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Abstract 

This research investigates contemporary approaches of automated medical image 

analysis and the creation of accurate anatomical models. The study aimed to develop and 

validate artificial intelligence-based methodologies for the automated detection, segmentation, 

and quantification of diverse morphological structures across various imaging modalities 

(computed tomography, magnetic resonance tomography, and histological slides).  

Another significant aim was the creation of extensive protocols for the reconstruction of  

three-dimensional (3D) anatomical models derived from radiological imaging data.  

The research results, including 3D printed models and software tools, were intended to improve 

medical education and clinical diagnostics. 

This research has established several protocols for reconstructing 3D anatomical models 

from data acquired via diverse imaging modalities, including computed tomography,  

micro-computed tomography, structured-light 3D scanning, and photogrammetry. These digital 

models were validated through 3D printing and their effective application in anatomy 

education. Deep neural network architectures, such as U-Net, and YOLO, were systematically 

trained and evaluated. These models were applied to tasks that included the segmentation of 

vertebrae and spinal metastatic lesions from computed tomography scans, and the precise 

quantification of interstitial cells in histological slides. The developed methodologies were 

further integrated into software tools to demonstrate practical utility and facilitate broader 

application.  

Key findings demonstrate the efficacy of AI models. In vertebral segmentation,  

the U-Net architecture achieved an F-beta score of 0.96 – meaning that it correctly identified 

96 % of vertebral structures while keeping false positives to a minimum – whereas for lytic 

metastasis detection it reached 0.68, indicating more modest sensitivity and precision in 

spotting lesions. In histopathology, YOLO-based detectors attained a mean average precision 

at a 50 % overlap threshold (mAP₅₀) of 92 %, signifying that 92 % of cellular structures were 

both correctly detected and localised with at least half-area agreement. Finally, the  

3D reconstruction workflows consistently produced printed models whose anatomy matched  

the original specimens to educationally useful degree. This research results confirms that 

advanced image processing techniques that incorporate deep neural networks can provide 

reliable, accurate, and reproducible results in the detection and segmentation of morphological 

structures. The methodologies and software developed offer significant potential to improve 

medical image analysis, anatomical education, and advance clinical diagnostics. 

Keywords: morphology; medical image segmentation; 3D reconstruction; artificial 

intelligence; deep neural networks; 3D printing; education; medicine. 
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Anotācija 

Automātiska morfoloģisko struktūru  
noteikšana, segmentēšana un 3D modeļu  

rekonstrukcija no medicīniskiem attēliem,  
izmantojot mākslīgā intelekta dziļo neironu  

tīklu tehnoloģijas 

Pētījums ir vērsts uz pieaugošu aktualitāti pēc precīzas, automatizētas medicīnisko attēlu 

analīzes un atbilstošu anatomisko modeļu izveides. Tā mērķis bija izstrādāt un pārbaudīt uz 

mākslīgo intelektu (MI) balstītas metodoloģijas, galvenokārt izmantojot dziļos neironu tīklus, 

lai automatizēti noteiktu, segmentētu un kvantitatīvi noteiktu dažādas morfoloģiskās struktūras 

dažādās attēlveidošanas modalitātēs (piemēram, datortomogrāfijā (DT), magnētiskās 

rezonanses tomogrāfijā (MRT) un histoloģiskajos preparātos). Paralēli tika izvirzīts mērķis 

izstrādāt un validēt visaptverošus protokolus trīsdimensiju (3D) anatomisko modeļu 

rekonstrukcijai gan no dotiem mākslīgā intelekta segmentētajiem datiem, gan no citiem 

avotiem, proti, mikro DT un fotogrammetrijas. Pētījumu rezultāti, tostarp izdrukāti modeļi un 

programmatūras rīki, bija paredzēti medicīnas izglītības un klīniskās diagnostikas uzlabošanai. 

Pētījumā tika izstrādāti protokoli 3D anatomisko modeļu rekonstrukcijai no datiem, kas 

iegūti, izmantojot dažādas attēlveidošanas metodes, tostarp DT, mikro-DT, strukturētu gaismas 

3D skenēšanu un fotogrammetriju. Dotie digitālie modeļi tika validēti, izmantojot  

3D drukāšanu un to efektīvu izmantošanu anatomijas izglītībā. Tika sistemātiski apmācītas un 

novērtētas tādas dziļo neironu tīklu arhitektūras kā U-Net un YOLO. Dotie modeļi tika pielietoti 

skriemeļu un mugurkaula metastātisku bojājumu segmentācijai no datortomogrāfijas 

skenējumiem, smadzeņu audzēju identificēšanai magnētiskās rezonanses attēlos, pielāgojot 

mašīnmācīšanās klasifikācijas tīklus ar izskaidrojamu mākslīgo intelektu segmentācijai 

līdzīgiem rezultātiem, un precīzu starpšūnu kvantitatīvai noteikšanai histoloģiskajos preparātos. 

Izstrādātās metodoloģijas tālāk tika integrētas programmatūras rīkos, lai demonstrētu praktisko 

lietderību un veicinātu plašāku to lietojumu. 

Galvenie secinājumi liecina par mākslīgā intelekta modeļu efektivitāti. Segmentējot 

mugurkaulus, U-Net arhitektūra sasniedza F-beta rādītāju 0,96, kas nozīmē, ka tā pareizi 

identificēja 96 % mugurkaula struktūru, vienlaikus līdz minimumam samazinot viltus pozitīvos 

rezultātus, savukārt lītisko metastāžu noteikšanā tā sasniedza 68 %, kas liecina par mazāku 

jutību un precizitāti bojājumu noteikšanā. Histopatoloģijā uz YOLO balstītie detektori 

sasniedza vidējo precizitāti pie 50 % pārklāšanās sliekšņa (mAP₅₀) 92 %, kas nozīmē, ka 92 % 

šūnu struktūru tika gan pareizi atklātas, gan lokalizētas ar vismaz pusi no platības atbilstību. 

Visbeidzot, 3D rekonstrukcijas darbplūsmas, kas tika īstenotas, izmantojot viegli pieejamu 
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programmatūru, konsekventi radīja drukātos modeļus, kuru anatomija atbilda oriģinālajiem 

paraugiem klīniski noderīgā līmenī. 

Modernās attēlu apstrādes metodes, kas ietver dziļos neironu tīklus, var nodrošināt 

uzticamus, precīzus un reproducējamus rezultātus morfoloģisko struktūru noteikšanā un 

segmentēšanā. Izstrādātās metodikas un programmatūra piedāvā ievērojamu potenciālu 

medicīnisko attēlu analīzes uzlabošanai, apmācības pilnveidošanai anatomijā un klīniskās 

diagnostikas uzlabošanai, tādējādi panākot integrētu mākslīgā intelekta risinājumu 

nepieciešamību starpdisciplinārās jomās. 

Atslēgvārdi: morfoloģija; medicīnisko attēlu segmentācija; 3D rekonstrukcija; 

mākslīgais intelekts; dziļie neironu tīkli; 3D druka; izglītība; medicīna. 



6 

Table of Contents 

Abstract ...................................................................................................................................... 3 

Anotācija .................................................................................................................................... 4 

Abbreviations ............................................................................................................................. 8 

Introduction .............................................................................................................................. 10 
Aim of the Thesis ................................................................................................................ 10 
Objectives of the Thesis ...................................................................................................... 10 
Hypothesis of the Thesis ..................................................................................................... 11 
Novelty of the Thesis ........................................................................................................... 11 

1 Review of Literature ............................................................................................................ 15 
1.1 Applications of 3D Reconstruction in   

Anatomical Education and Clinical Practice ............................................................. 15 
1.1.1 Principles of Anatomical 3D Model Creation .................................................. 17 
1.1.2 Foundational Processes in 3D Anatomical Modelling:  

Segmentation, Refinement, and Validation ...................................................... 18 
1.1.3 Overview of 3D Printing Technologies for Anatomical Applications ............. 19 

1.2 AI in Medical Image Analysis, Diagnostics, and 3D Reconstruction ....................... 20 

2 Materials and Methods ........................................................................................................ 26 
2.1 Development and Validation of a 3D Anatomical Model 

Reconstruction and Printing Protocol ........................................................................ 26 
2.1.1 Data Acquisition and Preparation for 3D Reconstruction ................................ 26 
2.1.2 3D Reconstruction Pipelines ............................................................................ 28 
2.1.3 Tools and Software for 3D Reconstruction ...................................................... 32 
2.1.4 3D Model Optimisation, Anatomical Validation, and   

3D Printing Preparation .................................................................................... 34 
2.2 Methodologies for AI-Driven Morphological Analysis ............................................. 39 

2.2.1 Datasets for Development and Evaluation of AI Models ................................. 39 
2.2.2 Deep Neural Network Architectures ................................................................ 40 
2.2.3 Training Procedures, Hyperparameter Tuning, and Evaluation Metrics .............. 42 

Results ...................................................................................................................................... 44 
Results of 3D Anatomical Model Reconstruction and Printing .......................................... 44 
Performance Evaluation of AI Models ................................................................................ 50 
Performance of AI-Based Segmentation in Medical Imaging ............................................. 51 
Performance of AI-Based Detection in Histological Images .............................................. 54 

Discussion ................................................................................................................................ 59 
Interpretation of Findings: 3D Reconstruction of Morphological Structures ..................... 59 
Interpretation of Findings: AI in Detection and Segmentation of  
Morphological Structures .................................................................................................... 62 

Conclusions .............................................................................................................................. 68 

Publications and reports on topics of Doctoral Thesis ............................................................. 69 

References ................................................................................................................................ 71 

Acknowledgments .................................................................................................................... 81 

Annexes .................................................................................................................................... 82 
Annex 1 ............................................................................................................................... 83 
Annex 2 ............................................................................................................................... 97 
Annex 3 ............................................................................................................................. 111 



7 

Annex 4 ............................................................................................................................. 123 
Annex 5 ............................................................................................................................. 135 
Annex 6 ............................................................................................................................. 149 

 
 

  



8 

Abbreviations 

AI Artificial Intelligence 
AJP Aerosol Jet Printing 
ANO1 Anoctamin-1 (calcium-activated chloride channel) 
BJP Binder Jet Printing 
CPU Central Processing Unit 
CT Computed Tomography 
DICOM Digital Imaging and Communications in Medicine 
DMLS Direct Metal Laser Sintering 
DSC Dice Similarity Coefficient 
EBM Electron Beam Melting 
FDM Fused Deposition Modelling 
FFF Fused Filament Fabrication (synonym for FDM) 
FFPE Formalin-Fixed, Paraffin-Embedded (tissue) 
FOV Field of View 
HGG High-Grade Glioma 
ICC Interstitial Cells of Cajal 
IoU Intersection-over-Union 
mAP mean Average Precision 
mAP50 mAP at IoU = 0.50 
mAP50-95 mAP averaged over IoU = 0.50 – 0.95 
MRT Magnetic Resonance Tomography 
NIfTI Neuroimaging Informatics Technology Initiative file format 
nnU-Net “no-new-U-Net” U-Net framework 
NRRD Nearly Raw Raster Data file format 
OBJ Wavefront Object file format 
PD-L1 Programmed Death-Ligand 1 
PJP Polyjet Printing 
PLA Polylactic Acid (bioplastic filament) 
PVA Polyvinyl Alcohol (water-soluble support material) 
ROI Region of Interest 
RSU Rīga Stradiņš University 
SLM Selective Laser Melting 
SLS Selective Laser Sintering 
STL Stereolithography file format 
U-Net “U” shaped convolutional network for image segmentation 
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WSI Whole-Slide Image 
YOLO-v11 You Only Look Once, version 11 (object-detection network) 
μCT Micro Computed Tomography 
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Introduction 

Modern medicine and biology rely heavily on imaging to understand the human body, 

from large anatomical structures down to the cellular level. Radiological scans like computed 

tomography (CT) and magnetic resonance tomography (MRT) provide detailed  

three-dimensional views of organs and tissues. In parallel, digital histology reveals  

the microscopic world of cells. A common challenge across all these modalities is the sheer 

volume and complexity of the data, which makes manual analysis time-consuming and subject 

to variation between experts. To address this, two key technologies offer powerful solutions: 

artificial intelligence (AI) can automate image analysis with remarkable speed and precision, 

while 3D printing can transform digital scans into tangible anatomical models. However, these 

advanced fields often operate independently. This Thesis investigates how to build a unified 

and reliable workflow that connects them, using AI to automatically analyse medical images at 

both the anatomical and cellular scales to create accurate 3D models and quantitative reports 

for education and clinical practice. 

Aim of the Thesis 
This study aims to develop and validate an artificial intelligence (AI) based 

methodology that uses deep neural networks for automated detection and segmentation of 

morphological structures in medical images, as well as to design a protocol to reconstruct  

three-dimensional (3D) anatomical models from segmented medical imaging data. 

Objectives of the Thesis 
The following objectives are set to achieve the aim of the Doctoral Thesis: 

1 Develop a reproducible protocol to reconstruct anatomically accurate 3D bone 

models from various medical imaging sources (including CT, µCT, photogrammetry, 

3D scanning). 

2 Validate the reconstructed bone anatomical models by fabricating them with fused 

deposition modelling (3D printing). 

3 Assemble annotated datasets of segmented morphological structures at two scales, 

comprising vertebrae with lytic and sclerotic lesions from computed tomography as 

well as intestinal Cajal cells from immunohistochemically stained histological whole 

slide images. 

4 Train a deep neural network models for the automatic detection and segmentation of 

these morphological structures. 

5 Create and validate the methodologies by implementing them in software for 

automatic detection and segmentation of morphological structures. 
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Hypothesis of the Thesis 
Advanced image processing techniques, including those utilising deep neural network 

architectures, can provide reliable and reproducible results in the detection and segmentation 

of morphological structures with sufficient level of accuracy for both medical diagnostic 

applications and the reconstruction of anatomical 3D models. 

Novelty of the Thesis 
Prior to the research conducted in this Doctoral Thesis, the field of medical image 

analysis had advanced significantly beyond simple manual delineation, yet substantial barriers 

remained that prevented the seamless integration of these technologies into clinical and 

educational workflows. The primary challenges in the field had shifted from questions of 

technical feasibility to issues of scalability, data efficiency, and precision, particularly when 

dealing with complex pathologies and histological structures. 

One of the most significant hurdles was the “Annotation Bottleneck” inherent in modern 

Deep Learning. While convolutional neural networks, such as the U-Net and V-Net 

architectures, established a new baseline for medical image segmentation, they introduced  

a critical dependency on massive, high-quality labelled datasets (Milletari et al., 2016; 

Ronneberger et al., 2015). Creating these “ground truth” datasets remained a manual,  

labour-intensive process, often stalling artificial intelligence implementation due to the sheer 

cost of expert time required to annotate thousands of training examples. Although interactive 

algorithms like “Graph Cuts” and “Random Walker” were adopted to alleviate this burden, they 

typically relied on intensity gradients and struggled with the "weak boundaries" common in soft 

tissues and spinal structures, often requiring substantial user correction that negated their 

efficiency gains (Boykov & Jolly, 2001; Grady, 2006).  

A parallel challenge existed in the domain of digital pathology, specifically regarding 

the quantification of morphological structures in whole slide images. The quantification of 

specific cell types, such as interstitial cells of Cajal, was predominantly manual or  

semi-automated using morphological filters, frequently implemented in legacy commercial 

image-analysis environments, where user-defined macros and threshold-based routines were 

tailored for each staining protocol and then laboriously tuned and validated. Standard object 

detection models utilising horizontal bounding boxes also proved inadequate for these tasks. 

As noted by Ma et al., when such models are applied to elongated, spindle-shaped cells like 

interstitial cells of Cajal, they capture excessive background and often suppress adjacent 

diagonal cells due to high intersection over union overlap, leading to systematic undercounting 

in dense tissue clusters (Ma et al., 2018). More recent digital pathology ecosystems, including 

Visiopharm, Definiens Tissue Studio, Image-Pro (Media Cybernetics), Indica Labs’ HALO, 
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and the Aperio HALO AP platform, provide integrated workflows for whole-slide tissue 

segmentation and immunohistochemistry scoring, and are now widely used in translational 

research, clinical trials, and biomarker studies (Escobar Díaz Guerrero et al., 2022; Salo et al., 

2024). However, these systems remain proprietary “black boxes”: algorithmic details and 

model parameters are generally inaccessible to end-users, and workflow customisation is 

constrained by vendor-specific interfaces. In addition, substantial licensing and maintenance 

costs limit their deployment in many academic and educational settings, despite the availability 

of open-source alternatives such as Orbit and QuPath, which have demonstrated robust 

performance for whole-slide image analysis and biomarker quantification but often require 

considerable technical expertise in scripting, workflow configuration, and computational 

infrastructure, thereby posing additional barriers for laboratories without dedicated informatics 

support (Bankhead et al., 2017; Stritt et al., 2020). 

In the domain of spinal pathology detection, particularly concerning metastatic lesions, 

the standard of care relied heavily on manual radiological review. This process is inherently 

subjective and susceptible to fatigue-related errors, particularly given the high volume of slices 

in modern high-resolution Computed Tomography scans. Unlike pulmonary nodules, which are 

contrasted against air, spinal lesions often share similar radiodensity profiles with healthy 

trabecular bone, making them difficult to isolate using standard density-based thresholding 

algorithms. While commercial computer-aided detection platforms exist – such as “syngo.via” 

(Siemens Healthineers) or “Bone VCAR” (GE Healthcare) – these proprietary solutions are 

often prohibitively expensive and restricted to closed hardware ecosystems (Ha et al., 2017). 

Furthermore, they typically rely on semi-automated methods that require manual initialisation 

or seed placement, limiting their utility for fully automated, high-throughput screening 

compared to end-to-end deep learning approaches (Hammon et al., 2013).  

Finally, a distinct technological gap existed in the workflow for 3D anatomical 

reconstruction. While sophisticated open-source platforms for volumetric segmentation, such 

as 3D Slicer and ITK-SNAP, were widely accessible, their utility was primarily engineered for 

diagnostic visualisation rather than manufacturing (Kikinis et al., 2014; Yushkevich et al., 

2006). Consequently, the raw surface meshes extracted by these tools frequently exhibited 

artifacts inherent to slice-based imaging – such as “stair-casing” or terracing effects – along 

with internal noise and non-manifold geometries (e. g. holes, self-intersections) that render files 

unprintable. There was a notable absence of validated, unified protocols to bridge this gap using 

accessible software. Researchers lacked a standardised methodology to systematically convert 

these raw digital assets into high-fidelity, printable models that balanced the need for 
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anatomical precision with the topological requirements of additive manufacturing, often forcing 

reliance on fragmented workflows or expensive industrial computer-aided design solutions. 

This Thesis presents practical innovations in artificial intelligence-based medical-image 

analysis and three-dimensional anatomical reconstruction. Together, the open reconstruction 

protocol, the segmentation and detection networks, and the custom software application form  

a coherent, freely available framework that spans data acquisition, artificial intelligence 

analysis, 3D mesh optimisation, physical fabrication, and educational deployment. 

The first major advance comprises the development of deep learning tools for detection 

and segmentation to separate morphological structures across several imaging domains, 

addressing the “Annotation Bottleneck” described above. In the context of radiological 

analysis, the Thesis utilises U-Net models to separate individual vertebrae and classify 

metastatic lesions in full-resolution computed tomography scans. A key novelty is  

the introduction of a human-in-the-loop methodology, which iteratively combines artificial 

intelligence predictions with expert refinement. This approach drastically reduces the time-cost 

of creating “gold standard” datasets compared to manual annotation. Regarding histological 

analysis, the Thesis introduces an oriented-box adaptation of the YOLOv11 architecture for  

the quantification of interstitial cells of Cajal. This specific “nano” model (YOLOv11n-obb) is 

capable of recognising cells on gigapixel histological slides in real time on standard graphics 

hardware. This pipeline is supplied as “MorpHista”, an open-source program developed in this 

work that performs tissue masking, inference, post-processing, and quantitative reporting. 

The second major advance focuses on 3D anatomical reconstruction and educational 

integration, establishing a fully documented workflow that transforms data from clinical 

computed tomography, micro-computed tomography, structured-light scanning, and 

photogrammetry into anatomically verified, print-ready surface meshes using only open-source 

software. Newly written repair and simplification steps were developed to reduce printing time 

while maintaining geometric fidelity. All protocols, parameters, and decision criteria have been 

published, ensuring that both the workflow and its results can be fully reproduced. Following 

technical validation, this workflow was subjected to educational validation by being integrated 

into an undergraduate anatomy course. The pedagogical impact was quantitatively verified: 

students who learned with the specific three-dimensional printed models generated by this 

pipeline achieved higher practical scores than earlier cohorts who relied on traditional methods. 

Ultimately, this research democratises access to advanced medical imaging 

technologies. By demonstrating that sophisticated analysis and reconstruction techniques can 

be implemented with modest resources and shared transparently, the work significantly lowers 

the technical and financial barriers to innovation. The resulting framework offers a robust 
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solution for the automated detection of spinal pathologies and the streamlined production of 

patient-specific educational tools, effectively bridging the gap between theoretical deep 

learning models and practical application in clinical and academic settings. 
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1 Review of Literature 

1.1 Applications of 3D Reconstruction in  
Anatomical Education and Clinical Practice 
Addressing contemporary educational challenges requires the deliberate deployment of 

various pedagogical methods and models (Mahlow & Hediger, 2019). Higher education 

institutions, through their teaching, research and outreach missions, are uniquely positioned to 

advance sustainable development (Bell et al., 2017). In a period marked by political, economic, 

and social upheavals, the importance of sustainable development orientated education has 

increased (Portuguez Castro & Gómez Zermeño, 2020). Sustainability must therefore be 

conceived as a continuous incremental progression that requires movement in the appropriate 

direction, and this, in turn, requires a change from knowledge-centred to experience-based 

learning, supported by specific skills and dispositions. 

Within medical education, recent technological, socioeconomic and contextual 

developments have precipitated notable changes in traditional teaching and learning.  

The systematic integration of 3D digital technologies into the Human Anatomy curriculum at 

Rīga Stradiņš University (RSU) has demonstrably improved students' knowledge base, 

practical skills, and overall performance (Kazoka et al., 2021). Anatomy offers the foundational 

understanding of the human structure on which all clinical disciplines are based. Although the 

optimal instructional strategy for anatomy remains a topic of debate, recent innovations 

delineate clear reform trajectories (Garas et al., 2018; Jeyakumar et al., 2020; Johnson et al., 

2019; Memon, 2018). Since 2016 the Department of Morphology at RSU has provided students 

with the 3D virtual dissection table “Anatomage” and, from 2018, with both 3D printed models 

and a dedicated 3D printing course. 

Human anatomy instruction typically combines lectures, laboratory sessions, and real 

or virtual dissections, each calibrated to specific learning objectives (Fasel et al., 2016). 

Practical laboratories interweave lecture content, textbook material, electronic resources, and 

cadaver preparations, thus introducing theory into direct observation. Digital images and virtual 

anatomy confer several advantages over traditional methods (Lakhani et al., 2022; Lengyel  

et al., 2025; Martín, 2018; Ye et al., 2020). High-resolution cross sections deliver fine structural 

detail, while virtual dissection reduces specimen preparation time and allows simultaneous 

display of multiple views. Digital data sets are easily stored, organised and retrieved. Continued 

refinement of these resources is expected to make anatomy teaching more engaging, 

participatory, and creative (Bücking et al., 2017; Ye et al., 2023). 

Parallel advances in 3D printing have catalysed innovation in many sectors, including 

medicine (Jamróz et al., 2018; J.-Y. Lee et al., 2017). In pedagogy, progress has focused on 
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combining classical methods with digital approaches. Both the staff and students attest to  

the efficacy of integrating 3D models and digital imagery into lectures and practical classes 

(Backhouse et al., 2019; Dee et al., 2021). Beyond higher education, the annual application of 

3D printing in clinical settings demonstrably saves and improves lives (N. Lee, 2016; Verner 

& Merksamer, 2015). Targeted initiatives now invest in training educators to master  

the fundamentals (AbouHashem et al., 2015), but adoption within schools and universities 

remains limited (Balestrini & Campo-Celaya, 2016; Smith et al., 2018). Given the demands of 

the evolving curriculum, increased acceptance is expected from medical educators. 

Investment in 3D infrastructure and staff development is essential to realise  

the pedagogical potential of these technologies (Asghar et al., 2022; Garcia et al., 2018).  

3D printing allows students to examine anatomical structures step by step and at multiple scales, 

fostering mastery of normal anatomy, variations, and pathological conditions. Layer-by-layer 

fabrication helps learners visualise spatial relationships, plan clinical interventions, and 

rehearse procedures (Ballard et al., 2018; Diment et al., 2017; Ye et al., 2023). 

For clinicians, patient-specific 3D models generated from high-resolution CT data sets 

facilitate preoperative planning, intraoperative guidance, and interdisciplinary consultation 

(Lakhani et al., 2022). Reproducible models of defined size and detail offer a substantial 

advantage for both teaching and training. 

Virtual dissection has become a cornerstone of digital transformation. Multiple studies 

document the educational efficacy of the “Anatomage” table (Baratz et al., 2019; Bharati et al., 

2018; Binder et al., 2021). Frozen-section cadaveric data underpin interactive reconstructions 

that users can section in any plane. High-speed touchscreen displays incorporate digital cross 

sections, radiological images, and thousands of labelled structures, drawing tools, and extensive 

case libraries enable human and veterinary applications. Experience at RSU suggests that 

frequent use of the “Anatomage” technology correlates with better teaching and learning 

outcomes. Students also use their data sets for research projects, while residents and clinical 

staff use the technology to develop skills and plan surgeries. 

The curricular integration of 3D models can proceed through commercial purchase 

(Sheth et al., 2016), or by onsite production tailored to local needs (Kong et al., 2016; C. Li  

et al., 2017; Lim et al., 2016). Many contemporary 3D printers are safe and intuitive enough 

for students to use, and learners consistently describe this technology as modern, creative, and 

motivating (Ye et al., 2020). Open-source repositories provide downloadable files that staff can 

print directly or modify to emphasise or omit particular structures. During model preparation, 

the duplication process, material selection, and structural composition can be adjusted. 

Polylactic acid (PLA) 3D printing material is preferred for its ease of use and low cost, but 
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more complex or durable models may require premium materials (Joseph et al., 2023; Powers 

et al., 2016). Print times vary widely: simple demonstrators can be produced rapidly for lecture 

illustration, whereas intricate constructs demand longer fabrication. In addition to departmental 

resources, students increasingly print custom models for individual study. 

In summary, high-resolution digital imaging, virtual dissection, and 3D printing are 

transforming human anatomy education. These technologies complement, rather than replace, 

traditional cadaver study (Arráez-Aybar, 2025; K. H. C. Li et al., 2017), collectively supporting 

a shift toward experiential student-centred learning that equips future clinicians with  

the knowledge, skills, and attitudes required by contemporary medical practice and sustainable 

development. 

1.1.1 Principles of Anatomical 3D Model Creation 
Various methods exist for creating 3D anatomical models (Edelmers et al., 2022;  

Nath et al., 2021). Model structures, shapes, and sizes can be generated manually using 

computer software, where the level of detail can be adjusted. For example, a bone model might 

represent only basic structures or include detailed muscle attachment sites. A more 

sophisticated method involves creating realistic and highly detailed anatomical models from 

medical radiological images using computer segmentation techniques. This process allows for 

the identification of anatomical structures, their variations, pathological processes, and  

the condition of individual morphological structures (Pujol et al., 2016). 

Structures are identified and prepared for segmentation using specialised computer 

software, then converted to 3D file formats such as stereolithography (STL) or Wavefront 

Object (OBJ) (Mogali et al., 2018). The resulting models can be printed in various sizes with 

different levels of detail. In medicine, even minor accuracy of dimensions is critical in certain 

contexts. This process can provide students and future specialists with a deeper understanding 

of anatomical structures and their conditions. During classroom lectures and lab work, 

educators can effectively integrate scaled 3D printed models with students' existing knowledge. 

This approach allows for a deeper exploration of anatomy by linking it to other core subjects in 

morphology and clinical studies. 

On the basis of experience, the skeletal system is the most accessible for 3D printing 

anatomical models. The relative simplicity of some bones and their structures allows students 

to prepare these models with ease. Cross sections and segmentation of medical images can be 

easily applied in the creation process. 3D printing technology offers numerous possibilities, 

such as printing individual bones or multiple bones in different sizes. As students gain 

proficiency, they can attempt to prepare more complex models, such as those of the muscular 
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system. For other organ systems, students can prepare and print 3D models of organs such as 

the heart, brain, or kidneys, or specific structures, to improve their understanding of location 

and function. In later semesters, some students revisit the 3D printing process with a stronger 

motivation to create more intricate and specialised models. 

The increasing availability of 3D printers and advances in segmentation algorithms have 

boosted the use of 3D printing in medicine, leading to interest in numerous potential medical 

applications (Yakunina, 2020). Models can be quickly adapted to individual patients, reshaped 

and 3D printed, offering a cost-effective alternative to commercially available anatomical 

models. Therefore, 3D printing can be used effectively to teach anatomical structures  

(Yuen, 2020). 

1.1.2 Foundational Processes in 3D Anatomical Modelling:  
Segmentation, Refinement, and Validation 
The initial step involves the acquisition of radiological data, followed by  

the segmentation of the region of interest. It is a process that divides an image into distinct 

regions corresponding to structures of interest. Subsequently, this is used to generate a precise 

computer model of the organs of the patient. The segmentation process is based on the principle 

that each tissue type is characterised by a specific range of voxel intensities, allowing  

the differentiation of tissues and the definition of organ boundaries (Talanki et al., 2022). 

Commercial and free software are available for image segmentation. However, this work 

exclusively used free and widely accessible software, including the internationally recognised 

platform “3D Slicer” (Kikinis et al., 2014). 

Image segmentation is succeeded by editing and optimising the 3D model to mitigate 

potential artifacts, optimise the final model size, and enhance anatomical accuracy. Various 

programs exist for working with 3D models, however, “MeshLab” (Cignoni et al., 2008) offers 

advantages such as precise control over tools, batch editing, and feature rich user interface. 

Another programme, “Meshmixer” (Schmidt & Singh, 2010), facilitates manipulation of model 

morphology. The primary benefits of these programmes include intuitive interfaces and 

comprehensive documentation. 

Errors, such as duplicate points, faces with zero area, non-manifold edges or points, and 

vertices not referenced by a face, should be corrected during the repair phase prior to printing. 

Anatomical inaccuracies that may arise during the segmentation process also need to be 

corrected. Depending on the input data (radiological study type, tomography settings) and  

the segmentation process, “digital noise” can occur, potentially affecting the quality and 

smoothness of the model surfaces and introducing artifacts. Smoothing techniques are 
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necessary to address this. In certain instances, the final model can be created by combining 

different models. 

To ensure the anatomical precision of the model, it is cross-referenced with credible 

sources such as “Complete Anatomy” (Motsinger, 2020), which serves as a prime example of 

such a tool, providing an accurate and user-friendly interface to interact with anatomical 

models. Developed by “3D4Medical” under the auspices of “Elsevier”, “Complete Anatomy” 

is recognised as a sophisticated educational 3D anatomy platform, with the company having  

a history of developing medical products since 2009 (Fan et al., 2020; Nair & Lindsey, 2020). 

1.1.3 Overview of 3D Printing Technologies for Anatomical Applications 
Specialised 3D printing technologies have been developed with distinct functionalities. 

The selection of techniques is often dictated by specific fabrication processes and raw material 

requirements to meet high quality standards (Kantaros & Karalekas, 2014). According to  

the standards set by “American Society for Testing and Materials” (ISO/ASTM 52900),  

3D printing methods are categorised into seven groups: binder jetting, directed energy 

deposition, material extrusion, material jetting, powder bed fusion, sheet lamination, and vat 

photopolymerization (Aimar et al., 2019; Pérez et al., 2020). The choice of method depends on 

the intended use and visual appearance of the replica, material properties, and printer 

capabilities, for example, cost, settings, print time, and volume (Taylor et al., 2018). 

Four common additive manufacturing techniques for printing anatomical models are 

extrusion-based printing (Stefaniak et al., 2019), vat polymerisation-based printing,  

droplet-based printing, and powder-based printing (Shirazi et al., 2015). Extrusion-based 

printing is commonly referred to as fused deposition modelling (FDM) or fused filament 

fabrication (FFF). FDM is a mature technology that involves the extrusion of thermoplastic or 

composite materials through a heated extrusion head with one or multiple nozzles (Penumakala 

et al., 2020). Vat polymerisation-based printing is widely used to make complex devices with 

functional parts and is based on light-curing resin material and selective hardening 

polymerisation (Revilla‐León & Özcan, 2019). Material jetting technology involves  

the ejection and polymerisation of liquid material droplets through numerous jets, with 

polymerisation occurring selectively via directed UV light for designed structures (Bezek & 

Williams, 2023). This category includes aerosol jet printing (AJP), binder jet printing (BJP), 

and polyjet printing (PJP). Powder-based 3D printing is characterised by its ability to customise 

fabrication with varied external shapes, internal structures, and porosities (Chin et al., 2020). 

Common powder-based techniques include selective laser sintering (SLS), selective laser 

melting (SLM), direct metal laser sintering (DMLS) and electron beam melting (EBM)  
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(Dev Singh et al., 2021). These techniques differ in their printing processes and product 

characteristics and rely on localised heating to melt metallic powder for customised product 

fabrication. 

These various 3D printing technologies possess distinct advantages and disadvantages. 

Extrusion technology is the most widespread and its primary advantage lies in its low printing 

costs (equipment, maintenance, and materials) and its user-friendly nature (Placone & Engler, 

2018). Research indicates that careful tuning of process parameters (layer thickness, extruding 

temperature, printing speed, retraction distance, etc.) is necessary to achieve desired results with 

lower-end desktop FDM 3D printers, highlighting existing challenges (Antreas & Piromalis, 

2021). Photopolymerisation technologies can be employed when high precision and quality are 

required (Subedi et al., 2024). 

Anatomical 3D reconstruction has been approached using diverse acquisition and 

modelling strategies, including CT- and μCT-based segmentation, structured-light and laser 

scanning, photogrammetry workflows, and commercial 3D modelling and printing platforms. 

These approaches are implemented in heterogeneous software stacks, with substantial variation 

in how parameters and validation procedures are reported. Most published protocols are framed 

as case-based “how-to” descriptions aimed at producing individual visualisation or planning 

models, with limited emphasis on standardised, end-to-end pipelines that can be replicated 

across institutions using only accessible, low-cost tools. In particular, there is a conspicuous 

gap in fully documented, reproducible CT-based workflows that cover the complete path from 

image acquisition and segmentation through mesh repair, optimisation and slicer configuration, 

explicitly tuned for affordable FDM printers and systematically evaluated for anatomical 

fidelity and educational utility. The 3D reconstruction and printing protocols developed in this 

Thesis are designed to address this gap by formalising a transparent, open workflow for bone 

model generation that is suitable for both teaching and AI dataset creation, with a detailed 

comparison to existing open-source and commercial solutions (for example, open CT→3D 

pipelines based on 3D Slicer, MeshLab/Meshmixer and Cura, and commercial platforms such as 

Materialise Mimics inPrint or syngo.via 3D printing modules) presented in the Discussion section. 

1.2 AI in Medical Image Analysis, Diagnostics, and 3D Reconstruction 
Artificial intelligence (AI) techniques are increasingly integrated into medical image 

analysis, offering systematic and reproducible extraction of diagnostically relevant information 

from complex radiological datasets (Najjar, 2023; Saeed et al., 2023). Contemporary  

deep-learning models identify subtle textural, morphological, and functional features that may 

remain imperceptible to human observers, thereby enhancing diagnostic sensitivity and  
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inter-observer consistency. Improved diagnostic accuracy not only leads to better patient 

outcomes but also helps avoid unnecessary medical tests. These consume valuable time and 

financial resources, impose psychological burdens on patients, and may involve exposure to 

ionising radiation and potentially toxic contrast media (Khalifa & Albadawy, 2024). 

Although AI has the ability to automate certain tasks within healthcare specialities that 

rely heavily on digital information, such as radiology and pathology, it is not expected to replace 

healthcare professionals entirely. Instead, the goal of AI in healthcare is to improve the skills 

of clinicians, allowing them to dedicate more time to direct patient care and tasks that require 

unique human attributes, such as empathy, persuasion, and holistic integration of complex 

information (Alowais et al., 2023; Bajwa et al., 2021; Gazquez-Garcia et al., 2025; Rony et al., 

2024). Integration of AI into healthcare systems presents significant ethical, legal, and practical 

challenges that require careful consideration and mitigation. More research is essential to fully 

understand the long-term effects and ensure the safe and effective incorporation of AI-based 

technologies into routine clinical practice (Ahuja, 2019). 

Accurate, automated delineation of anatomical structures and small, localised areas of 

abnormal tissue changes (pathological foci) is a prerequisite for many downstream tasks in 

computer-aided diagnosis, therapy planning, and outcome monitoring (Bian et al., 2025). 

Convolutional neural networks with encoder–decoder topologies have become  

the methodological standard for such segmentation problems, as they can learn hierarchical 

feature representations and produce pixel-wise probability maps aligned with the original image 

dimensions (L. Chen et al., 2021). Among these approaches, U-Net and its derivatives have 

attained particular prominence in biomedical imaging owing to their ability to recover fine 

spatial detail while retaining robust contextual information. The U-Net segmentation 

architecture was initially developed with a focus on medical imaging data analysis 

(Ronneberger et al., 2015). Its architecture is designed to produce segmentation masks that are 

the same size as the input image, making it well-suited for indicating the location of potential 

metastases. A study demonstrated that a deep learning algorithm (DLA) could provide valuable 

assistance to radiologists in detecting potential spinal cancers on CT scans. The system, which 

employed an architecture similar to U-Net, achieved a sensitivity of 75 % in identifying 

potentially malignant spinal bone lesions (Gilberg et al., 2023). This significantly enhanced 

radiologists' ability to detect incidental lesions that might otherwise go unnoticed due to  

the primary focus of the scan or diagnostic biases. In this context, AI functions as a “second 

reader”, substantially increasing detection sensitivity without leading to an excessive rate of 

false positives. Moreover, AI in metastatic imaging contributes to early detection and 

therapeutic planning, which are crucial to preventing complications and improving patient 



22 

quality of life. Recent research has explored the application of AI approaches in various stages 

of care for spinal metastasis, including image processing, diagnosis, decision support, and 

therapeutic assistance (Edelmers, Ņikuļins, et al., 2024). These technologies have shown 

promising results in terms of increasing work productivity and reducing adverse events; 

however, further study is required to rigorously evaluate their clinical performance and 

facilitate their adoption into routine clinical practice (Ong et al., 2022). 

Another significant aspect of the role of AI is computational pathology, with 

contemporary surveys attesting to a transition from handcrafted pipelines to end-to-end  

deep-learning frameworks that now dominate routine tasks such as tumour detection, grading 

and prognostication (Komura et al., 2025). Technical progress has moved beyond conventional 

convolutional networks toward vision transformers whose masked self-supervised pre-training 

markedly improves data efficiency in whole-slide contexts, and large-scale  

masked-image-modelling studies demonstrate that scaling self-supervised learning to tens of 

millions of histology tiles yields pan-cancer representations that outperform contrastive 

counterparts on 17 downstream tasks (Jiang et al., 2024). Building on such representation 

learning, foundation models like CHIEF, pretrained on > 60 000 whole-slide images (WSI), 

deliver state-of-the-art accuracy across cancer-type classification, mutation prediction and 

survival forecasting while remaining robust to domain shift (X. Wang et al., 2024), and are 

complemented by the UNI visual backbone that generalises across 19 anatomical sites with 

minimal fine-tuning (R. J. Chen et al., 2024). Parallel efforts have integrated language 

grounding, yielding multimodal assistants such as PathChat that couple a pathology-specific 

encoder with a large language model to answer open-ended diagnostic questions, thereby 

supporting education and human-in-the-loop decision-making (Lu et al., 2024).  

Privacy-preserving deployment across centres is facilitated by federated learning frameworks 

that train gigapixel-scale networks without data pooling, as stated in a 2024 clinical review 

(Vorontsov et al., 2024). Benchmarking initiatives, for example PathCLIP, extend contrastive 

vision–language pre-training to histopathology and reveal strong zero-shot robustness but also 

sensitivity to colour and resolution corruptions (Zheng et al., 2024). Methodological innovation 

is translating to clinically relevant endpoints: an AI system recently standardised PD-L1 

combined-positive-score assessment in triple-negative breast cancer, boosting inter-observer 

concordance from 0.62 to 0.93 (J. Li et al., 2024). Nevertheless, the imperative for transparent 

decision pathways has spurred dedicated research on explainability and causality, outlining best 

practices for rendering model reasoning accessible to pathologists (Plass et al., 2023). Together, 

these advances – including scalable self-supervision, foundation and multimodal models, 

federated training, rigorous benchmarking and interpretability – highlight the maturation of  
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AI from a proof of concept to trustworthy and generalisable tools that are ready to enhance 

histopathological diagnostics in routine and precision oncology workflows. 

In summary, contemporary digital pathology relies on a broad range of approaches, from 

classical thresholding and morphology-based filters through machine-learning classifiers and 

fully convolutional segmentation networks to modern object detectors and foundation models, 

implemented both in open-source research tools and commercial platforms. Yet the vast 

majority of these methods target broad clinical endpoints such as tumour detection, grading, 

biomarker scoring and outcome prediction, rather than narrowly defined, functionally specific 

cell populations. There remains a clear methodological gap in transparently documented, 

reproducible workflows that focus on quantitative counting of a particular cell type, such as 

interstitial cells of Cajal within the enteric nervous system. Addressing this gap is a central 

motivation for the ICC-focused counting pipeline and the “MorpHista” software presented in 

this Thesis, with a more detailed comparison to existing platforms (for example, open-source 

environments such as QuPath, Orbit, Cytomine, ImageJ, CellProfiler and Ilastik, and 

commercial systems such as HALO, Visiopharm, Aiforia, Paige, PathAI, Ibex and Image-Pro) 

provided in the Discussion section. 

AI-Driven Semantic Segmentation in Medical Imaging:  
Principles and Applications 

Semantic segmentation is a critical process in medical radiology, which classifies each 

pixel in an image to extract detailed anatomical and pathological information (Ahmad et al., 

2021). This technique is instrumental in diagnosis, treatment planning, and monitoring of 

disease progression. However, the implementation of semantic segmentation in medical 

radiology faces significant challenges, such as scarcity of accurate annotated data. Supervised 

learning models require extensive labelled data sets for training (Edelmers, Kazoka, et al., 

2024). Obtaining precise annotations from experienced radiologists is resource-intensive and 

time-consuming. Class imbalance, where crucial features, such as tumours, occupy a small 

image portion, can bias algorithms toward dominant classes, leading to inaccuracies (Schutera 

et al., 2022). Inter-rater variability among expert radiologists in image interpretation and 

annotation is common, (Liang et al., 2021) complicating the establishment of a consistent 

ground truth for training models. Real-time semantic segmentation is required in applications 

such as image-guided surgeries, adding complexity (Urrea et al., 2024). Computer-aided 

platforms utilise these advancements to assist medical professionals in clinical decisions related 

to diagnosis, tracking, and prognosis (Gon Park et al., 2024). The creation of personalised 

medical images based on patient data enables the visualisation and detection of disease 

manifestations, enhancing personalised care. AI algorithms are crucial for diagnosing diseases, 
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planning treatments, and monitoring results. They analyse imaging data to create detailed 

illustrations of bone dislocations, fractures, or tumours, specifying location, size, shape, and 

characteristics. AI has surpassed human performance in tasks such as image segmentation  

(Al-Naser, 2023). Processes various types of medical data, including scanner output, sensor 

data, or patient metadata. Modern computers with DL algorithms excel at semantic labelling 

and image classification (Archana & Jeevaraj, 2024). In medical data analysis, these algorithms 

identify anatomical landmarks, geometric descriptors, centrelines, shape, deformation, and 

fibre orientation, providing remarkable diagnostic accuracy. Algorithms trained on large data 

sets can predict results on new data without explicit programming (Jin et al., 2022). Current 

computer vision algorithms excel in identifying patterns in digital data and achieving  

human-level accuracy in object detection (Abdel-Jaber et al., 2022). 

Image segmentation is fundamental in many medical imaging applications, delineating 

regions of interest. Traditional methods based on areas and edges face limitations due to 

nonuniform greyscale, individual differences, and artifacts (J. Wang et al., 2021). Deep learning 

(DL) has introduced advanced architectures and feature extraction, significantly improving 

deformed anatomy segmentation, improving diagnostic accuracy, and minimising redundant 

computations. Automated bone segmentation is crucial for quantitative markers, accurate 

diagnosis, and computer-aided decision support. In CT and MRT, understanding the pathology 

and observing changes in bone structures, shape, size, and texture are vital for diagnosis and 

monitoring (S. Kim et al., 2018). Accurate bone segmentation provides a stable reference for 

organ registration and localisation. Despite the ease of visual bone observation in CT, 

challenges like low signal-to-noise ratio, insufficient resolution, and indistinct intensity 

between spongy substance and soft tissues make precise individual segmentation complex  

(Fu et al., 2017). Accurate spine segmentation into individual vertebrae is crucial for diagnosing 

spine illnesses, especially detecting and classifying damage, fractures, lesions, and tumours 

(Qadri et al., 2023). 

Semantically segmented medical datasets are fundamental to the advancement of 

medical research and technology. Their integration into AI and 3D technologies presents a new 

era of opportunities. In medical AI, these data sets are indispensable. AI algorithms trained on 

semantically segmented data have transformed diagnostics by precisely identifying and 

classifying abnormalities. This helps radiologists and clinicians in early and accurate diagnosis, 

paving the way for personalised medicine (Rezayi et al., 2022). 

3D technologies have benefited significantly from these datasets, allowing detailed 

anatomical reconstructions (Bücking et al., 2017). Surgeons use these 3D models for meticulous 

procedural planning, improving patient outcomes, and optimising surgical times. Integrating 
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these data sets into virtual and augmented reality platforms improves medical training and 

patient education, providing immersive experiences and real-time surgical guidance (Kanumilli 

et al., 2024). 

Beyond AI and 3D applications, semantically segmented data sets are crucial in 

telemedicine (Raju et al., 2025). They facilitate real-time sharing and analysis, ensuring access 

to expert care regardless of location. These data sets are at the forefront of contemporary 

medical innovation, enhancing current practices, and setting the stage for future advancements. 
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2 Materials and Methods 

2.1 Development and Validation of a 3D Anatomical Model 
Reconstruction and Printing Protocol 
The development and validation of a robust protocol for 3D anatomical model 

reconstruction and printing formed a cornerstone of this research, aiming to create accurate, 

accessible, and educationally valuable physical models from diverse imaging sources.  

This protocol encompassed a multi-stage workflow, from the initial acquisition and preparation 

of data, to the reconstruction, optimisation, and anatomical validation of a digital model, and 

finally physical realisation via 3D printing and subsequent evaluation. 

2.1.1 Data Acquisition and Preparation for 3D Reconstruction 
The generation of accurate and functionally relevant 3D anatomical models is 

fundamentally dependent on the quality and characteristics of the acquired initial data and its 

subsequent preparation. This section delineates the methodologies employed for data 

acquisition from various sources and the preparatory steps undertaken to render these data 

suitable for the 3D model reconstruction pipelines. 

The data sources integral to this investigation were diverse, reflecting a multimodal 

approach to capture anatomical information. These sources included digital images obtained 

through conventional photographic techniques, cross-sectional volumetric data derived from 

advanced medical imaging modalities such as CT and MRT, and surface geometry data 

acquired via dedicated 3D scanning technologies. 

A significant component of the study, particularly concerning the educational 

intervention, involved the utilisation of digital images and interactive 3D visualisations 

facilitated by the “Anatomage” (Kavvadia et al., 2023). This system served as a rich repository, 

providing access to an extensive case library. The database included over 100 high-resolution 

cross-sections meticulously derived from four prepared human cadaveric specimens, equally 

distributed between male and female subjects. Furthermore, it contained data from over 

50 diverse clinical cases, presenting a variety of visualisation options such as X-rays, CT, and 

MRT scans. This digital resource enabled students to engage with complex anatomical 

structures in a virtual environment, facilitating identification and study. 

For the creation of physical, tangible 3D printed anatomical models, data acquisition 

was pursued through three primary techniques: photogrammetry, μCT, and optical 3D scanning 

of natural anatomical specimens. The selection of the specific data acquisition modality was  

a deliberate decision, contingent upon the inherent characteristics of the anatomical structure 

targeted for modelling and the requisite level of morphological detail and dimensional accuracy 

for the intended application. 
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The initial preparation of the acquired data was a critical phase, with the specific 

procedures varying based on the data source. Photographic data intended for photogrammetric 

processing underwent meticulous post-processing to optimise image quality, ensuring clarity 

and sharpness essential for accurate 3D reconstruction. Medical imaging data, typically 

formatted according to the Digital Imaging and Communications in Medicine (DICOM) 

standard (Bidgood et al., 1997), necessitated import into specialised software platforms 

designed for medical image analysis and manipulation before further processing could 

commence. Data captured by dedicated 3D scanners also required initial processing, often 

involving proprietary software bundled with the scanning hardware, to generate preliminary 

digital representations. 

The foundation for the reconstruction of 3D anatomical models was laid by data 

obtained through distinct acquisition methods: photogrammetry, μCT, and dedicated 3D 

scanning. Each method yielded data with unique characteristics, necessitating tailored 

processing pipelines for effective model generation. 

Photogrammetry utilised in this research, involved the systematic acquisition of a series 

of two-dimensional photographic images capturing a natural anatomical specimen from 

multiple overlapping perspectives. A high-resolution “Sony, ILCE-7RM2” camera coupled 

with a “Sigma, 70 mm F2.8 DG MACRO Art” lens was the primary equipment for image 

capture. Specific photographic parameters were meticulously controlled, including an aperture 

of f/8.0, a shutter speed of 1/640s, and an ISO sensitivity of 100. The camera’s sensor, boasting 

a resolution of 42.3 megapixels, was instrumental in obtaining images with sufficient detail to 

support high-quality texture mapping on the resulting 3D models. The pursuit of optimal 

sharpness and clarity in the images was paramount, frequently requiring the use of a stable 

tripod and supplementary artificial light sources to minimise motion blur and ensure consistent 

illumination. Subsequent to image acquisition, raw photographic data underwent a rigorous 

post-processing workflow utilising “Adobe Photoshop” (version 23.1.1) and “Capture One 

22 Pro” (version 15.0.1.4) software. This process involved adjustments to parameters such as 

saturation, contrast, and overall colour balance to enhance image quality and prepare the data 

for photogrammetric software. 

μCT provided detailed cross-sectional volumetric data, offering insights into both  

the external morphology and internal structure of specimens. A “Scanco Medica, μCT50” 

machine was utilised for this purpose, operating under precisely defined scanning parameters. 

The scanned area was configured as a cylinder with a diameter of 48 millimetres and a height 

of 110 millimetres. The X-ray energy was set at 90 peak kilovoltage, with an intensity of 

88 microampere, and filtration was achieved using a 0.5 millimetres aluminium filter.  
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High-resolution presets were consistently applied, resulting in a field of view (FOV) of 

49.6 millimetres, a voxel size of 24.2 micrometres, and an integration time of 

1500 milliseconds. Initial processing of the raw μCT data was performed using the proprietary 

software supplied with the μCT machine. The processed data was subsequently exported in  

the standardised DICOM file format, which is widely compatible with medical imaging 

software and necessary for the subsequent 3D model creation workflow. An additional source 

of CT data was utilised from the “New Mexico Decedent Image Database” project  

(Edgar et al., n.d.). This database provided CT scans acquired using a specific protocol 

characterised by a peak kilovoltage of 120, milliampere-seconds of 200, a scan length ranging 

from 800 to 1000 millimetres, a scan FOV of 500 millimetres, a pitch of 0.942, collimation of 

16 × 0.75, a rotation time of 1.0 s, and a matrix size of 512 × 512. These scans were 

reconstructed with varying slice thicknesses and image counts optimised for visualising either 

soft tissue or bone (3 millimetres × 3 millimetres, 320 images, 1 millimetres × 0.5 millimetres, 

1900 images). 

3D scanning was performed using a “Shining3D, EinScan-S”. This method captured  

the external surface geometry of physical objects without providing internal structural 

information. The scanning procedure involved capturing 36 individual pictures while  

the specimen was rotated on a turntable. The turntable speed was set to 1, and a half turn was 

performed to capture sufficient data for reconstruction. This technique is particularly  

well-suited for obtaining detailed surface models of objects with accessible external features. 

2.1.2 3D Reconstruction Pipelines 
The transformation of raw data acquired from diverse sources, including 

photogrammetry, μCT, and 3D scanning, into usable 3D anatomical models necessitated  

the implementation of distinct computational pipelines. Each pipeline was specifically designed 

to process the unique characteristics of the input data, ultimately yielding digital 3D mesh 

models suitable for further manipulation and application, such as physical fabrication through 

additive manufacturing. 

For data obtained via photogrammetry, the reconstruction workflow was centred around 

specialised software capable of processing multiple overlapping two-dimensional images to 

generate a dense point cloud and subsequently a mesh. This pipeline involved importing  

the photographic images, aligning them based on common features, defining the region of 

interest for reconstruction, and generating a high-detail mesh. A critical subsequent step was 

the application of texture derived from the original photographs onto the generated mesh, 

creating a visually realistic 3D model. Topological defects inherent in the initial mesh 
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generation, such as non-manifold geometry or holes, were identified and addressed within this 

pipeline to ensure model integrity. 

Each protocol parameter was first set to its default value, then systematically varied by 

± 50 % of that baseline, and the resulting outputs were benchmarked against the default case 

(Edelmers et al., 2021). The entire protocol was validated using 3D models of the foot bones. 

Photogrammetry Protocol 
1 Launch the “RealityCapture” program 

2 Import images into the program 

3 Adjust alignment settings: 

3.1 Max feature per mpx.: 20000 

3.2 Max features per image: 80000 

3.3 Preselector features: 20000 

3.4 Image overlap: low 

3.5 Force component rematch: yes 

3.6 Detector sensitivity: high 

4 Launch the alignment process 

5 Define the reconstruction region 

6 Use reconstruction with “High detail” option to initialise the meshing process 

7 Use “Clean Model” tool to remove topology defects (non-manifold vertices,  

non-manifold edges, holes, isolated vertices) 

8 Use the “Texture” instrument with the following setting to create a texture for the model: 

8.1 Imported-model default texture resolution: 16384 × 16384 

8.2 Correct colours: Yes 

9 Export the 3D model along with the texture as an .obj object. 

The pipeline for processing medical imaging data, particularly from CT scans, involved 

a different approach. Following the initial acquisition and export of data in DICOM format,  

the primary step was segmentation, that is the process of isolating specific anatomical structures 

(for example, bones, organs) from the surrounding tissues within the volumetric data. This was 

achieved through various techniques, including thresholding based on voxel intensity values, 

manual drawing, and automated or semi-automated methods. In instances where a single 

anatomical structure spanned across multiple image series, an initial step of merging these series 

was required to create a continuous volume before segmentation could be performed.  

The segmented data was then used to generate a surface mesh representing the boundaries of 

the isolated anatomical structure. 
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Series Merging Protocol 
Data import 

1 Start the “3D Slicer” software; 

2 Access the “DICOM” database; 

3 Choose the appropriate patient; 

4 Identify two series intended for later merging; 

5 Import the identified series. 

Creation of region of interest (ROI) 

1 Activate the “Crop Volume” module; 

2 Under “Input Volume”, choose a series; 

3 Under “Input ROI”, opt for “Create ROI”. The resulting volume will be named  

“Crop Volume” ROI; 

4 Click the “Center View” button in the 3D visualisation window; 

5 Select the “Fit to Volume” option; 

6 Resize the ROI to ensure both loaded volumes, presented as two individual entities, 

fit within this new ROI. 

The process of stitching two volumes 

1 Access the “Stitch Volume” module; 

2 Under Stitched “Volume ROI”, select the “Crop Volume” ROI you previously created; 

3 For “Original Volume 1”, choose the primary volume to which the secondary volume 

will be appended; 

4 For “Original Volume 2”, select the other loaded volume; 

5 Click the “Create Stitched Volume” button. 

Manual Segmentation Protocol 
1 Launch the “3D Slicer” program 

2 Import CT data into the program: 

2.1 Set the image contrast to ensure better visibility. 

3 Add a new segment using the tool: 

3.1 Segment Editor: 

3.1.1 Set up the “Threshold” tool 

3.1.2 Using “Scissors”, “Draw”, “Islands”, manually segment the required structure 

4 When segmenting one structure is complete, proceed to the second one by adding  

a new segment and repeat the segmentation procedure if needed 

5 Export the completed segment or segments as a 3D model in the .obj file format. 
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Segmentation Protocol with Total Segmentation module 
1 For “Input Volume”, choose the volume you have loaded 

2 In “Segmentation Tasks”, opt for “Total” 

3 Click the “Apply” button. Deletion of unnecessary data 

4 Remove all items, retaining only the volume used in the prior step and the desired 

semantic segmentations of anatomical structures: 

4.1 Masks validation and correction 

5 When smoothing is necessary: 

5.1 For the “Smoothing Method”, select “Median” 

5.2 Set the “Kernel Size” to 3.00 millimetres 

5.3 Toggle the “Apply to Visible Segments” option to “Enable” 

6 Verify the morphological accuracy of segmented structures using references from 

literature or digital platforms. If required, adjust utilising the “Draw”, “Paint” (with 

the “Sphere Brush” feature activated), “Erase”, and “Scissors” tools 

7 If there is a segmentation error where a part of one structure is identified as a segment 

of another bone, follow these steps to merge and rectify: 

7.1 In the “Data” module, duplicate the segment that contains a section of  

the incorrect bone 

7.2 Utilise the “Scissors” tool from the “Segment Editor” module to remove 

everything except the mislabelled structure 

7.3 Using the “Logical Operators” tool, integrate the two segments of a single 

structure using the “Add” operation 

7.4 Data export 

8 Save the volume in .nrrd file format 

9 Save segmentation for the volume in .seg.nrrd file format. 

For data acquired directly from a 3D scanner, the initial output was typically a point cloud or 

a preliminary mesh representing the surface geometry of the scanned object. This data then entered a 

processing pipeline focused on refining the mesh, aligning multiple scans if necessary, and preparing 

the model for subsequent stages such as optimisation and printing. 

Each of these pipelines culminated in the creation of a digital 3D model, typically 

represented as a mesh (a collection of vertices, edges, and faces defining the shape of  

the object). These models then served as the basis for further processing steps aimed at 

optimising their geometry and preparing them for specific applications, most notably  

3D printing. 
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2.1.3 Tools and Software for 3D Reconstruction 
The execution of the 3D reconstruction pipelines, and the subsequent processing of the 

resulting models relied on a comprehensive suite of software tools and specialised hardware 

(Tables 2.1 and 2.2). The selection of these tools was driven by the specific requirements of 

each stage of the workflow, from data acquisition to the preparation for physical output.  

A notable aspect of the software utilised is the availability of several powerful programs at no 

cost for scientific and research purposes, enhancing the accessibility of these advanced 

methodologies. 

Table 2.1 

List of used hardware 

Equipment Manufacturer Model Specification / URL (access date) 

Camera Sony ILCE-7RM2 
electronics.sony.com/imaging/interchangeable-lens-
cameras/full-frame/p/ilce7rm2-b  
(accessed 17 Aug 2022) 

Lens Sigma 

70 mm 
F2.8 DG 
MACRO 
Art 

sigma-global.com/en/lenses/a018_70_28  
(accessed 17 Aug 2022) 

µCT SCANCO 
Medical µCT 50 scanco.ch/microct50.html (accessed 17 Aug 2022) 

Computer Lenovo Legion 7 
windows 11 Pro; AMD Ryzen 7 5800H; NVIDIA 
GeForce RTX 3080 16 gigabyte; 64 gigabyte DDR4 
3200 megahertz; 1 terabyte solid-state drive. 

3D Scanner Shining 3D EinScan-S einscan.com/desktop-3d-scanners/EinScan-
Se/EinScan-Se-specs (accessed 17 Aug 2022) 

Table 2.2 

List of used software 

Software / 
Platform Version Information / URL (access date) 

EinScan-S 2.5.0.7 einscan.com/support/download/software/?scan_model=EinScan-S 
(accessed 17 Aug 2022) 

μCT – / – shipped along with the µCT 50 machine 
3D Slicer 5.02 slicer.org (accessed 17 Aug 2022) 
MeshLab 2022.02 meshlab.net (accessed 17 Aug 2022) 
Meshmixer 3.5.474 meshmixer.org (accessed 17 Aug 2022) 
Ultimaker 
Cura 4.8 ultimaker.com/software/ultimaker-cura meshmixer.org  

(accessed 17 Aug 2022) 
RealityCapture 1.2.0.17385 capturingreality.com/RealityCapture (accessed 17 Aug 2022) 
Adobe 
Photoshop 23.1.1 for textures colour correction 

Capture One 
22 Pro 15.0.1.4 for cameras RAW-image processing 

Sketchfab – / – sketchfab.com (accessed 17 Aug 2022) 

For the reconstruction of 3D models from photographic data using photogrammetry, 

“RealityCapture” served as the primary software platform, which is specifically designed for 

creating 3D models from images and/or laser scans, offering functionalities for camera 
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alignment, dense point cloud generation, mesh creation, and texturing. Its graphical user 

interface and integrated tools facilitated the implementation of the photogrammetry protocol. 

The processing and segmentation of medical imaging data, particularly CT scans, were 

performed using “3D Slicer” (Kikinis et al., 2014). This open-source software platform is 

widely recognised in the field of medical image analysis and visualisation. It provided  

the necessary tools for importing datasets in DICOM format, adjusting visualisation parameters 

such as image contrast, and performing both manual and automated segmentation of anatomical 

structures. The “Segment Editor” module within “3D Slicer” offered a range of tools, including 

“Threshold”, “Scissors”, “Draw”, “Smooth”, and “Islands”, for precise segmentation. For tasks 

involving the merging of multiple image series, the Crop Volume and Stitch Volume modules 

within “3D Slicer” were employed. Additionally, the “TotalSegmentator” module (Wasserthal 

et al., 2023) facilitated automated semantic segmentation of numerous anatomical structures. 

For the crucial processes of mesh simplification and optimisation, “MeshLab” (versions 

2022.02 and 2020.12) was a key tool (Cignoni et al., 2008). This open-source software is 

specifically designed for processing and editing unstructured 3D meshes. It provided  

a comprehensive set of filters and tools for cleaning up mesh artifacts, such as duplicate faces 

or vertices, repairing non-manifold geometry, and simplifying the mesh (reducing the number 

of polygons) while striving to maintain the original shape and topological integrity. 

Further model editing and optimisation capabilities were provided by “Meshmixer”. 

This software offered intuitive tools for selecting and manipulating specific areas of the mesh, 

including functions for erasing, filling holes, sculpting, making solid objects, and combining 

multiple meshes. It was particularly useful for addressing small defects like micro-holes and 

for performing mesh remeshing and smoothing operations to refine the model’s surface. 

The final stage of preparing digital models for physical fabrication involved “Ultimaker 

Cura” to prepare the 3D models for printing on FDM machines. This software allowed for  

the configuration of numerous printing parameters, including layer height, infill density and 

pattern, shell thickness, support structures, and build plate adhesion. The “Auto-Orientation” 

extension within Cura assisted in optimally positioning the model on the build platform. 

Additional software used in the data acquisition and preparation phases included 

“Adobe Photoshop” for texture colour correction and “Capture One 22 Pro” for processing 

RAW images from the camera. The “Sketchfab” platform served as a means for publishing and 

presenting the completed digital 3D models. 

The hardware employed for data acquisition included a “Sony, ILCE-7RM2” camera 

with a “Sigma, 70 millimetres F2.8 DG MACRO Art” lens for photogrammetry, a “SCANCO 

Medical, μCT50” machine for μCT, and a “Shining3D, EinScan-S” 3D scanner for optical 
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scanning. The computational tasks were performed on a “Lenovo Legion 7” computer system, 

equipped with a “Windows 11 Pro” operating system, an “AMD, Ryzen 7 5800H” processor, 

an “NVIDIA, GeForce RTX3080” graphics card, 64 gigabyte of double data rate 4  

small-outline dual-inline memory module 3200 megahertz random access memory, and  

a 1000 gigabyte solid-state drive, providing ample processing power and memory for handling 

large 3D datasets. 

2.1.4 3D Model Optimisation, Anatomical Validation, and  
3D Printing Preparation 
Subsequent to the successful reconstruction of 3D anatomical models, a critical phase 

of optimisation and preparation was undertaken to ensure the models were suitable for their 

intended applications, particularly physical realisation through 3D printing. This involved 

refining the mesh geometry, ensuring structural integrity, and configuring parameters specific 

to the additive manufacturing process. 

Model optimisation primarily focused on improving the mesh quality and reducing file 

size without compromising anatomical accuracy or essential detail. This was achieved through 

a series of steps utilising “MeshLab” and “Meshmixer” software. Initial optimisation in 

“MeshLab” involved the systematic removal of topological errors and artifacts that may arise 

during the reconstruction process. This included identifying and eliminating isolated mesh 

components, duplicate faces and vertices, zero-area faces, and repairing non-manifold edges 

and vertices. These cleaning operations were essential for creating a watertight and structurally 

sound mesh, which is a prerequisite for successful 3D printing. Mesh simplification was also 

performed, particularly for models intended for online platforms with file size limitations.  

The quadric edge collapse decimation technique in “MeshLab” was applied to reduce the 

polygon count while preserving the model’s boundary, normals, topology, and planar features. 

Each protocol parameter was first set to its default value, then systematically varied by 

± 50 % of that baseline, and the resulting outputs were benchmarked against the default case 

(Edelmers et al., 2021). The entire protocol was validated using 3D models of the foot bones. 

Simplification and Optimisation Protocol 
1 Launch the “MeshLab” program 

2 Import a 3D model into the program 

3 Remove artifacts, simplify, and optimise the model using tools (all the default values 

with modifications indicated below) 

3.1 Remove isolated pieces (wrt diameter) 

3.2 Remove duplicated faces 
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3.3 Remove duplicated vertex 

3.4 Remove zero area faces 

3.5 Repair non-manifold edges by removing faces 

3.6 Repair non-manifold vertices by splitting 

3.7 Remove unreferenced vertices 

3.8 Simplification: quadric edge collapse decimation: 

3.8.1 Preserve boundary of the mesh: on 

3.8.2 Preserve normal: on 

3.8.3 Preserve topology: on 

3.8.4 Planar simplification: on 

3.8.5 Remeshing: isotropic explicit remeshing 

4 Adaptive remeshing: on 

5 Collapse step: off 

6 Export the completed segment or segments as a 3D model in the binary .ply file format. 

Further refinement and optimisation were conducted in “Meshmixer”. This included 

addressing smaller geometric imperfections, such as micro-holes, by reconstructing the mesh 

surface in the affected areas. The “Inspector tool” with a “Smooth Fill” mode was employed 

for this purpose, with a small threshold value to target only minor gaps. The “Remesh tool” in 

“Meshmixer” was utilised to optimise the polygon distribution and density, often aiming for  

a more uniform mesh structure which can be beneficial for printing quality and file size 

management. Smoothing operations were also applied to the model surface as needed to reduce 

jaggedness and improve the visual appearance, using a shape-preserving smoothing type to 

avoid distorting the underlying anatomy. 

Optimisation Protocol 
1 Launch the “MeshLab” program 

2 Import the 3D model into the program 

3 Remove artifacts using tools: 

3.1 Remove Duplicated Faces 

3.2 Remove Duplicated Vertex 

3.3 Remove Zero Area faces 

3.4 Repair Non-Manifold Edges by removing faces 

3.5 Repair Non-Manifold Vertices by Splitting 

3.5.1 Vertex Displacement Ratio = 0 

3.6 Remove Unreferenced Vertices 
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3.7 Remove Isolated Pieces (wrt Diameter) 

3.7.1 Max diameter of isolated attachments (%) = 10 

3.7.2 Remove Unreferenced Vertices = ON 

4 Export 3D model as an OBJ file 

5 Launch the “Meshmixer” program 

6 Import the 3D model into the application 

7 Close micro-holes (boundary edge type error) by reconstructing the mesh surface 

using the instrument: 

7.1 Inspector 

8 Hole Fill Mode = Smooth Fill 

9 Small Thresh = 0.01 millimetres 

10 Optimise the model polygon mesh to minimise the size of the file (3D model) using tools 

11 Remesh: 

11.1 Remesh Mode = Relative Density 

11.2 Density (%) = 0 

11.3 Regularity = 100 

11.4 Iterations = 10 

11.5 Transition (millimetres) = 0 

11.6 Smooth Group Boundaries = ON 

11.7 Boundary Mode = Refined Boundary 

12 Smooth the 3D models surface if needed 

13 Select 

14 Deform 

15 Smooth: 

15.1 Smoothing Type = Shape Preserving 

15.2 Smoothing = 1 

15.3 Smoothing Scale = 4 (decrease or increase as needed) 

15.4 Constraint Rings = 3 

16 Export the 3D model as an .obj file. 

A crucial aspect of the workflow was the manual validation of the digital models against 

anatomical literature (Motsinger, 2020). If discrepancies were identified, an editing 

methodology utilising “Meshmixer” was employed to make necessary adjustments to the digital 

model to ensure anatomical correctness. This involved using tools like “Select”, “Edit”  

(“Erase & Fill”, “Discard”), “Brushes”, “Make Solid”, and “Add Tube” to modify the mesh 
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geometry. The ability to combine multiple models within “Meshmixer” was also valuable for 

reconstructing complex anatomical regions from individual components. 

Validation Protocol 
1 Check the correctness of anatomical structures using the literature (Motsinger, 2020) 

2 For 3D models whose structures do not correspond to normal human anatomy,  

make the necessary adjustments using the “Editing Methodology” 

3 Launch the “Meshmixer” program 

4 Import the 3D model (or models if there is a need to combine multiple models into  

a single model, such as putting a foot from individual bones) into the program 

5 Use instruments to make necessary adjustments: 

5.1 Select 

5.2 Edit 

5.3 Erase & Fill 

5.4 Discard 

5.5 Brushes 

5.6 Make Solid 

5.7 Add Tube 

6 To combine multiple models into one, select all models in the “Object Browser” 

section by holding the “Shift” button on the keyboard and select all the models from 

the list by clicking on them with a cursor; then, apply the “Combine” tool 

7 Export the 3D model as an .obj file. 

The final stage involved preparing the optimised digital models for physical fabrication 

using FDM 3D printers. This was managed through “Ultimaker Cura” slicing software. 

Importing the 3D model into “Ultimaker Cura” allowed for the configuration of numerous print 

settings that directly influence the physical properties and appearance of the printed object.  

A custom print profile was developed, based on a high-quality “Visual” profile with  

a 0.1 millimetres slice thickness, and further tailored to optimise print quality, structural 

durability, and dimensional precision. Key parameters included setting a wall line count of 10 

for the outer shell, selecting a concentric pattern for the top and bottom layers, and randomising 

the Z seam alignment to minimise its visibility. The internal structure was defined by an infill 

density of 30 % and a gyroid infill pattern, providing a balance between material usage and 

structural support. Build plate adhesion was enhanced using a brim, printed with PVA material 

from the second extruder, to ensure the model adhered securely to the build platform during 

printing. The “Auto-Orientation” extension was used to automatically position the model on 
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the build plate in an orientation that minimised the need for support structures and optimised 

print quality. 

3D Printing Protocol | Cura Ultimaker 
1 Launch the “Ultimaker Cura” program 

2 Import the 3D model into the program 

3 Create a profile (based on the built-in profile “Visual” with a slice thickness of 0.1 

millimetres with further modification and optimisation to maximise quality, 

durability, and precision); the main material for the model is PLA, in its turn for  

the support structures the PVA is being used 

4 Shell: 

4.1 Wall Line Count = 10 

4.2 Top/Bottom Pattern = Concentric 

4.3 Z Seam Alignment = Random 

5 Infill: 

5.1 Density (%) = 30 

5.2 Infill Pattern = Gyroid 

6 Build Plate Adhesion: 

6.1 Build Plate Adhesion Type = Brim 

6.2 Build Plate Adhesion Extruder = Extruder 2 (PVA) 

7 Optimise models’ position using the “Auto-Orientation” extension from  

the “Ultimaker Cura” library (Marketplace) 

8 Start the printing process 

9 Remove support structures from the model by immersing it into the water (25℃) for 24 h 

10 Remove the 3D model from the container with water and allow it to dry 

11 Check the correctness of the 3D printed model by comparing it to the virtual original. 

The physical printing was performed on two models of FDM printers: “Prusa i3 MK2” 

and “Ultimaker S5”. The primary material for the anatomical models was PLA, a widely used 

biodegradable thermoplastic. For support structures, polyvinyl alcohol (PVA) was utilised due 

to its water-soluble properties, allowing for easy removal after printing. Post-processing of  

the printed models involved immersing them in water at 25℃ for 24 hours to dissolve the PVA 

support material, followed by drying. The final step was a visual and tactile inspection of  

the 3D printed model, comparing it against the virtual original to verify its correctness and 

quality. 
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Figure 2.1 illustrates the complete process of 3D reconstruction through to the printed 

model. 

 
Figure 2.1. Graphical representation of 3D reconstruction protocol 

2.2 Methodologies for AI-Driven Morphological Analysis 
The methodologies for AI-driven morphological analysis were developed to automate 

and enhance the detection, segmentation, and quantification of anatomical and cellular 

structures within medical images. This involved curating specific datasets, selecting and 

adapting suitable deep neural network architectures, and implementing rigorous training and 

evaluation procedures. 

2.2.1 Datasets for Development and Evaluation of AI Models 
The foundation of this research relies upon comprehensive datasets appropriate for  

the training and evaluation of AI models in medical image analysis. Two distinct datasets were 

employed to address the specific objectives of adapting classification networks for 

segmentation and detecting spinal metastatic lesions. 

The research on AI-assisted detection and localisation of spinal metastatic lesions 

utilised two separate datasets. The first dataset, designated for vertebra segmentation, consisted 

of CT scans from 115 patients presenting with polytrauma but relatively undamaged spines. 

These full-body CT scans were acquired at the “Riga East University Hospital” (RAKUS) 

hospital (2-PĒK-4/97/2022, 21 February 2022). The second dataset, focused on metastasis 

detection, contained CT scans from 38 patients diagnosed with spinal metastases (Edelmers, 

2024). Following manual segmentation by medical professionals using “3D Slicer” software 

(Kikinis et al., 2014), the data were converted from DICOM format to a NRRD format to 

enhance input/output efficiency during model training. 
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For the estimation of Cajal cells in the anal canal wall, a retrospective cohort study was 

conducted involving forty-two patients. Forty-two formalin-fixed and paraffin-embedded 

(FFPE) anorectal tissue samples were collected. From whole slide images (WSIs) depicting 

immunohistochemically detected ICCs, 40 patches with a resolution of 2048×2048 pixels were 

extracted. These images were initially obtained at maximum magnification. To align with  

the input requirements of the YOLOv11n-obb architecture (Khanam & Hussain, 2024), each 

2048×2048 patch was divided into four smaller 1024×1024 sections, resulting in a total of 160 

images. All these images were annotated, yielding 1871 labelled masks for training purposes. 

The datasets were specifically prepared to serve as input for the training of the AI 

models developed in this research. The preparation involved several crucial steps to ensure data 

quality, consistency, and suitability for the chosen deep neural network architectures. 

In the context of spinal metastasis detection, two U-Net-based networks were trained. 

The first network was trained using the CT scans from 115 polytrauma patients with relatively 

undamaged spines for the task of spine localisation and vertebra segmentation. The second 

network, dedicated to the instance segmentation and classification of metastatic lesions  

(lytic and sclerotic), was trained on the CT scans from the 38 patients diagnosed with spinal 

metastases. The dataset consists of 19456 images, each with a resolution of 512×512 pixels. 

The nnU-Net library’s built-in augmentation capabilities were utilised, which include a wide 

array of transformations such as rotations, scaling, Gaussian noise, Gaussian blur, adjustments 

in brightness and contrast, low-resolution simulation, gamma correction, and mirroring (Isensee 

et al., 2021). These augmentations were applied adaptively based on dataset characteristics, 

enhancing the model’s robustness and generalizability. The dataset for metastasis detection was 

meticulously curated with manually created segmentation masks. 

For the Cajal cell estimation using the YOLOv11n-obb architecture, a dataset 

comprising 160 images (derived from 40 WSIs) with 1871 labelled masks was used for training 

(Edelmers, 2025). The training dataset was further enhanced through rotation and flipping 

augmentation techniques to improve the model’s robustness against variations in 

immunostaining intensities. The final dataset split for this task included 376 augmented images 

for training and 32 non-augmented images for validation. 

2.2.2 Deep Neural Network Architectures 
Deep neural networks constitute the core methodological framework employed in this 

research for medical image analysis tasks, specifically focusing on segmentation, spinal lesion 

detection, and cell estimation. The selection and adaptation of these networks were guided by 
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the specific requirements of each task, balancing performance, computational efficiency, and 

interpretability. 

For the AI-assisted detection and localisation of spinal metastatic lesions,  

a multi-network approach based on the U-Net architecture was adopted. U-Net is  

a convolutional network architecture specifically designed for biomedical image segmentation, 

characterised by its symmetric encoder-decoder structure and skip connections that facilitate 

the transfer of spatial information from the encoder to the decoder. Two U-Net-based networks 

were employed: one for spine localisation and vertebra segmentation, and another for  

the instance segmentation and classification of metastatic lesions. This dual-stage approach 

allows for hierarchical processing, first localising the region of interest (the spine) and then 

focusing on the detailed segmentation and classification of lesions within that region.  

The implementation utilised the nnU-Net framework, which provides a self-configuring method 

for biomedical image segmentation, automating many aspects of the pipeline. 

The selection of the YOLOv11n-obb architecture for the estimation of ICC was driven 

by the specific morphological characteristics of these cells and the computational exigencies of 

high-throughput digital pathology. Unlike generic object detection tasks where subjects are 

typically upright and compact, ICCs present as spindle-shaped or stellate structures with high 

aspect ratios and arbitrary orientations within the tissue matrix. Standard object detection 

models, such as the traditional YOLO series or Faster R-CNN, utilise horizontal bounding 

boxes which are axis-aligned. When applied to diagonally oriented, elongated cells, horizontal 

bounding boxes inevitably encompass significant background noise (non-cellular stroma) to 

capture the full extent of the cell, leading to a low signal-to-noise ratio that degrades 

classification accuracy (Ma et al., 2018). 

Furthermore, the density of cellular clusters in histological samples presents a critical 

failure mode for HBB-based detectors. When two elongated cells lie in close proximity but at 

different angles, their respective horizontal bounding boxes frequently exhibit high IoU 

overlap. This overlap inadvertently triggers non-maximum suppression algorithms – designed 

to eliminate duplicate detections – to suppress valid cell instances, resulting in systematic 

undercounting (Neubeck & Van Gool, 2006). The YOLOv11n-obb architecture addresses this 

by introducing an angular parameter to the regression head, allowing the bounding box to rotate 

and align tightly with the cell's principal axis. This oriented approach drastically minimises 

background inclusion and effectively resolves the “overlapping instance” problem, ensuring 

that closely packed cells are distinctively recognised. 

In terms of computational scale, the analysis of WSI imposes severe constraints on 

model complexity. A standard histological slide digitised at 40x magnification yields  
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gigapixel-scale data that must be tiled into thousands of patches for inference. Utilising heavy 

architectures with massive parameter counts, such as those based on ResNet-101 or DenseNet 

backbones, would introduce prohibitive latency, rendering the system impractical for clinical 

or large-scale research workflows (Litjens et al., 2017). The “Nano” variant of YOLOv11 was 

selected specifically to mitigate this bottleneck. With a highly optimised backbone containing 

approximately 2.6 million parameters, it enables rapid inference speeds suitable for real-time 

screening of massive histological datasets without necessitating specialised high-performance 

computing clusters (Khanam & Hussain, 2024). 

Despite its compact size, the YOLOv11 architecture integrates advanced feature 

aggregation mechanisms that are superior to previous lightweight iterations. It employs 

improved Cross-Stage Partial networks and Spatial Pyramid Pooling – fast modules to enhance 

multi-scale feature fusion (Khanam & Hussain, 2024). This is particularly relevant for ICC 

detection, as the apparent size of the cells can vary depending on the sectioning plane of the 

tissue. By preserving high-resolution features through the network layers, the YOLOv11n-obb 

model maintains high sensitivity for small, thin cellular processes that are often lost in  

the down-sampling layers of older architectures, thus achieving a state-of-the-art balance 

between geometric precision and computational efficiency. 

The spinal metastasis detection research employed U-Net-based architectures, implemented 

within the nnU-Net framework. The U-Net architecture features a contracting path (encoder) that 

captures context and an expansive path (decoder) that enables precise localisation. Skip connections 

between corresponding levels of the encoder and decoder paths are fundamental to U-Net, allowing 

the decoder to utilise high-resolution features from the encoder, which is vital for accurate 

segmentation in medical images. The specific U-Net implementation within nnU-Net included 

several key design choices: instance normalisation instead of batch normalisation to handle smaller 

batch sizes common in 3D medical imaging, leaky ReLU activation functions to introduce  

non-linearity and prevent dying neurons, and deep supervision with topology-adapted parameters. 

These choices were made to optimise the architecture for the complex and heterogeneous nature of 

spinal metastases and to maintain spatial precision. 

2.2.3 Training Procedures, Hyperparameter Tuning, and Evaluation Metrics 
The training of the deep neural networks involved carefully defined procedures and 

systematic hyperparameter tuning to achieve optimal performance for each specific task. 

The training of the U-Net-based networks for spinal metastasis detection was managed 

by the nnU-Net framework, which employs an automated parameterisation approach combining 

fixed, rule-based, and empirical parameters to adapt to diverse datasets. 
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Fixed parameters included the architecture template, based on a U-Net-like structure 

with two convolutional blocks per resolution level and instance normalisation. Training 

typically ran for 1000 epochs, with 250 minibatches per epoch. The learning rate followed  

a polynomial decay from an initial value of 0.01 and was reduced throughout training. 

Optimisation was performed using stochastic gradient descent with Nesterov momentum 

(μ = 0.99). The loss function utilised was a combined Dice and cross-entropy loss, balancing 

accuracy for foreground-background segmentation and boundary precision. 

Rule-based parameters were determined by nnU-Net’s dataset fingerprinting, which 

analyses characteristics such as voxel spacing and median image shape. For anisotropic 

datasets, anisotropic resampling was employed using the tenth percentile of the lowest 

resolution axis. Patch size was initially based on the median image shape and adjusted 

iteratively to fit within graphical processing unit memory constraints. Network topology, 

including the number of downsampling layers, was adapted based on target spacing and voxel 

size to ensure an effective receptive field size. Normalisation techniques varied by modality, 

with z-score normalisation for most cases and specific percentile clipping and z-scoring for  

CT images. 

Empirical parameterisation involved testing post-processing configurations, such as 

largest-component suppression, to assess their impact on cross-validation performance and 

remove false positives. Ensemble selection evaluated the performance of different 

configurations (2D, full-resolution 3D, cascaded 3D U-Net) across cross-validation folds to 

select the best model or ensemble for predictive robustness. 

Four U-Net architecture subtypes were trained: a 2D model using single slices, a 3D 

low-resolution model with downsampled input, a 3D full-resolution model using original 

resolution, and a 3D cascade full-resolution model that processed downsampled images for 

overall structure before refining details with full-resolution data. 

For the Cajal cell estimation using YOLOv11n-obb, training was performed on  

the augmented dataset. Model validation was conducted at the end of each training epoch on  

a prepared set. During this process, the model’s predictions were compared to ground truth 

annotations, and non-maximum suppression was applied to eliminate redundant bounding 

boxes. Key metrics calculated during this phase included precision, recall, and mean average 

precision (mAP), specifically mAP50 (using an intersection over union threshold of 0.5) and 

mAP averaged over a range of thresholds (mAP50-95). These metrics provided a comprehensive 

assessment of the model’s performance on unseen data, guiding hyperparameter adjustments 

and serving as checkpoints for selecting the best-performing model. 
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Results 

This section reports the study’s findings, emphasising the workflows and outcomes for 

3D reconstruction and fabrication of anatomical structures. It also details the educational 

deployment of these methods and the technical procedures used for model generation and 

validation. 

Results of 3D Anatomical Model Reconstruction and Printing 
The work involved the creation of 3D digital models from various sources and their 

subsequent physical realisation through 3D printing. Different techniques were employed for 

the initial digital model creation, and a systematic approach was followed for printing and  

post-processing. The physical realisation of the digital anatomical models was achieved through 

3D printing. Specifically, fused deposition modelling (FDM) technology was utilised for  

the printing process. The printing was conducted using an “Ultimaker 5S” 3D extrusion-type 

printer. Key parameters were meticulously controlled to ensure print quality and fidelity. These 

parameters included a nozzle diameter of 0.4 millimetres, a layer height of 0.1 millimetres,  

a print speed of 70 millimetres per second, a printing temperature of 200℃, a build plate 

temperature of 60℃, and a fan speed of 100 %. The printing materials comprised a polylactic  

acid–polyhydroxyalkanoate blend (“Semi-Matte White”) for the primary model structures and 

“Ultimaker PVA” for the soluble support structures. Fabrication of the complete foot-bone set 

required 44 hours 15 minutes of print time and used 122 grams of a polylactic  

acid–polyhydroxyalkanoate blend for the models and 45 grams of PVA for the support structures. 

Following the printing phase, a crucial post-processing methodology was implemented 

to prepare the physical models for use. This involved the removal of the soluble support 

structures. The printed models were immersed in water at 24℃ for 24 hours to dissolve  

the PVA support material. After the dissolution process, the models were removed from  

the water and allowed to air dry at room temperature (24℃) for another 24 hours. The final step 

in the post-processing was a direct comparison between the physically printed model and its 

corresponding virtual 3D model to assess the outcome of the printing and post-processing steps. 

3D printing methodology protocol details the steps taken from preparing the digital 

model for printing to the completion of the printing process, including the specific printer 

settings used. The outcome, depicted as a 3D printed model, is illustrated in Figure 1. 
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Figure 1. Final physical output after printing and post-processing 

Assessment of Anatomical Accuracy, Print Fidelity, and Model Validation 
The creation of anatomically correct and print-optimised 3D models involved  

a multi-step process beginning with the segmentation of relevant anatomical structures from 

medical imaging data. For the human foot bones, a total of 28 individual bones were segmented 

from 763 CT images using the “3D Slicer” application. This segmentation followed a developed 

methodology to isolate each bone as a separate digital model. 

The initial digital models underwent a validation process to ensure anatomical 

correctness by comparing them against established anatomical literature. Based on this process, 

adjustments were made to the models using the “Meshmixer” program according to a defined 

editing methodology. A total of 19 models required modification to align with normal human 

anatomy. 

Following anatomical correction, the models were optimised with the identification and 

correction of errors as well as artifacts that may have arisen during the segmentation phase.  
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The “MeshLab” program was used for this purpose, addressing issues such as duplicating 

points, duplicating faces, faces with zero areas, non-manifold edges and points, vertices not 

referenced by a face, and microparticles not forming a surface. Subsequently, the on mesh of 

the models was simplified to improve the visual appearance for virtual library demonstrations, 

make the mesh suitable for further manipulations (e. g. deformation, cutting), reduce the file 

size, and ensure the model’s printability on an FDM-type printer. All 28 models were optimised 

to correct segmentation-related errors and artifacts. 

Different techniques were explored for creating bone digital 3D models from natural 

specimens, including 3D scanning, photogrammetry, and μCT which resulted in models with 

varying characteristics in terms of polygon mesh complexity and texture data (Figure 2). 

 
Figure 2. 3D model’s simplified and optimised polygon meshes  

created by using different techniques 
From left to right: 3D scanning, photogrammetry, μCT 

The original number of faces and vertices before and after the application of  

a Simplification and Optimisation Protocol varied significantly depending on the initial 

reconstruction technique (Table 1). 
Table 1 

Number of faces and vertices of 3D models before and after application of 
Simplification and Optimisation Protocol 

 Before Simplification After Simplification 
Techniques Faces Vertices Faces Vertices 

3D scanning 700002 350003 no simplification done 
Micro Computed 
Tomography 70195566 35073613 7019556 3485608 

Photogrammetry 13716318 6882203 700842 350423 
 

Similarly, the size of the obtained texture maps differed (Table 2). 

Table 2 

Size of obtained texture map of 3D models 

Techniques Size of Texture Map in Pixels (Width × Height) 
3D scanning 766 × 998 
Micro Computed Tomography No visual data captured 
Photogrammetry 16384 × 16384 
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Visualisation techniques, such as applying an X-ray shader, were used to reveal the 

internal structures of the digital models (Figure 3). 

 
Figure 3. 3D models created by using different techniques with  

an X-ray shader applied  
From left to right: 3D scanning, photogrammetry, μCT 

Further rendering and presentation on platforms like “Sketchfab” involved applying 

shaders, light sources, global illumination, ambient occlusion, and post-process filters. Models 

derived from 3D scanning and photogrammetry were provided with textures, while those from 

μCT did not have associated visual data (Figure 4). 

 
Figure 4. 3D models with an applied shader, light sources,  

global illumination, ambient occlusion, and post-process filters,  
on “Sketchfab” platform created by using different techniques 

From left to right: 3D scanning, photogrammetry, μCT 

The methodology for automatically segmenting the vertebral column was validated 

using a cohort of 250 patient CT scans. Under the supervision of medical expert, all 25 bones 

of the spine (from C1 to the coccyx) were segmented and the results were verified (Figure 5). 
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Figure 5. Semantically segmented vertebral column serving as proof of  

concept of the presented methodology 
 (In total, 25 bones from C1 till sacrum combined with coccyx) 

The created masks were validated and corrected by comparing the segmented bones with 

reference anatomy from literature and software like “Complete Anatomy” (Motsinger, 2020). 

Analysis of the segmentation results revealed instances of false registration anomalies 

(62 cases), where separate vertebrae were incorrectly identified as a single entity. Segmentation 

inaccuracies were also observed in all cases, where the delineated region either extended 

beyond or fell short of the intended anatomical boundaries, sometimes including adjacent 

tissues or omitting parts of the target structure (Figure 6). 

 
Figure 6. Illustrative examples of artifacts in anatomical segmentation.  

Improper registration 
 (A): A segment of the L4 vertebra is inaccurately identified as part of the L5 vertebra.  

Omission of critical regions (B): This artifact represents the absence of specific anatomical regions  
that should have been included in the segmentation. False registration (C): Soft tissues are incorrectly  

registered as constitutive elements of the L5 vertebra, compromising the integrity of  
the segmented structure. 
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These findings highlight the importance of rigorous validation and potential areas for 

improvement in automated segmentation techniques to ensure anatomical accuracy for 

downstream applications, including 3D printing and educational tools. The successful outcome 

of the automated segmentation work included the creation of a composite volume integrating 

cervical and thoraco-abdominal regions with corresponding segmentation masks, stored in  

the .NRRD file format, which offers advantages for machine learning workflows compared to 

the traditional DICOM format. 

The integration of digital images and 3D-printed models in a Human Anatomy study 

course was assessed through 250 student feedback (Kazoka et al., 2021). They reported 

studying gross anatomy and 3D visualisations (18 % and 16 % respectively), followed by  

the use of 3D printed models (14 %). A small percentage (2 %) focused only on basic structures. 

When asked about learning from digital images and 3D printed models, students indicated  

a deeper understanding (19.2 %), virtual dissection (18 %), and learning about 

variations/abnormalities (14.8 %). Only a small number (2.8 %) mentioned the use of correct 

terminology (Table 3). 

Table 3 

Student responses to four questions in Human Anatomy study course 

Question Attitudes and Views Students (n) % 

What did you study 
during the course? 

Anatomical terminology 24 10 
Basic structures 5 2 
Functions of structures 25 10 
Location of structures and organs 21 8 
Topography 30 12 
Radiological anatomy 15 6 
3D visualisations of the structures 40 16 
Creation of 3D models 35 14 
Work in groups/teams 10 4 
Gross anatomy (dissection) 45 18 
More interesting learning and education 25 10 

What did you study 
from the digital 
images and  
3D models? 

Relationships between structures 15 6 
Analysis of clinical cases 30 12 
Virtual dissection 45 18 
Different variations and/or abnormalities 37 15 
Deeper understanding of anatomy 48 19 
Simulations of clinical procedures 10 4 
Basics for clinical studies 20 8 
Overview of knowledge and skills 13 5 
Use of correct anatomical terminology 7 3 

How did you solve 
problems or 
complicated 
situations during  
that time? 

Including more visual aids 67 27 
Repeating material 52 21 
Help from classmates and educator 48 19 
Using more time; moving slower 32 13 
Using basic concepts 41 16 
Simplification of the information 10 4 
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Table 3 continued  

Question Attitudes and Views Students (n) % 

How will the tools 
that you used help 
you in the future? 

Importance of anatomy for clinical studies 65 26 
Training of some procedures 37 15 
Relationship between basic and clinical study subjects 70 28 
Basics for scientific work 13 5 
Improving clinical skills 18 7 
Success in tests/exams 47 19 

Regarding problem-solving during the course, students primarily reported using more 

visual aids (26.8 %) and repeating material (20.8 %). Other strategies included using more time 

(12.8 %) and simplifying information (4 %). The tools were perceived to be helpful for future 

studies, particularly in understanding the relationship between basic and clinical subjects 

(28 %), recognising the importance of anatomy for clinical studies (26 %), and achieving 

success on tests and exams (18.8 %). A small group (5.2 %) related the tools to scientific work. 

Overall, students expressed satisfaction with the 3D models used in the course.  

A significant portion (20.4 %) felt stimulated and motivated to learn more and perceived the 

course as more intensive due to the incorporation of digital images and 3D printed models. 

Students used 3D-printed models alongside digital images to study anatomy, reporting deeper 

understanding, opportunities for real and/or virtual dissection, and engagement with anatomical 

variations. 

Table 4 shows the results of the students’ satisfaction survey (Kazoka et al., 2021). 

Table 4 

Students’ satisfaction using 3D models in Human Anatomy study course 

Satisfaction Aspect Students (n) % 
Reproduce taught/learned knowledge and skills 46 18 
Increase motivation and intensity for learning 51 20 
Develop knowledge and skills relevant to clinical needs 48 19 
Improve thinking and problem-solving with respect to human-body structures 28 11 
Prepare for the assessment of knowledge and skills 42 17 
Provide a good background for future professional practice 35 14 

Performance Evaluation of AI Models 
This section outlines the experimental results derived from the application of various  

AI models to medical imaging datasets. The evaluation encompasses both quantitative metrics 

and qualitative observations, providing insights into the performance and capabilities of  

the developed systems in the context of image analysis. 

The performance of the developed AI models was rigorously evaluated using 

appropriate metrics tailored to the specific tasks of segmentation in medical imaging and 

detection in histological slides. This subsection details the evaluation methodologies and 

presents the quantitative results obtained for each application area. 
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Performance of AI-Based Segmentation in Medical Imaging 
In a study aimed at detecting and locating cancerous lesions in the spine, a U-Net model 

was used. The first step was to segment the entire spine, which provided the necessary context 

for the later analysis of the metastatic lesions. The U-Net model was trained using five-fold 

cross-validation and optimised with a composite loss function combining Dice loss and  

cross-entropy loss to enhance segmentation performance. Training was conducted on image 

patches extracted from the original scans, and the Dice metric was computed over these patches 

to assess segmentation accuracy during training. During the inference phase, a sliding window 

approach was utilised, which involved processing patches that might differ from those used in 

training, potentially leading to minor variations in the resulting Dice scores. 

Validation patches were sampled using the same methodology as the training patches, 

ensuring consistency in the calculation of the Dice coefficient across all sampled validation 

data. To monitor the training progress and identify potential overfitting, a pseudo-Dice metric 

was employed, as depicted in Figures 7 and 8 of that study. This metric was updated iteratively 

throughout the training process and served as a preliminary indicator of model performance, 

distinct from the final Dice similarity coefficient which was computed at  

the conclusion of training over the entire image using a sliding window approach, providing  

a comprehensive evaluation of the model’s accuracy on full images. 

 
Figure 7. Training process of the model for vertebra segmentation 
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Figure 8. Training process of the model for spinal metastasis segmentation 

Performance metrics were derived from the validation dataset using the model 

architecture that exhibited the highest performance during training. This structured evaluation 

framework facilitated a robust assessment of the U-Net model’s effectiveness in both vertebra 

and metastasis segmentation, confirming its precision and reliability for localising and 

characterising metastatic regions within the vertebral column (Tables 5 and 6). 

Table 5 

Metrics for evaluation of “3D Cascade Full-Resolution” model for metastasis instance segmentation 

Metastasis Type Dice Similarity F-Beta Score Panoptic Quality 
Lytic 0.71 0.68 0.45 

Sclerotic 0.61 0.57 0.30 

Table 6 

Metrics for evaluation of “3D Full-Resolution” model for vertebrae instance segmentation 

Vertebra Dice Similarity Coefficient F-Beta Score Panoptic Quality 
C1 0.94 0.94 0.75 
C2 0.95 0.95 0.82 
C3 0.93 0.93 0.75 
C4 0.93 0.93 0.75 
C5 0.93 0.94 0.75 
C6 0.93 0.93 0.75 
C7 0.94 0.93 0.79 
T1 0.94 0.94 0.81 
T2 0.95 0.95 0.83 
T3 0.95 0.95 0.82 
T4 0.95 0.95 0.83 
T5 0.94 0.94 0.82 
T6 0.88 0.87 0.69 
T7 0.87 0.88 0.70 
T8 0.91 0.92 0.75 
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Table 6 continued  
Vertebra Dice Similarity Coefficient F-Beta Score Panoptic Quality 

T9 0.93 0.93 0.77 
T10 0.94 0.94 0.81 
T11 0.95 0.95 0.85 
T12 0.95 0.94 0.84 
L1 0.95 0.94 0.83 
L2 0.94 0.94 0.83 
L3 0.93 0.92 0.81 
L4 0.94 0.89 0.84 
L5 0.95 0.94 0.86 

Sacrum 0.96 0.96 0.89 

Figure 9 provides representative outputs from the trained 3D U-Net model for spinal 

metastasis segmentation. Separately, Figure 10 is dedicated to showing the masks produced by 

the vertebra segmentation model. 

 
Figure 9. Illustration of the model outputs: on the left, the predicted mask produced by  
the metastasis’s segmentation model; on the right, the vertebra segmentation model’s  

predicted mask with each class depicted in a distinct colour 

 
Figure 10. Illustration of the vertebra segmentation model’s predicted mask with 

each class depicted in a distinct colour 
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Performance of AI-Based Detection in Histological Images 
The primary focus of this section is on the performance of the AI models for cell 

detection. In the context of histological image analysis, deep neural networks were utilised for 

the estimation of Interstitial Cells of Cajal (ICCs) in the anal canal wall of patients with 

advanced haemorrhoidal disease. 

Immunohistochemistry using CD117 and ANO1 was performed to identify and assess 

the distribution of ICCs and the membranous expression of ANO1. Immunostaining revealed 

ICCs as ramified cells dispersed among smooth muscle cells. The density of ICCs associated 

with the muscular component of the anal canal wall varied significantly among patients with 

haemorrhoidal disease (Figure 11). In cases with loosening of the muscular component and the 

presence of dilated vessels, a reduction in ICC number was observed, with cells often localised 

perivascularly. ANO1 immunoreactivity was primarily noted at the membrane of anal gland 

epithelial and smooth muscle cells, with varying expression levels across specimens. 

 
Figure 11. Deep neural network–assisted immunohistochemical mapping of  

interstitial cells of Cajal in FFPE anorectal tissue 
Immunohistochemistry for ICCs was performed on formalin-fixed, paraffin-embedded  

anorectal specimens from haemorrhoidal disease patients. WSI were computationally segmented for  
regions of interest and analysed by a deep neural network to detect ICCs. Representative field  

showing loosening of the mucosal muscularis with irregularly oriented myocytes;  
brown-stained ICCs are indicated. 

Several deep neural network models of different sizes were trained for ICC detection, 

as illustrated in Figure 12. Training was conducted over 51 epochs, and model performance 

was evaluated using mean Average Precision at 50 % (mAP50), mAP50-95, and F1 score. 

Training was halted at epoch 51, because earlier experiments that ran for up to 200 epochs 

showed no further performance gains beyond this point and indicated an increased risk of 

overfitting. All trained DNN models demonstrated comparable performance, achieving  
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a mAP50 of 92 %, a recall of 86 %, and a precision of 88 %. These metrics were considered 

adequate for the task of cell counting. The selection of the final model for integration prioritised 

efficiency, balancing a low parameter count for improved performance on less powerful devices 

and faster inference speed. The YOLOv11n-obb model was ultimately chosen for 

implementation due to its optimisation for both accuracy and resource efficiency. 

 
Figure 12. Performance of the trained models 

YOLO11n-obb (a), YOLO11s-obb (b), YOLO11m-obb (c), YOLO11l-obb (d),  
YOLO11x-obb (e), and parameters (f) of the trained models 

A surface area quantification module was developed within the program to assess 

histological sections and delineate specific tissue regions. It utilises either the resolution 

metadata from TIFF files or a user-defined pixel size to perform pixel-to-area conversions in 

square millimetres. Morphological operations are applied to generate a tissue mask, enabling 

the computation of the tissue-occupied area relative to the entire histological slide. Following 

model training, the “MorpHista” (version 1.0) software was developed to efficiently process 

large whole slide images (WSIs) and quantify ICCs. This software integrated automated 

detection and post-processing steps, addressing the challenge of reassembling segmented 

regions after inference and consolidating detected features into a single image file with 

associated statistics, including ICC counts. The “MorpHista” software (Figure 13) has been 



56 

made publicly available to facilitate reproducible ICC analysis and promote research innovation 

in digital pathology. 

 
Figure 13. User interface of “MorpHista” tool 

Building on these components, the complete MorpHista workflow operates as follows. 

Whole-slide immunohistochemistry images (CD117/ANO1) are imported together with 

resolution metadata. A tissue mask is generated by colour-based thresholding and 

morphological operations, enabling both exclusion of background regions and estimation of tissue 

area in mm². Tiles are then sampled from tissue regions and analysed by a YOLOv11n-obb detector 

that predicts oriented bounding boxes for interstitial cells of Cajal. Tile-level detections are 

mapped back to whole-slide coordinates, merged across tile borders, filtered, and intersected 

with the tissue mask. The final pipeline outputs per-slide ICC counts, density metrics, and visual 

quality-control overlays, together with machine-readable result tables for downstream 

statistical analysis (Figure 14). 
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Figure 14. Workflow of “MorpHista” software 

An attempt was made to incorporate a segmentation approach for quantifying ANO1 

expression. However, the targeted Dice coefficient was not achieved. This outcome highlights 

the inherent complexity of pixel-level classification tasks, particularly given the variability in 

staining intensities and tissue morphology within the dataset. A linear regression analysis 
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revealed an inverse relationship between the number of ICCs and ANO1 expression in anorectal 

tissue from patients with advanced haemorrhoidal disease. Tissue samples exhibiting reduced 

ANO1 expression in myocyte membranes correlated with a higher number of ICCs, while 

samples with elevated ANO1 expression showed a lower number of ICCs. 

To further enhance the understanding of the pathophysiology of haemorrhoidal disease, 

an unsupervised clustering method was applied to the research data. This analysis incorporated 

clinical data, immunohistochemistry data, and DNN-derived ICC quantification findings, using 

either five or six major factors. The clustering analysis based on six factors revealed that only 

36 % of patients with Grade III haemorrhoidal disease exhibited a high density of ICCs, 

compared to 60 % of patients with Grade IV disease. Discomfort, pain, and bleeding were 

observed pre- and postoperatively in both stages. Postoperative pain was markedly reduced for 

both stages. A statistically significant reduction in bleeding was observed postoperatively 

(p < 0.0001). However, two patients with postoperative bleeding were diagnosed with Grade 

IV haemorrhoidal disease and had a high density of ICCs (p = 0.0041), suggesting a potential 

link between ICC density and disease severity.  



59 

Discussion 

Interpretation of Findings: 3D Reconstruction of Morphological Structures 
The integration of advanced digital technologies, particularly in the realm of 3D 

reconstruction of morphological structures, has profoundly impacted various fields, ranging 

from medical education to clinical practice and biomedical research. This section aims to 

provide a comprehensive analysis of the different techniques employed for 3D reconstruction, 

drawing upon existing literature and the specific methodologies explored in the Thesis.  

By examining the strengths, weaknesses, and practical considerations associated with each 

technique, a clearer understanding of their suitability for diverse applications can be established. 

Accurate segmentation and the subsequent 3D reconstruction of morphological structures form 

the unifying methodological axis of the Thesis, linking the 3D model-creation pipeline with  

the artificial intelligence workflows by providing the anatomically-grounded labels required for 

reconstruction, training, validation, and inference. 

The creation of digital 3D models from physical specimens or imaging data can be 

achieved through several distinct approaches. These techniques vary in their underlying 

principles, required equipment, data acquisition methods, and the characteristics of the resulting 

3D models. 

One approach involves the use of dedicated 3D scanner. These devices capture  

the external geometry of an object directly, often employing technologies such as structured 

light, laser scanning, or photogrammetry-based systems. As demonstrated in this study 

(Edelmers et al., 2022), 3D scanning can capture visual data, contributing to a realistic 

appearance of the digital model. The choice of scanner significantly impacts the resolution and 

quality of the obtained texture map, with industrial-grade scanners offering higher fidelity 

compared to mid-level devices. 

Another widely used technique is photogrammetry. This method involves taking 

multiple photographs of an object from different angles and using specialised software to 

reconstruct a 3D model based on the overlapping images. Photogrammetry is highlighted as  

a relatively simple and inexpensive method for creating realistic 3D digital models, capable of 

capturing both topological and visual data. Following specific guidelines, photogrammetry can 

produce metrically accurate models that are valuable for self-directed learning and 

understanding complex anatomical structures (Petriceks et al., 2018). 

For obtaining highly detailed internal and external structural information, μCT is  

a powerful technique. μCT utilises X-rays to generate cross-sectional images of a specimen, 

which are then computationally reconstructed into a 3D volume. This method is particularly 

valuable for capturing the intricate inner structures of objects, such as the trabecular bone within 



60 

a bone specimen (Edelmers et al., 2022). The resulting dataset provides a high-density 

polygonal mesh and accurate topological data, making it suitable for applications requiring 

detailed structural analysis, such as implant production or biomechanical simulations. 

Beyond direct scanning of physical specimens, 3D models of anatomical structures can 

also be generated from medical imaging data, such as CT and MRT scans (Bücking et al., 2017; 

Edelmers et al., 2021). These modalities provide volumetric datasets that can be processed to 

segment specific anatomical regions and create 3D representations. The availability of massive 

medical image datasets on digital platforms facilitates this approach. Differentiation of tissue 

density in imaging data allows for the application of segmentation techniques to isolate different 

anatomical structures (Van Eijnatten et al., 2018). 

Increasingly, AI-driven approaches, particularly those employing machine learning and 

deep learning algorithms, are being integrated into the 3D reconstruction workflow, especially 

for the segmentation of medical images. These methods aim to automate or semi-automate  

the process of identifying and delineating anatomical structures within volumetric data, 

significantly reducing the time and effort required for manual segmentation. AI-based 

segmentation can be applied to a variety of anatomical structures, enhancing the efficiency of 

data annotation in medical imaging projects. 

The application of these different techniques is often guided by the intended use of the 

3D model. As categorised by this study, the main categories of implementation include 

visualisation, simulation, and physical replication (such as for implants or prostheses).  

For visualisation and educational purposes, capturing visual data and producing realistic 

appearances is often prioritised. For simulation and physical replication, the accuracy and 

density of the polygonal mesh, as well as the representation of internal structures, become more 

critical factors. 

Methodological Challenges and Limitations in 3D Reconstruction 
Despite the significant advancements in 3D reconstruction techniques, several 

challenges and limitations persist, impacting the accuracy, efficiency, and accessibility of this 

technology. 

To situate the 3D reconstruction and 3D-printing protocols developed in this Thesis 

within the broader methodological landscape, they were compared with representative  

CT-based workflows described in recent reviews and implementation reports (Brumpt et al., 

2023; Bücking et al., 2017; Dorweiler et al., 2021; Fedorov et al., 2012; Ferreira da-Silva et al., 

2023; Flaxman et al., 2021; Leng et al., 2017). The main similarities and differences are 

summarised in Table 1. 
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Table 1 

Comparison of CT-based 3D reconstruction and 3D-printing protocol developed in  
this Thesis with open-source workflows and commercial point-of-care 3D printing suites 

Dimension Protocols developed in 
this Thesis 

Open-source  
CT→3D workflows  

(3D Slicer +  
mesh tools + slicer) 

Commercial  
3D modelling and 
printing platforms 

(Materialise Mimics 
inPrint, syngo.via) 

Main purpose 

Standardised CT-based 
bone model 
reconstruction and FDM 
printing for anatomy 
education and AI dataset 
generation 

Generic patient-specific 
or educational models; 
often described as  
ad-hoc “how-to”  
case workflows 

Clinical planning, device 
sizing, regulatory-grade 
models integrated in 
radiology workflows 

Software stack 

Fully open and  
low-cost: 3D Slicer for 
segmentation, 
MeshLab/Meshmixer for 
mesh editing, Cura for 
slicing, with explicit 
parameter 
documentation 

Similar open tools  
(3D Slicer + mesh editor 
+ slicer), but with more 
heterogeneous and less 
standardised parameter 
reporting 

Proprietary integrated 
software (Mimics 
InPrint, syngo.via) with 
locked-in segmentation 
and print preparation 
pipelines 

Segmentation 
& optimisation 

Combines  
semi-automatic  
(and AI-assisted where 
applicable) segmentation 
with a fixed  
post-processing recipe 
tuned for FDM bone 
models and re-use in  
AI studies 

Mostly thresholding, 
region growing and 
manual editing; mesh 
repair and smoothing 
described, but often 
without a reproducible 
protocol 

Advanced but closed 
segmentation tools with 
presets and automated 
mesh optimisation for 
clinical use 

Printing & cost 

Targets affordable FDM 
printers, balancing 
anatomical fidelity and 
robustness; no licence 
costs, low per-model cost 

Frequently FDM-based 
and low-cost, but print 
settings and quality 
assessment steps are 
inconsistently reported 

Mix of higher-end  
in-house printers and 
external certified 
services; substantially 
higher software and 
implementation costs 

Reproducibility 
& barriers 

End-to-end workflow, 
parameters and software 
are fully described, 
facilitating replication in 
teaching hospitals and 
universities 

Tools are open, but 
complete protocols are 
fragmented across 
reports; effective use 
depends on local  
“power users” 

Highly standardised but 
non-transparent and 
expensive; adoption 
requires institutional 
budgets 

A primary challenge lies in achieving and verifying the accuracy of the generated 3D 

models (Odeh et al., 2019; Wakjira et al., 2024). The precision of 3D printed anatomical 

models, for instance, is crucial for their use in education and clinical applications, but it can be 

influenced by the chosen printer technology. Verification of model accuracy often requires 

comparison with original specimens. Factors such as technical parameters, morphological 

variability of the specimens, and the expertise of the technical personnel can all affect  

the accuracy and quality of the final digital 3D models (Wendo et al., 2025). 
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While techniques like photogrammetry can be relatively inexpensive, high-quality 3D 

scanners and μCT machines represent substantial investments (Smith et al., 2018). The cost of 

materials and the printing process itself can also contribute to the overall expense of creating 

physical 3D models. 

Creating a series of models through photogrammetry, for example, can be  

a time-consuming process (Morgan et al., 2019). Similarly, manual segmentation of anatomical 

structures from medical imaging data is a laborious task, although AI-driven approaches aim to 

mitigate this. 

The process of 3D reconstruction, particularly from medical imaging, is prone to errors 

and artifacts. Segmentation, whether manual or semi-automated, can result in inaccuracies such 

as the omission of critical regions, incorrect merging of structures, and imprecise registration 

(Edelmers, Kazoka, et al., 2024). Pathological anomalies and anatomical variations further 

increase the complexity of accurate segmentation. Artifacts can also arise during the scanning 

process itself (Alzain et al., 2021). 

The quality of the initial data is crucial as creating anatomically accurate 3D printed 

models requires high-resolution volumetric datasets. Low-quality input data will inevitably lead 

to less accurate and detailed 3D reconstructions (Edelmers et al., 2022). 

Finally, the need for expert precision and validation remains crucial, even with  

the advent of AI-assisted methods. Manual validation of segmented structures by individuals 

with a high level of anatomical expertise is necessary to ensure morphological precision and 

methodological robustness. The lack of quantitative benchmarks for evaluating AI-segmented 

structures further emphasises the importance of expert oversight. 

Despite these challenges, ongoing research and technological advancements continue to 

push the boundaries of 3D reconstruction, leading to more accurate, efficient, and accessible 

methods for studying and utilising morphological structures. 

Interpretation of Findings: AI in Detection and Segmentation of  
Morphological Structures 

The application of AI, particularly deep neural networks (DNNs), in the analysis of 

medical images for the detection and segmentation of morphological structures presents  

a transformative approach with significant potential to augment diagnostic capabilities.  

This research, building upon existing advancements in the field, demonstrates the utility of  

U-Net based architectures for tasks such as vertebrae segmentation and the identification of 

spinal metastatic lesions. The capacity of these models to process complex spatial and 

contextual relationships within medical imaging data is crucial for accurate identification of 

subtle or early-stage pathological changes. The selection of the nnU-Net architecture in  
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the study on spinal metastatic lesions was predicated on its demonstrated versatility and robust 

performance across both 2D and 3D medical image data, offering an advantage over 

architectures like VUNet, which is primarily designed for 3D data (Hirose et al., 2019), and  

the more lightweight SegNet (Badrinarayanan et al., 2017), which may not achieve comparable 

performance in tasks requiring high-resolution predictions and detailed boundary delineation. 

The automatic handling of preprocessing and architecture selection by nnU-Net further contributed 

to its performance edge in the context of medical segmentation where accuracy is crucial. 

Beyond imaging modalities, DNNs are also proving valuable in the analysis of 

histopathological data. The study on the estimation of Cajal cells in the anal canal wall  

(Fišere et al., 2025) highlights the successful integration of DNN-based models, specifically  

a YOLOv11-based architecture, into the pathology workflow for the precise detection and 

quantification of interstitial cells of Cajal (ICCs) using immunohistochemical labelling.  

This represents a significant step towards utilising AI for detailed histopathological analysis, 

moving beyond the predominant focus on clinical and imaging modalities in previous AI studies 

(Patel et al., 2020). The high accuracy achieved by the YOLOv11n-obb model, with a mAP50 

of approximately 92 %, aligns with the performance of recently developed AI systems in digital 

pathology, underscoring the potential of DNNs for a wide range of histopathological 

applications (McGenity et al., 2024). Architectures such as the U-Net and its variations, 

including the 3D U-Net (Çiçek et al., 2016), have been particularly successful due to their 

encoder-decoder structure with skip connections, which allows for the effective integration of 

both low-level and high-level features, crucial for precise boundary delineation. 

In the domain of digital pathology, object detection models like those based on  

the YOLO architecture are valuable for identifying and quantifying specific cellular structures 

within WSIs (Debsarkar et al., 2025; Wendo et al., 2025). The application of a YOLOv11-based 

model for the estimation of Cajal cells demonstrates the effectiveness of this approach for cell 

detection tasks. The model’s ability to accurately identify ICCs using the CD117 marker, 

achieving a mAP50 of 92 %, indicates its potential for automating the quantification of specific 

cell populations in histopathological specimens. This can significantly reduce the time and 

effort required for manual analysis, enabling more efficient and objective assessments. 

The study on spinal metastatic lesions employed different configurations of the U-Net 

architecture, demonstrating that the 3D full-resolution architecture achieved the highest 

performance for both vertebra and metastasis segmentation (Edelmers, Ņikuļins, et al., 2024). 

This highlights the importance of utilising architectures capable of processing the volumetric 

nature of imaging data when analysing structures in 3D space. The performance metrics, 

including the Dice similarity coefficient (DSC), F-beta score, and panoptic quality, provide  



64 

a quantitative assessment of the models’ accuracy in segmenting the target structures.  

The results for lytic metastases, with a DSC of 0.71 and an F-beta score of 0.68, were 

comparable to findings in related studies utilising U-Net based models for similar tasks  

(D. H. Kim et al., 2024; Liu et al., 2021). 

The training process for these DNN models typically involves large datasets with expert 

annotations. The nnU-Net framework, for instance, incorporates automated hyperparameter 

selection and data augmentation to optimise model performance and generalizability. 

Techniques such as rotations, scaling, noise injection, and variations in brightness and contrast 

are applied to increase the diversity of the training data and mitigate overfitting. The use of 

composite loss functions, combining metrics like Dice loss and cross-entropy loss, is also 

common to balance the accuracy of foreground-background segmentation and the precision of 

boundary delineation. 

Methodological Challenges and Limitations in AI-Driven Medical Image Analysis 
Despite the notable successes, the application of AI, particularly DNNs, in the detection 

and segmentation of morphological structures in medicine faces several challenges and 

limitations. One significant challenge is the inherent variability and complexity of medical data. 

Factors such as differences in imaging protocols, equipment variations, patient anatomy, and 

the subtle or heterogeneous appearance of pathological structures can impact model 

performance. 

To contextualise the contribution of the “MorpHista” pipeline within current digital 

pathology infrastructures, it is important to compare it directly with widely used commercial 

and open-source platforms. Building on recent surveys of software tools and AI-enabled 

workflows in digital pathology (Guerrero et al., 2022; Salo et al., 2024), Table 2 summarises 

key dimensions, including licensing model, algorithmic transparency and customisability, 

supported analytical tasks, scalability to whole-slide images, hardware requirements, regulatory 

status, and suitability for quantitative ICC analysis. This comparison highlights how MorpHista 

combines the openness and extensibility typical of research-grade tools with streamlined,  

task-specific workflows that lower financial and technical barriers to adoption in academic and 

educational settings. 
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Table 2 

Comparison of “MorpHista” software with open-source research platforms and  
commercial AI digital pathology systems 

Dimension MorpHista 

Open-source / research 
platforms (QuPath, 

Orbit, Cytomine, 
ImageJ, CellProfiler, 

Ilastik) 

Commercial AI platforms 
(HALO, Visiopharm, 

Aiforia, Paige, PathAI, 
Ibex, Image-Pro) 

Primary 
focus 

Automated detection 
and counting of 
interstitial cells of 
Cajal (ICC) in IHC 
whole slide images, 
with domain-specific 
metrics (surface, 
density) for  
ENS-related research 

General-purpose WSI and 
bioimage analysis 
(segmentation, IHC 
quantification, feature 
extraction, machine 
learning) across many 
tissues and biomarkers 

Broad portfolio of clinical 
and translational 
applications (cancer 
detection and grading, 
biomarker scoring, toxicity, 
clinical trials, workflow 
optimisation) 

Task breadth 

Narrow but deep: one 
well-defined pipeline 
(ICC in CD117/ANO1 
slides) with tuned  
pre- and  
post-processing  
(tissue masking, 
oriented boxes,  
cluster handling) 

Very broad: users 
assemble task-specific 
workflows (e. g. QuPath 
scripts, Orbit ML 
pipelines, Cytomine 
projects, 
ImageJ/CellProfiler 
macros) 

Very broad:  
vendor-supplied and  
user-trainable models for 
many organs, stains and 
study types; ICC-like tasks 
possible but usually not 
pre-packaged 

AI model 
design 

Single YOLOv11n-obb 
detector with oriented 
bounding boxes for 
elongated spindle cells, 
explicitly addressing 
background inclusion 
and NMS-driven 
undercounting in  
dense clusters 

Typically provide 
frameworks for pixel / 
object classifiers and 
sometimes DL integration, 
but no built-in, ICC-
specific oriented detector; 
geometry and post-
processing must be 
implemented by the user 

Deep learning widely used 
(CNNs for 
segmentation/classification, 
commercial ICC-analogous 
tasks), but models are 
proprietary and optimised 
for mainstream clinical 
endpoints (e. g. prostate, 
breast, colorectal cancer) 

Licensing and 
openness 

Open-source research 
tool; full access to 
code, model 
architecture, training 
dataset description and 
evaluation metrics, 
enabling 
reproducibility and 
method auditing 

Mostly open-source; 
algorithms and scripts are 
inspectable and 
modifiable, with active 
developer communities 
(especially QuPath and 
ImageJ) 

Proprietary, closed source; 
internal model details and 
training data are generally 
not disclosed, although 
performance and some 
validation studies are 
published 

User 
expertise 
required 

Minimal configuration 
for ICC counting 
(input WSI + basic 
parameters), but 
assumes understanding 
of IHC staining and 
ENS morphology; 
retraining requires 
research-level 
expertise 

Often require considerable 
technical knowledge 
(scripting, machine 
learning concepts, WSI 
infrastructure); powerful 
but non-trivial to 
configure for robust,  
end-to-end ICC pipelines 

Front-end users’ interfaces 
are user-friendly for 
pathologists, but system 
deployment, integration 
and model governance 
typically demand 
institutional IT and vendor 
support 
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Table 2 continued  

Dimension MorpHista 

Open-source / research 
platforms (QuPath, 

Orbit, Cytomine, 
ImageJ, CellProfiler, 

Ilastik) 

Commercial AI platforms 
(HALO, Visiopharm, 

Aiforia, Paige, PathAI, 
Ibex, Image-Pro) 

Deployment 
model 

Local workstation / lab 
server with GPU; 
suited for  
small–medium 
academic cohorts 

Desktop or on-prem 
server (QuPath, Orbit, 
ImageJ, CellProfiler; 
Cytomine often  
server-based); more  
ad-hoc, research-oriented 
deployments 

Enterprise-grade on-prem 
or cloud platforms, tightly 
integrated with scanners, 
hospital networks; intended 
for regulated clinical and 
pharma environments 

Cost and 
barriers to 
adoption 

No license cost; main 
barriers are hardware 
(GPU), WSI file 
handling and moderate 
technical setup 

No or low license cost, 
but configuration and 
maintenance are labour-
intensive; effective use 
often requires a dedicated 
“power user” or image 
analyst 

Substantial licensing, 
maintenance and validation 
costs; suitable mainly for 
large academic centres, 
reference labs and industry 

Fit for ICC 
quantification 

Direct, out-of-the-box 
solution tuned to ICC 
morphology, stain 
characteristics and 
density metrics, as 
described in this 
Thesis 

Technically capable but 
ICC pipelines must be 
custom-built  
(tiling, annotation, model 
training, post-processing), 
which is time-consuming 
and requires expertise 

Potentially powerful but 
economically and 
organisationally 
disproportionate for niche 
research questions;  
ICC-specific tools are not 
standard offerings 

In the context of spinal metastasis segmentation, the study highlighted  

the comparatively lower performance for sclerotic metastases compared to lytic lesions. This is 

attributed to the subtle imaging characteristics of sclerotic lesions, which demand higher 

sensitivity to subtle density changes. This underscores a limitation in current AI models to 

consistently detect and segment all types of lesions with equal accuracy. 

Data availability and annotation remain critical bottlenecks. Training high-performing 

DNN models typically requires large, diverse datasets with detailed and accurate annotations. 

The study on spinal metastases noted that the dataset used was drawn from a single medical 

centre, potentially limiting the model’s generalizability across different populations and 

imaging environments. Furthermore, the manual creation of segmentation masks by medical 

professionals is a time-consuming process susceptible to inter-observer variability, which can 

introduce inconsistencies in the training data and affect model performance and evaluation.  

Addressing this may require standardising segmentation protocols or employing  

semi-automated annotation tools. 

Technical considerations, such as variability in CT scanning parameters, particularly 

resolution, can also significantly affect model accuracy. Discrepancies between the technical 

specifications of the training data and the data used for inference can reduce model 

effectiveness. The relatively small dataset for metastasis detection, especially for sclerotic 
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lesions, further impacted performance and highlighted the need for more extensive and diverse 

datasets to achieve higher reliability and generalizability. 

Finally, the lack of validation in real-world clinical environments is a crucial limitation. 

Factors such as diverse patient anatomies, varying imaging conditions encountered in routine 

clinical practice, and workflow constraints can influence model performance. Clinical trials are 

essential to determine the actual impact of these AI models on diagnostic accuracy and patient 

outcomes in real-world settings. 
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Conclusions 

The established aim and objectives of this doctoral research were successfully met, 

leading to the following conclusions: 

1 A reproducible protocol was successfully developed to reconstruct 3D bone models 

from various medical imaging sources (including CT, µCT, photogrammetry, and 3D 

scanning) that emphasises systematic workflows using accessible software for data 

acquisition, segmentation, optimisation, and preparation for 3D printing, suitable for 

educational and research applications. 

2 The reconstructed bone models were validated through fabrication with fused 

deposition modelling (3D printing) and subsequent physical and educational 

evaluation, which confirmed the fidelity of the digital-to-physical workflow and 

demonstrated the utility of the printed models in enhancing anatomical understanding 

in educational settings. 

3 Annotated datasets were assembled for segmented morphological structures at two 

scales, including vertebrae with lytic and sclerotic lesions from computed 

tomography as well as intestinal Cajal cells from immunohistochemically stained 

whole-slide images, thus establishing efficient workflows to generate data suitable 

for AI model training and analysis. 

4 Trained deep neural network models demonstrated high efficacy for the automated 

detection and segmentation of various morphological structures, including precise 

segmentation of spinal metastases from CT scans and accurate quantification of 

interstitial Cajal cells in histological images, confirming the hypothesis that these 

techniques can achieve reliable, accurate and reproducible results. 

5 The developed AI methodologies were successfully integrated into functional 

software, exemplified by the “MorpHista” tool for automated quantification of 

interstitial cells of Cajal in whole-slide histological images, demonstrating practical 

applicability and potential to translate research findings into tools that improve 

efficiency in medical image analysis.  
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Publications and reports on topics of Doctoral Thesis 

Publications: 
1. Edelmers, E. (Corresponding Author), Kažoka, D., & Pilmane, M. Creation of Anatomically 

Correct and Optimized for 3D Printing Human Bones Models. Applied System Innovation, 2021, 
4, 67. https://doi.org/10.3390/asi4030067, Q1. 
Author’s personal technical and methodological contribution: conception and end to end 
implementation of a validated 3D reconstruction to printing workflow including data acquisition via 
photogrammetry, μCT and 3D scanning, DICOM processing, 3D Slicer segmentation, MeshLab and 
Meshmixer mesh optimization, Cura slicing with print validation, and technical optimization such 
as parameter sweeps, topology repair and decimation. 

2. Kažoka, D. (Corresponding Author), Pilmane, M., & Edelmers, E. Facilitating Student 
Understanding through Incorporating Digital Images and 3D-Printed Models in a Human Anatomy 
Course. Education Sciences, 2021, 11, 380. https://doi.org/10.3390/educsci11080380, Q1. 
Author’s personal technical and methodological contribution: design, fabrication, and validation of 
the 3D models used in the teaching intervention. 

3. Edelmers, E. (Corresponding Author), Kazoka, D., Bolocko, K., Pilmane, M. Different Techniques 
of Creating Bone Digital 3D Models from Natural Specimens. Applied System Innovation, 2022, 5, 
85. https://doi.org/10.3390/asi5040085, Q1. 
Author’s personal technical and methodological contribution: development of comparative 
pipelines for 3D scanning, photogrammetry and μCT, implementation of complete software 
workflows including image and volume import, segmentation, meshing, optimization and texture 
handling, and comprehensive dataset preparation. 

4. Edelmers, E. (Corresponding Author), Kazoka, D., Bolocko, K., Sudars, K., Pilmane, M. 
Automatization of CT Annotation: Combining AI Efficiency with Expert Precision. Diagnostics, 
2024, 14, 185. https://doi.org/10.3390/diagnostics14020185, Q1. 
Author’s personal technical and methodological contribution: design of the AI assisted CT 
annotation pipeline including dataset assembly and curation, preprocessing and series stitching, U 
Net configuration, semi-automatic mask generation with expert refinement, and quality control with 
anatomical validation. 

5. Edelmers, E. (Corresponding Author), Nikulins, A., Sprudža, K. L., Stapulone, P., Saimons Pūce, 
N., Skrebele, E., Siņicina, E. E., Cīrule, V., Kazuša, A., & Boločko, K. AI-Assisted Detection and 
Localization of Spinal Metastatic Lesions. Diagnostics, 2024, 14, 2458. https://doi.org/
10.3390/diagnostics14212458, Q1. 
Author’s personal technical and methodological contribution: study design and data annotation, 
curation of vertebrae and metastasis datasets, training and evaluation of U-Net models for vertebral 
segmentation and metastasis instance segmentation, and specification of evaluation metrics. 

6. Fišere, I., Edelmers, E. (Corresponding Author), Svirskis, Š., & Groma, V. (Corresponding 
Author). (2025). Utilisation of Deep Neural Networks for Estimation of Cajal Cells in the Anal 
Canal Wall of Patients with Advanced Haemorrhoidal Disease Treated by LigaSure Surgery. Cells, 
14(7), 550. https://doi.org/10.3390/cells14070550, Q1. 
Author’s personal technical and methodological contribution: development of the computational 
pipeline and software for ICC detection and quantification, including WSI patch extraction, data 
annotation, object detection with YOLOv11n-obb model, training and validation protocols with 
metric computation, and the creation of the “MorpHista” tool for whole slide post processing. 
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Reports and theses at international congresses and conferences: 
1. Edelmers, E. (2023). Digitalization of Zygomatic Bone as a Part of the Orbit Wall. In P. Fedirko, 

M. Pilmane, O. Maksymuk, T. F. Babenko, & N. A. Garkava (Eds.), Practical Ophthalmology. 
Medical and Environmental Problems of our Days: Collection of Works International Scientific and 
Practical Interdisciplinary Conference (pp. 36-38). State Institution «National Research Center for 
Radiation medicine of the National Academy of Medical Sciences of Ukraine”. 
https://science.rsu.lv/ws/portalfiles/portal/63211535/Digitalization_of_zygomatic_bone.pdf 

2. Sudars, K., Namatevs, I., Nikulins, A., Edelmers, E., Neimane, L., Slaidiņa, A., & Radziņš, O. 
(2023). Artificial Intelligence-Powered System for Identifying Bone Deterioration in Radiological 
Imaging. Paper presented at International Workshop on Embedded Digital Intelligence 
(iWoEDI”2023), Riga, Latvia. https://events.edi.lv/iwoedi2023/wp-content/uploads/sites/2/2023/
06/IWoEDI-2023-Artificial-Inteligence-Powered-System-for-Identifying-Bone-Deterioration-in-R
adiological-Imaging.pdf 

3. Edelmers, E. (2024). 3D Gaussian Splatting for Real-Time Radiance Field Rendering in Anatomy 
Education and 3D Model Creation. 26. Abstract from 11th Baltic Morphology Meeting, Rīga, Latvia. 
https://doi.org/10.25143/rsu-balt-morf-11-meeting 

4. Edelmers, E., & Fišere, I. (2024). Deep Learning-Based Software for Automated Cell Detection 
and Counting in Whole-Slide Histological Image Analysis. 67. Abstract from 11th Baltic 
Morphology Meeting, Rīga, Latvia. https://doi.org/10.25143/rsu-balt-morf-11-meeting 

5. Edelmers, E., & Kažoka, D. (2021). Creation of digital bones collection with anatomically correct 
and optimized 3D models. 540. Abstract from RSU Research week 2021: Knowledge for Use in 
Practice, Rīga, Latvia. 

6. Edelmers, E., Kažoka, D., & Šmite, K. (2025). Automatic Segmentation of Morphological 
Structures, Metastasis Detection, and 3D Model Reconstruction from Medical Imaging Utilising 
Artificial Intelligence Based on Deep Neural Network Methodologies. 104. Abstract from  
Rīga Stradiņš University International Research Conference on Medical and Health Care Sciences 
“Knowledge for Use in Practice”, Riga, Latvia. https://doi.org/10.25143/rw2025.kup.abstracts-book 
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