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Abstract

This study evaluates the feasibility of using the LiDAR sensor of the iPhone 16 Pro Max with the Zappcha
application for contactless wound size assessment. A synthetic wound was scanned using three
acquisition methods at three distances (25 cm, 50 cm, and 100 cm), and the resulting 3D reconstructions
were compared with manual measurements. The findings show that scanning distance and device
orientation strongly affect accuracy, with the best results obtained at 25 cm using stable acquisition paths.
These results highlight the potential of smartphone-based LiDAR for rapid and reliable wound
measurement in medical training, telemedicine, and emergency scenarios, while underlining the need for
further validation in clinical practice.
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1. Introduction

Humans perceive the world in three dimensions; we take it for granted and don’t think about it.
Replicating this natural ability in the digital realm has revolutionised cultural preservation [1],
enhanced urban planning [2], and allowed the creation of autonomous vehicles [3]. Light Detection
and Ranging (LiDAR) has emerged as one of the frontrunners in the field. LIDAR technology was first
introduced in the 1960s. It relies on shooting a laser on the target and measuring reflected light,
measuring differences in wavelength, and the time delta of the procedure [4]. Since then, the
technology has managed to scale down from military-grade equipment to a part of mobile devices.
Subsequently, it was employed in many more aspects of science, like robotics and everyday life, by
being present in modern mobile phones. Moreover, recent experiments found it to be an effective and
lightweight alternative to robust systems in the field of geomatics [5].

Recent achievements and the availability of LiDAR technology have made it possible to
utilise it beyond industrial applications. Medicine is always looking for new ways to improve the care
of patients, employing technological developments on a regular basis [6]. At the intersection of
robotics and medicine, there is a thriving field of medical robots, easing the work of healthcare
personnel. Recently, scientists experimented with a service robot with a 3D LiDAR system capable of
autonomous navigation and operating within a medical environment [7]. Nonetheless, applications
of LiDAR stretch even further into the medical domain. Thanks to mobile devices, the availability of
such powerful technology opens up the possibility of incorporation in emergency scenarios, where
robust equipment is unavailable.

Crisis Informatics and Emergency Medical Technologies are branches of science focused on
actions, solutions, and equipment in extreme situations. In scenarios where assessment of the victims
has to be made on the spot, such developments can be life-saving. Recently, a team of researchers
from the Republic of Korea made progress in measuring the size of the wounds using LiDAR [8].
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Although it was done under a controlled environment in a hospital, they managed to showcase a
solution that is simple yet effective, especially in cases of wounds with irregular shapes.

In this article, the Authors focus on evaluating methods and parameters of data acquisition
using LiDAR technology in smartphones in scenarios outside the hospital. The goal is to examine
whether or not this is a feasible way of estimating wound sizes outside hospital halls and under
uncertain, undetermined conditions. To achieve this goal, the authors have conducted experiments
testing three methods and three different approaches to performing scans. The obtained results were
compared and evaluated to estimate the best-performing one in terms of error rate in three
dimensions of the artificial wound - length, width, and depth. Experiments utilise a commonly
available smartphone with LiDAR capabilities, scanning an artificial wound in a non-sterile
environment, simulating crisis scenarios.

2. Non-invasive measurement technologies

The development of measurement technologies in recent times has significantly increased the
accuracy, speed, and accessibility of systems for acquiring spatial data.

In particular, there has been a dynamic increase in the use of non-contact methods that
enable rapid mapping of object geometry in the form of three-dimensional models. These
technologies are used in many fields - from reverse engineering, robotics, geoinformation and
augmented reality. Systems enabling real-time 3D data acquisition with high accuracy and the ability
to operate in various environmental conditions are of particular importance.

The most critical modern methods of spatial data acquisition include: digital
photogrammetry, structured light, Time-of-Flight (ToF), and LiDAR [9, 10, 5]. Each of these
technologies has its own specificity, advantages, and limitations.

Digital photogrammetry using the Structure from Motion (SfM) method allows 3D space
reconstruction based on a set of photographs taken from different viewpoints. This process involves
identifying characteristic points, matching them between images, and then estimating the positions
and orientations of the cameras, which leads to the generation of first a sparse and later a dense 3D
point cloud. Although this method is relatively inexpensive and can work using smartphones, its
accuracy depends heavily on lighting conditions and object texture, and it also requires significant
computational resources [11, 12, 13, 14].

In controlled conditions, SfM can achieve centimetre-level accuracy or better using a large
number of high-resolution images, although its reliability decreases when surfaces are poorly
textured or dimly lit, affecting point cloud density and reconstruction quality [12, 15]. Experiments
with smartphones have shown that practical mobile SfM methods can generate models with accuracy
comparable to professional scanners in applications such as terrain erosion monitoring or
architectural measurements [16, 14]. An advantage of this method is the ability to use standard digital
cameras and achieve high mapping accuracy, provided that proper lighting and well-varied surface
textures are ensured. The drawbacks remain the time-consuming process and high computational
demand, as well as susceptibility to errors in the case of homogeneous, shiny, or transparent surfaces.

Structured light technology is based on projecting a light pattern onto the surface of an object
and analysing the deformation of that pattern using a camera that records the scene. Distortions in
the pattern structure, resulting from interaction with the 3D geometry of the object’s surface, enable
precise determination of the surface shape. Structured light systems are based on the principle of
geometric triangulation, where the positions of the projector and camera are known, and point depth
is determined based on the angular difference between emitted and received rays. An advantage of
this technology is the ability to achieve very high measurement precision, often in the micrometre
range, and to generate dense point clouds with high spatial resolution. Thanks to this, structured
light techniques are widely used in applications requiring high precision, such as manufacturing,
industrial metrology, quality control, cultural heritage reconstruction, or biomedicine [17, 18, 19].
Despite many advantages, structured light systems also have limitations. The most important is
sensitivity to lighting conditions — bright ambient light can disturb the visibility of the pattern,
negatively impacting reconstruction quality. Additionally, scanning dark or shiny surfaces can lead
to data loss or artefacts in the 3D model. This technology also typically has a limited operating range,
making it best suited for short-distance measurements in controlled environments [20, 21, 22].

Time-of-Flight (ToF) camera technology is a dynamically developing method of depth data
acquisition, based on measuring the travel time of light between the sensor and the object’s surface.



In classical ToF systems, the detector measures the time it takes for an emitted light pulse (usually in
the near-infrared range) to travel to the object and back. In practical versions, sinusoidally modulated
continuous light is most commonly used, and the distance is determined based on the phase shift
between the sent and received signal [23]. One of the key advantages of ToF cameras is the ability to
generate depth data in real-time, making them an attractive solution in mobile, robotic, and
interactive applications. Thanks to their compact design, they can be easily integrated with portable
devices such as smartphones or augmented reality systems [24]. ToF cameras show low dependency
on object texture and colour, allowing their use in visually diverse environments, including
uniformly colored or poorly lit surfaces. However, this technology is not without limitations. High
sensitivity to photon noise and light interference can affect data quality, especially under intense
lighting or at long distances [23, 25]. An additional problem is the low spatial resolution compared to
other 3D acquisition methods, such as photogrammetry or structured light, which limits the ability to
reconstruct fine details [25]. Moreover, in the case of highly reflective or transparent objects, ToF
systems may produce distorted depth data, requiring additional correction algorithms [23].

LiDAR technology is currently one of the most advanced solutions in the field of spatial
measurements. Its operating principle is based on the emission of light pulses, most often in the near-
infrared range, which, after reflecting from objects, return to the detector. The time of flight of the
pulse, measured with high precision, allows the distance to the object to be determined [26]. Thanks
to the very high frequency of pulse emission, LIDAR systems can generate millions of points per
second, creating extremely dense and accurate point clouds. An advantage of this technology is its
independence from lighting conditions and the ability to operate both day and night [23].
Additionally, LIDARs handle mapping complex, irregular shapes and structures well, including in
natural and urban environments. In recent years, there has been a miniaturisation of these systems
and their integration with mobile devices, significantly increasing the accessibility of this technology
for field applications [5]. The miniaturisation of LiIDAR systems has enabled their integration with
portable devices (e.g., iPhone Pro, iPad Pro, some Android models), as well as with drones and
inspection robots [5, 23]. As a result, measurements can be taken in real time without the need for
heavy equipment. Despite many advantages, LIDAR technology is associated with higher equipment
costs, the need to process large amounts of data, and the requirement for precise calibration in more
complex measurement configurations.

3. LIDAR-Based Wound Assessment

During crisis situations such as rescues after natural disasters, terrorist attacks, or on the battlefield,
it is crucial to assess wounds quickly, objectively, and contactlessly. Traditional methods of wound
assessment based on rulers and subjective staff judgment are time-consuming, prone to errors, and
not always feasible, especially in field conditions. In response to these needs, there is active
development of systems that use 3D scanning with LiDAR technology, often supported by artificial
intelligence and computer vision methods, which allow quick and precise reproduction of wound
structure without the need for physical contact.

Before the technology can be deployed in the field, it has to be tested in labs and hospitals. Such
clinical trials were conducted by Liu et al. [27]. Using LiDAR technology implemented in devices such
as the iPhone 12 Pro or iPad Pro to measure the area of wounds, they compared its accuracy to
measurement results obtained using the ruler method and digital analyses done with Image]. The
results achieved with the app using LiDAR surpassed the traditional method for pressure injury
assessment. However, it is underlined that deep wounds could be mismeasured.

Similarly, another limitation was pointed out in [8], where surgical wounds smaller than 2.0
x 2.0 cm® were excluded from the study due to the technical limitations of LiDAR in smartphone
devices. However, it was still possible to develop a ready-to-use app that measures the wound area.
The correlation between the results achieved by the app and Image] analysis was 0.995, which is a
promising result for practitioners, enabling them to measure wounds contactlessly and thus lowering
the risk of wound infection.

Next example of LIDAR technology usage is the WounDAR platform (Wound Detection and
Assessment using Range and Vision) developed by Akeboshi et al. [28]. It is also available on
consumer-level mobile devices, which presents great potential for field operations. The method uses
a LiDAR sensor, an RGB camera, and deep neural networks for wound analysis - it not only focuses
on size but also considers wound localisation, segmentation, and tissue classification. The system was



developed and tested on photos of injuries at different stages and of various origins, including ulcers,
surgical wounds, and pressure ulcers. However, the results showed that, for the proposed platform,
using the iPhone 12 LiDAR camera does not guarantee achieving the required sensor accuracy to
achieve an acceptable error level.

The significance of depth measurement is highlighted in [29], where the authors presented a
system combining a deep learning model with LiDAR technology for assessing the area and depth of
burns—Burn Evaluation Network. Thanks to LiDAR sensors, a 3D map of the wound can be
reconstructed while preserving wound geometry. The data, including the depth of injuries, was
manually annotated by clinicians for further model training. The authors point out that 2D
measurements tend to underestimate wound area; therefore, it is crucial to include 3D measurements
in contactless wound sizing.

In [30], a mobile LiDAR system (Time-of-Flight sensor) combined with an RGB camera was
proposed for wound assessment. The study utilised both synthetically generated images and images
captured from wound phantoms designed to replicate surgical wounds and ulcers. The Time-of-
Flight sensor was used to measure the distance to the skin surface, while the RGB camera provided
information about the shape and colour of the wounds. Although the authors developed a regression
model that achieved an error of less than 5% relative to the actual wound size, the method was not
evaluated in real-world clinical scenarios.

LiDAR-based technologies, especially when combined with Al models, hold great promise
for innovation in contactless wound size assessment, particularly under challenging conditions.
However, issues such as the accurate measurement of deep wounds and poor lighting conditions still
need to be addressed. Moreover, these solutions must be validated in clinical settings using large,
real-world datasets.

4. Experiment Description

The aim of this experiment is to evaluate the accuracy and consistency of different 3D acquisition
strategies for capturing the geometry of a synthetic wound using a mobile LiDAR sensor. The study
was conducted with the iPhone 16 Pro Max equipped with a LIDAR scanner, in combination with the
Zappcha mobile application for real-time point cloud generation.

To assess the influence of acquisition technique on the quality of wound reconstruction, a
total of nine point clouds were collected. The scanning process was performed in continuous mode by
rotating the joint around the wound to capture its shape from all angles. Three distinct acquisition
methods were applied, each differing in the orientation and rotation path of the device relative to the
wound surface. Additionally, each method was executed at three different distances: 25 cm, 50 cm,
and 100 cm.

The collected data was processed in CloudCompare, where key wound dimensions—length
(x), width (y), and depth (z)—were extracted and compared. The goal of the experiment is to
determine which combination of orientation and distance yields the most precise and reliable 3D
wound representation.

Figure 1 presents the synthetic wound used throughout the study, with the three key spatial
dimensions annotated: length (x), width (y), and depth (z). These measurements serve as the
reference values for evaluating the accuracy of the 3D reconstructions obtained through various
acquisition methods.

Figure 1: Artificial wound with annotated dimensions: length (x) = 13.72 cm, width (y) = 2.64 cm,
depth (z) = 0.45 cm.

Table 1 provides a visual summary of the three device orientation strategies applied during



the scanning process. The diagrams illustrate how the phone was positioned and rotated around the
wound in each method.

Table 1
Visualization of three acquisition methods for 3D wound scanning using the iPhone 16 Pro Max and
the Zappcha app.

Method 1 Method 2 Method 3

Rotate at a 45-degree angle Rotation perpendicular to Rotation perpendicular to
to the wound the wound, without the wound
phone rotation.

In all methods, the scanning was performed in continuous mode by rotating the joint around the
wound, while keeping the phone orientation fixed. The methods differ in the angle and path of device
rotation relative to the wound:

e Method 1 involves holding the phone at a 45-degree angle to the wound.

e Method 2 also keeps the phone perpendicular, without phone rotation.

e Method 3 keeps the phone perpendicular to the wound, with rotation performed horizontally

around the target.

These approaches were designed to evaluate how different spatial orientations during acquisition
affect the accuracy and completeness of the resulting 3D reconstructions.

5. Results

The main objective of this study was to assess the influence of different acquisition methods and
distances on the accuracy of 3D wound reconstruction. After collecting a total of nine point clouds
using the three predefined acquisition strategies at varying distances (25 cm, 50 cm, and 100 cm), the
resulting data were analyzed using CloudCompare software.

The point clouds obtained during the study are presented in Table 2.



Table 2
Point Cloud Obtained During the Study

Distance Method 1 Method 2 Method 3

25 cm

50 cm

100 cm

The key spatial dimensions of the wound—length (x), width (y), and depth (z)—were
extracted for each configuration. The results were then compared against the reference
measurements obtained directly from the physical wound model. This comparison allows for an
evaluation of how closely each 3D reconstruction matches the true dimensions and which
configuration yields the most reliable results.

Table 3 presents the dimensional values (in centimeters) extracted from each of the nine
acquired point clouds. The results are organized by acquisition method and scanning distance. The
first row includes the manually obtained reference values, serving as the ground truth for all
subsequent comparisons.



Table 3
Point Cloud Obtained During the Study

Method Distance(cm) X (cm) y (cm) z (cm)
Reference - 13.72 2.64 0.45
Method 1 25.00 13.38 2.81 0.3
Method 2 25.00 12.34 3.34 0.21
Method 3 25.00 13.81 2.47 0.5
Method 1 50.00 12.45 3.69 0.22
Method 2 50.00 12.28 3.29 0.26
Method 3 50.00 12.71 3.72 0.23
Method 1 100.00 14.86 10.32 0.33
Method 2 100.00 12.61 3.92 0.14
Method 3 100.00 9.23 4.53 0.17

The results in Table 3 indicate that none of the tested acquisition methods produced a perfect
match with the reference measurements across all three dimensions. However, certain trends can be
observed:

e Method 1 generally produced stable length (x) measurements, especially at 25 cm and 50 cm,

though some overestimation occurred at 100 cm.

e Method 2 yielded relatively consistent results across distances, with moderate accuracy in all

three dimensions. Notably, depth (z) was underestimated in all cases.

e Method 3 showed the greatest variability, especially at 100 cm, where all dimensions deviated

significantly from the reference, particularly width (y).
Overall, the 25 cm distance yielded the most accurate and visually interpretable results across
methods, likely due to higher point density and better surface detail capture.
Among all scans, the wound was most clearly visible and easiest to interpret in the point clouds
obtained using Method 1 and Method 3 at 25 cm.

Figure 2 presents the measured values of the wound's length (x), width (y), and depth (z) obtained
from 3D point clouds acquired using different methods and distances. Each bar represents a specific
acquisition configuration, and the red dashed line indicates the manually measured reference value
for that dimension.
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Figure 2: Comparison of measured wound dimensions (x, y, z) from 3D point clouds across different
acquisition methods and distances. The red dashed line represents the ground truth (reference
measurement).

The results presented in Figure 2 show that most acquisition methods led to minor underestimation
or overestimation of the wound's actual dimensions. Notably, Method 3 at a distance of 100 cm
resulted in the largest deviations in both length and width. In contrast, measurements taken at a
distance of 25 cm were consistently closer to the reference values. Among these, Method 1 and
Method 3 yielded the most accurate results, suggesting that closer proximity to the wound, combined
with specific device orientations, positively influences dimensional accuracy. Method 2 exhibited
moderate stability across all distances but did not outperform the others at any point.

Figure 3 illustrates the relative error (%) for each of the measured wound dimensions (x, y, z),
calculated with respect to the reference values. The relative error for each dimension was computed
using the following formula:

Measured Value — Reference Value
Reference Value

Relative Error = x 100 % (1)
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Figure 3: Relative errors in the measured wound dimensions (x, y, z) for each acquisition
configuration. Lower values indicate higher accuracy of 3D reconstruction.

As illustrated in Figure 3, the depth dimension (z) was generally the worst reconstructed
across all methods and distances. The width (y) showed considerable variability, particularly in the
case of Method 1 at 100 cm, where the error reached its peak. The lowest relative errors were
observed for Method 1 and Method 3 at a scanning distance of 25 cm, indicating that close-range
acquisition not only improves measurement accuracy but also minimizes variability. In contrast,
Method 3 at 100 cm consistently produced high relative errors across all dimensions, demonstrating
the limitations of distant scanning with that orientation.

Figure 4 presents a heatmap showing the total relative error, calculated as the sum of the
individual relative errors for length (x), width (y), and depth (z). This aggregated error metric helps
identify which acquisition strategies performed best overall. The total relative error was computed
as:

|ym_.Yr' |Zm Z,
+ +
X, Y, Z,

|Xm_xr

Total Relative Error =

%100 % (2)

Where:

®  XmVmZm — Values of the wound’s length, width, and depth obtained from the 3D point cloud
(measured values)

*  X,V.,Z— manually measured reference values for the wound’s length, width, and depth
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Figure 4: Relative errors in the measured wound dimensions (x, y, z) for each acquisition
configuration. Lower values indicate higher accuracy of 3D reconstruction.

The heatmap in Figure 4 provides a comprehensive overview of total reconstruction error
across all acquisition strategies. The best-performing configuration was Method 3 at 25 cm, closely
followed by Method 1 at the same distance. These configurations yielded the lowest cumulative
errors in all three dimensions. Conversely, Method 1 at 100 cm resulted in the highest total error,
primarily due to substantial overestimation of wound width. Overall, the data strongly indicate that
shorter acquisition distances lead to more precise and consistent 3D reconstructions, regardless of
the specific method employed.

6. Conclusion

This study evaluated the accuracy of 3D wound reconstruction using the LiDAR sensor of the iPhone
16 Pro Max in combination with the Zappcha application. Three acquisition methods, each applied at
three distances, were tested by capturing point clouds of a synthetic wound. The dimensional
measurements extracted from these reconstructions were compared against reference values
obtained through manual measurement.

The results clearly indicate that both the acquisition distance and the device orientation play
a significant role in the quality of 3D data. The most accurate and visually interpretable
reconstructions were obtained at a distance of 25 c¢m, particularly with Method 1 and Method 3. In
contrast, increased distance — especially 100 cm — significantly reduced reconstruction fidelity, often
leading to high relative errors, especially in wound width.

Overall, close-range scanning combined with stable device orientation proved to be the most
effective strategy. These findings can guide future applications of smartphone-based 3D scanning in
medical simulation, training, or telemedicine. Further work will focus on optimizing the scanning
path and evaluating reconstruction quality in real-world clinical scenarios.

7. Future Works

Future work should systematically test a more comprehensive array of methods and corresponding
parameters. Current findings should be expanded by conducting tests on a broader range of wound
types, anatomical locations, and patient populations, which would ensure the robustness of the data
collected. Furthermore, a comparison between different devices is also advised to achieve a sense of
universality of the results. Finally, developing a standardized procedure that would ensure the best
results with ease of performance should become a long-term goal.



8. Limitations

This study has several important limitations that should be addressed. First of all, tests were
conducted using a fake wound. While it is understandable to use a prop, it still does not reflect the
variety of other types of wounds or the inherent realness of the injury. The experiment setup
considered only a few of the possible configurations, which again might not correlate to a real-world
setting. Subtle changes in lighting, angle, movement speed, or distance can greatly affect the
outcome. All data comes from one device, which might hinder the application of the results in the
general case.
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