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Abstract. Accurate characterization of the geometric and surface properties 

of pressure ulcers is important for supporting therapeutic decisions and wound 

coverage planning. Three-dimensional scanning technologies provide new 

possibilities for capturing wound geometry in a digital form and enable more 

detailed spatial analysis than traditional two-dimensional approaches. Despite 

these advances, practical application remains challenging, particularly with 

respect to system integration, usability, and extensibility of the complete 

processing pipeline in real-world environments. This study presents the 

integration and optimization of a wound coverage system, building on processing 

components developed in earlier stages of the research. The pipeline integrates 

steps from 3D data capture to wound coverage planning and combines manual 

user interaction with automated algorithmic procedures. An essential aspect of 

the present work is the incorporation of artificial intelligence methods into the 

workflow, with a particular focus on automatic wound boundary detection for 

subsequent geometric evaluation and coverage planning. A modular system 

architecture forms a central design principle, allowing individual functional units 

to be developed, tested, replaced, or extended independently while maintaining 

consistent data flow. Compared with the initial wound coverage baseline version, 

the integrated system introduces consolidated functional units, increased 

automation, AI-supported boundary detection, and targeted improvements to the 

graphical user interface. The current implementation demonstrates the feasibility 

of combining these components within a functional research prototype. Further 

technical and clinical validation is required, with future development focusing on 

improved automation, expanded AI integration, and enhanced clinical 

applicability. 

Keywords: 3D scanning, pressure ulcers, wound segmentation, artificial 

intelligence, wound assessment. 

1 Introduction 

Pressure ulcers represent a significant clinical and economic burden worldwide, reduc-

ing patients’ quality of life and imposing costs on healthcare systems that are far from 
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negligible. Planning appropriate treatment requires accurate geometric data including 

area, volume, depth, and surface characteristics, whether the question is about dressing 

selection, coverage strategy, or simply tracking how the wound is healing. Traditional 

methods such as ruler-based measurement or acetate tracing have been part of clinical 

practice for a long time, and in many settings they still are. Their two-dimensional na-

ture and dependence on the individual examiner, however, impose fundamental limita-

tions [1, 2]. Three-dimensional scanning aims to address these shortcomings, as using 

structured light projection, laser triangulation, or photogrammetry, wound geometry 

can be captured digitally and spatial metrics can be extracted that are simply not meas-

urable with conventional tools [3, 4, 5, 6]. Of course, solving the measurement problem 

does not automatically solve clinical deployment — from reliable data acquisition 

through robust processing to a usable interface, a great many details remain. The pre-

sent work describes the integration and optimization of such a system, with the not 

insignificant addition that alongside the earlier desktop application, a web-based ver-

sion has now been developed. When the system runs in a browser it is no longer tied to 

a single machine, requires no installation, and a single server can serve multiple clinical 

sites, which is a meaningful practical advantage. The 3D rendering is handled by a 

WebGL-based JavaScript library optimized for this purpose, which can take advantage 

of hardware acceleration, something that matters because dedicated graphics cards are 

rarely available on clinical workstations. The system covers the entire workflow from 

3D data capture to wound coverage planning, and the modular architecture discussed 

in more detail in Section 3 also means that individual parts, including AI-based bound-

ary detection, can be developed independently [7, 8, 9]. 

2 Background and Related Work 

Clinical wound measurement has long relied on two-dimensional techniques such as 

ruler-based assessment, manual tracing on transparent film, or digital planimetry. 

Among these, the Visitrak system is one of the most widely used, where the wound 

contour is traced onto a film sheet, re-traced on a digital touch pad, and the software 

calculates the area. Its accuracy and reproducibility have generally been found accepta-

ble [2], but there is a fundamental limitation in that the film must make physical contact 

with the wound surface, which introduces infection risk, potential distortion of the 

wound edges, and discomfort for the patient. Chang and colleagues showed in a study 

published in ePlasty that photographic measurement is statistically equivalent to Vis-

itrak in area estimation (ICC = 0.971), while being completely non-contact — a mean-

ingful advantage in cases involving clean wounds, burns, or infection-sensitive presen-

tations [23]. Both methods share the same underlying constraint though, as they capture 

two-dimensional data and cannot measure depth, volume, or surface curvature, all of 

which matter clinically. Three-dimensional optical scanning is precisely what addresses 

these gaps. Using structured light, laser triangulation, or photogrammetry, the complete 

wound geometry can be captured without touching it, remotely and non-invasively [3, 

4]. Comparative studies have generally found that 3D methods match or exceed the 

accuracy of traditional techniques, with substantially lower inter-operator variability 
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[5, 6]. Cost and ease of use were barriers for a long time, but the development of con-

sumer mobile hardware has changed this, as a smartphone equipped with a LiDAR 

sensor is now capable of performing clinical-grade scans, and in principle displaying 

the results on the same device [7, 8]. This opens a realistic path toward a system that is 

accurate, portable, and actually usable by clinical staff and not just by engineers. 

Automatic wound boundary detection is arguably the hardest part of the pipeline to 

get right, but AI-based approaches have been making steady progress. In the medical 

image segmentation literature, the U-Net architecture was specifically designed for bi-

omedical images and has performed well on wound segmentation tasks [10, 16]. Its 

encoder-decoder structure with skip connections preserves fine boundary detail through 

the upsampling pathway — exactly what is needed for accurate wound delineation. 

More recent approaches — Mask R-CNN [11], the Segment Anything Model [12], 

Transformer-based architectures [17] — extend the possibilities further, and the field 

is moving quickly. The combination of web-based delivery and server-side processing 

means all of this can run in a platform-independent, installation-free environment, 

where a WebGL rendering library renders the 3D wound visualization interactively in 

the browser [20, 21]. 

3 System Architecture 

One of the most consequential design decisions was to build the system around modu-

larity — not as an abstract principle, but out of practical necessity. In a medical device 

development project, requirements shift, algorithms get replaced, and what seems like 

the right solution today may not be tomorrow. If the system is written as a single mon-

olithic block, every change carries risk. So each major functional part operates as an 

independent module with its own well-defined input and output. The data cleaning 

module turns raw scan data into a usable mesh representation — this is covered in Sec-

tion 4.1. The boundary detection module identifies the wound contour using AI-based 

segmentation; the geometric analysis module computes the clinical measurements; the 

coverage planning module generates the closure surface; and the visualization module 

displays everything. The system runs in both desktop and web form, and what matters 

is that both versions share the same processing logic and the same AI core — it is not 

two separate codebases, just the same pipeline with different interfaces. Whether it is 

worth maintaining both in the long run is an open question, one that clinical feedback 

will eventually answer. 

3.1 Modules and Processing Flow 

Processing starts with the raw scan — the data cleaning module takes the Scaniverse 

PLY or OBJ export and produces a mesh representation that the rest of the pipeline can 

actually work with. This step cannot be skipped since raw scans typically contain small 

isolated fragments, duplicate points, and geometrically invalid structures that down-

stream modules cannot handle. The boundary detection module then runs on the top-

view photograph, identifies the wound contour using AI-based segmentation, and this 
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result feeds directly into both the geometric computations and the coverage algorithm. 

The coverage planning module generates the closure surface using RBF interpolation 

— on the web this step is not yet fully stable and is under active development. The 

geometric module computes the clinical metrics from the closed mesh, and the visual-

ization module renders the result interactively in 3D on both platforms, with per-layer 

toggle controls. Rendering works differently in the two versions. On the desktop, 

Open3D’s own GUI handles this. On the web, the mesh is converted to JSON and 

loaded by Three.js r128 with WebGL acceleration, so the entire 3D visualization runs 

in the browser without installation. Data transfer size will need attention as the system 

scales, and Draco (.drc), a compression format developed by Google, can reduce geo-

metric data size by up to a factor of ten without losing the detail that matters clinically, 

and Three.js handles it natively via DRACOLoader. The glTF/GLB format is also an 

option if texture data ever needs to travel with the mesh, but for now Draco is sufficient. 

3.2 Technology and Rendering 

The scanning hardware is an iPhone 13 Pro with a built-in LiDAR sensor, which is 

capable of capturing dense meshes under clinical conditions. The phone sits in a hand-

designed 3D-printed holder that can be placed at the bedside — no cables, fully porta-

ble. A circular LED ring around the holder provides even illumination, which noticea-

bly improves the consistency of wound photographs used for AI segmentation. Scan-

ning is done with the Scaniverse app, which exports PLY and OBJ files that the pro-

cessing pipeline reads directly. The processing logic is Python-based, using Open3D 

[14] for mesh manipulation, OpenCV [18] for image processing, and SciPy [19] for 

numerical computation. The web layer consists of a Flask server [21] and a Three.js 

browser-side renderer [20]. 

4 Processing Pipeline 

4.1 Wound Scanning Protocol 

Wound scanning should be performed during dressing changes. Following removal of 

the dressing and cleaning of the wound according to the routine wound-care procedure, 

the scan is acquired before the application of a new dressing, ointment, or any other 

topical wound-care product. Scanning is a non-contact procedure; therefore, the device 

did not come into contact with either the patient or the wound surface. Where possible, 

the patient should be positioned or repositioned so that they are not lying on the wound 

being examined and the entire wound area is accessible from multiple directions. Bed-

ridden patients were turned onto their side when necessary to ensure adequate visibility 

of the wound. The scanning device should typically be held at an approximate distance 

of 20–50 cm from the wound. The working distance should be adjusted according to 

the size, depth, and anatomical location of the wound. When recording deeper areas or 

regions extending beneath the skin, the device may be moved closer to the wound as 

required. During scanning, the device should be moved relatively slowly and at a steady 
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speed around the wound, while its surface is recorded from multiple viewpoints and 

different angles. The purpose of this movement is to ensure that the wound edges, sur-

face, and optically accessible deeper regions are included in the three-dimensional re-

construction. The circular LED light was used during every scan. It provides more uni-

form illumination, reduces the formation of shadows, and limits the effect of variations 

in ambient lighting. Adequate general room or hospital ward lighting is also required. 

The portable wound-scanning setup and its main components are shown in Fig. 1. After 

brief instruction and minimal practice, the scanning of a readily accessible wound can 

typically be completed in approximately one minute. However, the required time de-

pends on the size, depth, shape, and accessibility of the wound; larger, deeper, or less 

accessible wounds may require a longer scanning time. The resulting three-dimensional 

model can be inspected directly on the smartphone. Under normal circumstances, one 

scan of adequate quality is sufficient; however, the entire scan should be repeated if the 

reconstruction is incomplete or contains errors. The method can only be applied when 

the wound is uncovered, the patient is not lying on it, and the wound can be adequately 

accessed with the device from multiple directions. In cases of severe bleeding, scanning 

should be postponed to a more appropriate time. 

 

Fig. 1. Portable wound-scanning setup including the smartphone, circular LED illumination, 

and 3D-printed holder 
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4.2 Data Acquisition and Preprocessing 

Processing begins with the raw LiDAR scan data. From the Scaniverse PLY or OBJ 

export, the preprocessing module first retains the largest connected component — 

smaller fragments and isolated islands produced during scanning are discarded. Dupli-

cate vertices, degenerate triangles, and non-manifold edges are then removed, vertex 

normals are recomputed, and quadric decimation is applied if needed to bring the trian-

gle count to a manageable level. The result is a consistent, manifold mesh on which 

subsequent processing steps can run reliably. 

4.3 AI-Based Wound Boundary Detection 

Identifying the wound boundary accurately is the most critical step in the pipeline — 

and the one most likely to fail in practice. The boundary detection module operates on 

the top-view photograph taken at the time of scanning. The segmentation architecture 

follows the U-Net encoder-decoder design [10], using MobileNetV2 as the encoder 

backbone [22]. The encoder extracts hierarchical feature representations through suc-

cessive downsampling stages, while skip connections carry spatial detail to the corre-

sponding decoder levels — this is what allows the predicted boundary to preserve fine 

geometric structure. The output is a binary segmentation mask separating the wound 

region from intact skin. When the trained model is temporarily unavailable, the system 

falls back to HSV-space thresholding combined with Otsu binarization — an automatic 

threshold selection method that separates wound from skin based on intensity distribu-

tion. This fallback is not a replacement for neural network-based segmentation; its ac-

curacy is considerably lower, particularly under difficult lighting or with atypical 

wound morphology. For this reason, the output should clearly indicate when processing 

ran on the fallback rather than the trained model. A systematic comparison of the two 

approaches is planned as future work. After segmentation, morphological closing and 

opening operations clean the mask, and the largest connected component is retained as 

the final wound region. 

The wound segmentation component was implemented using a U-Net architecture 

with a MobileNetV2 encoder. The network received RGB images resized to 224 × 224 

pixels as input and produced a single-channel wound probability mask through an out-

put layer with sigmoid activation. The MobileNetV2 encoder was initialized with 

weights pre-trained on the ImageNet dataset, as well as compatible encoder weights 

from a previously trained wound segmentation model [13]. The publicly available Foot 

Ulcer Segmentation Challenge dataset [24] contained a total of 1,010 labelled image–

mask pairs. Of these, 810 pairs were used for model training, while the 200 labelled 

validation images were further divided into subsets: 100 images were allocated to the 

validation set and an additional 100 images to the internal test set. The 200 official test 

images of the challenge were excluded from quantitative evaluation, as the correspond-

ing reference masks are not publicly available. In addition to the public data, 50 wound 

images collected in-house with manually created segmentation masks were also in-

cluded. The in-house data were split at the wound or patient level into 30 training, 10 
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validation, and 10 test images. The complete labelled dataset thus comprised 1,060 im-

age–mask pairs. In the first training phase, the network was trained on the public dataset 

using a batch size of 8 and a maximum of 100 epochs. The Adam optimizer was applied 

with an initial learning rate of 1 × 10⁻⁴. The MobileNetV2 encoder was kept frozen 

during the first five epochs, after which it was unfrozen and the entire network was 

fine-tuned at a learning rate of 1 × 10⁻⁵. In the second phase, the model was fine-tuned 

on the in-house wound images using a batch size of 4, a maximum of 50 epochs, and a 

learning rate of 1 × 10⁻⁵. During training, the Dice coefficient, intersection over union, 

precision, and recall were monitored. Early stopping with a patience of 15 epochs was 

applied based on the validation Dice score, and the model parameters yielding the best 

validation Dice were restored. If the validation Dice did not improve for five consecu-

tive epochs, the learning rate was reduced by a factor of 0.5, down to a minimum of 1 

× 10⁻⁶. Model performance was evaluated using the Dice coefficient, IoU, precision, 

and recall. The final values will be inserted after completion of the predefined inde-

pendent evaluation of the in-house test set: Dice 0.7568, IoU 0.6235, precision 0.7314, 

and recall 0.9126. 

4.4 Contour Projection and 3D Metric Computation 

The wound contour, which is initially represented in pixel coordinates of the top-view 

mask, needs to be projected onto the 3D mesh surface to produce a geometrically mean-

ingful boundary representation. The projection uses a linear mapping between the mask 

image coordinate space and the mesh bounding box in the XY plane, where each con-

tour pixel (u, v) is mapped to a 3D world coordinate, and a vertical ray is then cast 

downward to find the intersection with the mesh surface using Open3D’s ray casting 

scene. Ordering the projected contour points is where the earlier desktop version often 

went wrong. That version used polar coordinate sorting, ordering points by angle 

around the centroid, which works for convex wound shapes but produces crossing pol-

ygons for concave geometries, which is not uncommon. The web version therefore 

switched to nearest-neighbor ordering, where the algorithm always picks the closest 

next point, which handles concave shapes correctly, though with very noisy point sets 

it can still occasionally produce small errors. From the ordered 3D contour, wound pe-

rimeter follows from the sum of consecutive Euclidean distances, area from the shoe-

lace formula applied to the XY projection, and depth from the difference between the 

mean Z of the contour and the minimum Z among mesh vertices inside the contour 

polygon. Volume is computed using signed tetrahedral decomposition when the mesh 

is watertight, and falls back to an area-depth approximation otherwise, which is less 

accurate and improving this remains one of the main development priorities. 

5 Graphical User Interface 

The interface is designed to work for both clinical and engineering users, which in prac-

tice means different things to different people. The left panel presents a step-by-step 
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workflow. The mesh upload zone accepts PLY or OBJ files by drag-and-drop, trigger-

ing automatic cleaning and 3D rendering. The photo upload zone accepts PNG or JPG 

images and launches AI segmentation — the resulting mask and contour overlay appear 

immediately as thumbnail previews. The analysis button runs the full 3D pipeline, and 

a timestamped log tracks what is happening at each stage. The integrated web-based 

user interface and its main workflow components are shown in Fig. 2. The wound con-

tour appears as a green line directly on the mesh surface, the reconstructed closure sur-

face as a semi-transparent layer beneath it — each can be toggled independently. Top-

down and side-view presets support clinical review. The right panel displays the com-

puted metrics — perimeter, area, depth, volume — in color-coded cards. Below that, 

mesh information, segmentation statistics, and export controls let the user download 

results as PLY, JSON, or CSV. 

 

Fig. 2. Graphical user interface of the WoundScanner 3D system 

6 Optimization 

Raw Scaniverse scans typically contain tens of thousands of triangles, sometimes over 

a hundred thousand, and a large fraction of these are redundant from a clinical stand-

point. The system applies quadric decimation to bring this down to a manageable level, 

using an algorithm that iteratively collapses adjacent vertices while minimizing surface 

deviation, so the wound edge shape, depth profile, and surface curvature are preserved 

while model size and rendering load drop substantially. Beyond the triangle count, ge-

ometric stability also needs attention. Open3D’s built-in validation functions handle the 

most common issues [14], starting with duplicate vertices that are removed because the 

same spatial point appearing twice causes numerical instability further down the pipe-

line, degenerate triangles where the three vertices are collinear and the face has zero 

area are discarded since they carry no geometric information, and non-manifold edges 

are cleaned up because a valid mesh requires exactly two triangles per edge and any-
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thing more is physically meaningless. Normal orientation is made consistent with ori-

ent_triangles(), which matters for both rendering and volume computation. None of this 

is particularly exciting, but skipping it tends to produce hard-to-diagnose failures later. 

The modular structure has an optimization benefit that is easy to miss. Because each 

functional unit has a well-defined interface, individual modules can be replaced, for 

instance swapping in a better-trained segmentation model, without touching anything 

else. In-memory data passing between modules avoids unnecessary disk writes, and the 

session-based output directory keeps intermediate results accessible if something needs 

to be traced back. These are small things individually, but they add up over the course 

of a longer development cycle. 

7 Results and Future Work 

At the current stage, the system should be regarded as a functional research prototype 

that demonstrates the technical feasibility of integrating portable 3D wound acquisition, 

AI-assisted boundary detection, geometric analysis, and visualization within a unified 

workflow. The iPhone 13 Pro with its LiDAR sensor, the 3D-printed bedside holder, 

and the circular LED ring form a portable experimental acquisition setup, while the 

desktop and web-based implementations support the subsequent processing and visu-

alization steps. The system has not yet undergone prospective clinical validation; there-

fore, the presented results should be interpreted as a demonstration of technical feasi-

bility rather than evidence of clinical performance. Development continues in several 

directions. The current bounding-box-based contour projection can produce errors 

when the scanning geometry deviates from vertical, and replacing it with a more prin-

cipled camera-based or depth-map-based approach is one of the most important next 

steps. The AI segmentation component’s performance depends heavily on the training 

dataset, and with a larger, more varied collection of annotated wound photographs and 

systematic testing across different wound types and coverage situations, the model 

should generalize considerably better. A feedback loop is also conceivable, where the 

AI not only segments but also evaluates and refines the generated contour, which would 

directly improve mesh accuracy. The closure algorithm is another candidate for im-

provement, where AI-based surface reconstruction methods could produce a more an-

atomically accurate estimate of the original skin geometry, which would in turn make 

volume computation more reliable. 
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