section providing information
about the research, participants’ feedback on learning outcomes after using the application, and
informed voluntary consent forms. The data were analyzed using SPSS for Windows 22.0 statistical
software. Statistical analyses were conducted using the Pearson Chi-square test, Fisher’s exact test,
Mann-Whitney U test, and Spearman’s correlation analysis. P< 0.05 was considered statistically
significant.

3. Results

3.1. Operational Workflow of the Mobile Application

The trained system was used by students in the laboratory setting (Figure 2). Through a web
link accessible via mobile phones, students uploaded photographs of bones, which were then rapidly
analyzed by the system (Figure 3).

Figure 2. Use of the application by a student in the laboratory.
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Among the various deep learning architectures trained in this study, the highest classification
accuracy was achieved with the ResNet34 model, reaching 97.6%. The alternatively developed
SmallCNN architecture achieved an accuracy of 95%. These results indicate that more complex
architectures tend to yield higher classification performance (Table 1).

Table 1. Comparative performance metrics of the models used.

Model Accuracy (%) F1-Score (%) Precision (%) Recall (%)
ResNet34 97.6 97.2 96.8 97.4
SmallCNN 95.0 94.6 94.3 94.8
AlexNet 91.3 90.2 89.9 90.4

In terms of bone types, the system demonstrated higher accuracy in recognizing larger bones
such as the scapula and femur. This suggests that the model was able to distinguish these structures
more easily due to their prominent morphological features.

In mobile phone-based applications, the system successfully identified the species of the bones.
Notably, it was also able to correctly recognize bones that were not included in the training dataset,
demonstrating its ability to generalize to previously unseen samples.

3.3. User Experience and Survey Results

The prototype of the developed mobile application was tested by a total of 45 students at Erciyes
University. In the post-test survey, 98% of the participants rated the application as either “useful” or
“very useful.”

Table 2. Student satisfaction survey results.

Positive Response
Survey Question P

(%)

The application was easy to use 96.4

Voice and text-based queries functioned accurately enough. 95.1

The application's presentation of anatomical information was 977
satisfactory. '

The PDF export feature was useful. 94.2

I was satisfied with the overall performance of the application. 98.0

Other prominent satisfaction factors identified in the survey results can be summarized as
follows:
o  Ease of Use: The majority of participants stated that the application was extremely easy to use.
e Query Accuracy: The voice and text-based search functions were reported to have worked
accurately as expected.
e Information Delivery: The anatomical content provided by the application was found to be
satisfactory by the students.
o  Export Features: The ability to generate PDF reports was considered another useful feature by
the users.
Overall, these feedback results indicate that the application is user-friendly and can positively

contribute to the educational process. The high satisfaction rates reported by students suggest that
the system is a valuable tool both for learning purposes and for practical applications.

4. Discussion

The deep learning-based bone classification system developed in this study demonstrated high
accuracy in identifying both bone type and the corresponding animal species. The achieved accuracy

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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rate of 97.6% represents a superior performance compared to previous studies conducted on human
bones (Kim & MacKinnon, 2018; Garvin et al., 2023). In particular, the performance attained with the
ResNet34 architecture exceeds the commonly reported accuracy range of 90-95% in the literature
(Saulsman, 2010; Yildiz et al., 2020).

Existing systems in the literature typically focus solely on human bone analysis and do not
address interspecies comparative classification. Although projects such as OsteolD have reported
high accuracy, these systems were usually tested on a limited number of species and did not provide
publicly accessible datasets (Garvin et al., 2023). In contrast, the use of a large and diverse dataset
comprising bones from different species in the present study enhanced the model’s robustness in
real-world applications, where a wide variety of samples may be encountered.

In our study, the implementation of YOLOV5 for detecting bone regions prior to classification
builds on this principle, offering reliable and fast identification of anatomical structures from
photographs. Similar to the success achieved by Tariq and Choi (2025) in clinical radiology, our
findings confirm that modern YOLO-based models are highly suitable for veterinary osteological
applications where accurate localization is essential.

The 98% satisfaction rate obtained from student surveys further highlights the educational
potential of the system. Previous studies, such as those by Mayfield et al. (2013), have shown that
mobile technologies can effectively support anatomical education. This study not only reinforces
those findings but also demonstrates the potential of creating active learning environments that
support individualized learning.

Echoing the insights of Choudhary et al. (2023), our system embraces Al-assisted feedback by
delivering written and spoken anatomical explanations, yet it augments this with image-based bone
identification to provide multimodal educational support. By balancing automated instruction with
practical application, Smart Osteology addresses both the engagement benefits and limitations of
virtual assistants noted by Choudhary et al.

Our mobile application responds directly to the concerns raised in this review by providing a
scientifically grounded, academically developed system with demonstrable accuracy and user
satisfaction. Unlike many commercially produced tools, our app was purpose-built for veterinary
anatomical education and forensic support, bridging the gap between innovation and pedagogical
reliability as advocated by Rivera Garcia et al. (2025).

While Little et al. (2021) successfully demonstrated the educational benefits of a mobile
application focused on canine anatomy, the current study extends this concept by incorporating deep
learning models to enable automated identification across multiple species and bone types. This
advancement not only supports individual learning but also introduces diagnostic and forensic
utility, marking a significant evolution in mobile-assisted anatomy education.

Our mobile system extends this concept beyond livestock farming applications by enabling
offline bone classification for multiple species directly from device cameras, without the need for
internet or cloud infrastructure. While ShinyAnimalCV demonstrates the utility of web-based
platforms in academic settings, Smart Osteology prioritizes field-readiness and data privacy through
a locally executable, Al-powered app.

While our current system does not yet integrate AR technology, it shares the same goal of
enhancing anatomy education through accessible, student-centered digital tools. In line with Jiang et
al. (2024), our approach also prioritizes learner engagement and real-world usability —especially by
providing portable, offline functionality and intelligent anatomical feedback.

Unlike many commercially available anatomy apps, our Al-based system was trained on
verified anatomical data and rigorously evaluated, ensuring content reliability. This adds scientific
value and bridges the gap noted in Rivera Garcia et al.'s assessment of unregulated mobile tools.

While our application does not utilize 3D or augmented reality technologies, it offers
interactivity through real-time image analysis, speech-based queries, and dynamic feedback. These
features align with the educational benefits highlighted by Barmaki et al. (2023), who emphasized
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that screen-based tools significantly improve student engagement and spatial understanding in
anatomy learning.

Our supervised deep learning model, based on photographic datasets, offers a more accessible
approach for veterinary anatomy education compared to radiographic imaging. However, the
potential advantages of multi-view or self-supervised frameworks, as demonstrated by Dourson et
al. (2025) in their VET-DINO study, highlight possible directions for enhancing model robustness and
versatility in future work.

5. Conclusions

This study successfully demonstrated the applicability of deep learning techniques in classifying
certain long bones from selected domestic animal species. Bone detection was performed using the
YOLO algorithm, and species and bone name classification were achieved with high accuracy
through CNN and ResNet34 architectures. The obtained accuracy rate of 97.6% confirms that the
developed system is a reliable tool for both educational and forensic purposes.

As a preliminary study, this work offers a novel and versatile digital solution applicable to fields
such as veterinary anatomy education, forensic science, archaeology, and biological anthropology.
Future studies aim to expand the scope of the system by increasing the diversity of bone types and
animal species, comparing various Al architectures, and integrating interactive technologies such as
augmented reality. Additionally, to enhance field applicability, it is planned to further refine user
interfaces and establish collaborations with official institutions to develop modules tailored to
specific needs.
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