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Abstract

Three-dimensional imaging technologies are increasingly used in breast reconstructive and
plastic surgery due to their potential for efficient and accurate preoperative assessment
and planning. This study systematically evaluates the accuracy and consistency of six
commercially available 3D scanning applications (apps)—Structure Sensor, 3D Scanner
App, Heges, Polycam, SureScan, and Kiri—in reconstructing the female torso. To avoid
variability introduced by human subjects, a silicone breast mannequin model was scanned,
with fiducial markers placed at known anatomical landmarks. Manual distance measure-
ments were obtained using calipers by two independent evaluators and compared to digital
measurements extracted from 3D reconstructions in Blender software. Each scan was re-
peated six times per application to ensure reliability. SureScan demonstrated the lowest
mean error (2.9 mm), followed by Structure Sensor (3.0 mm), Heges (3.6 mm), 3D Scanner
App (4.4 mm), Kiri (5.0 mm), and Polycam (21.4 mm), which showed the highest error
and variability. Even the app using an external depth sensor (Structure Sensor) showed
no statistically significant accuracy advantage over those using only the iPad’s built-in
camera (except for Polycam), underscoring that software is the primary driver of perfor-
mance, not hardware (alone). This work provides practical insights for selecting mobile
3D scanning tools in clinical workflows and highlights key limitations, such as scaling
errors and alignment artifacts. Future work should include patient-based validation and
explore deep learning to enhance reconstruction quality. Ultimately, this study lays the
foundation for more accessible and cost-effective 3D imaging in surgical practice, showing
that smartphone-based tools can produce clinically useful scans.

Keywords: 3D mesh reconstruction; 3D imaging technologies; mobile 3D scanning; breast
reconstructive surgery; plastic surgery

1. Introduction

Three-dimensional (3D) surface imaging has become a valuable tool in plastic surgery,
particularly in aesthetic procedures such as breast augmentation and facial contouring.
It surpasses traditional two-dimensional (2D) photography by providing comprehensive
spatial data. This capability significantly enhances preoperative analysis and surgical
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planning accuracy [1]. While its use in oncoplastic and reconstructive breast surgery—
especially in cancer contexts—remains limited due to current constraints in accuracy and
clinical validation, 3D imaging holds potential for future integration. In standard clinical
practice, surgeons primarily rely on radiographic images such as mammograms/MRI
scans for tumor localization and surgical planning [2]. However, these images are usually
acquired with patients in standing (mammography) or prone (MRI) positions, which do not
reflect the supine posture typically used during surgery. Additionally, breast compression
during mammography, along with differences in patient positioning in both modalities,
can complicate the accurate translation of imaging data into surgical scenarios. Also,
these discrepancies can compromise tumor removal and negatively affect reconstructive
outcomes, highlighting the need for improved (position-consistent) preoperative planning.

Various techniques such as structured-light scanners, laser scanners, and stereopho-
togrammetry have emerged as viable solutions for capturing the complex geometry of
the breast. Structured-light and stereophotogrammetry systems have demonstrated sub-
millimeter (mm) precision and reliability (with typical errors well under 1 mm in controlled
settings) [3-5], but their clinical adoption remains limited. The trade-offs lie in cost, com-
plexity, and capture speed/time. For instance, multi-camera photogrammetry enables
rapid acquisitions but at high cost and complexity, whereas structured-light and laser
scanners, though portable, require a steadier subject due to longer scan durations and have
limitations in mesh quality. In response, recent developments in mobile scanning devices
and smartphone-based applications offer a promising balance of accuracy, reproducibility,
and accessibility [6].

One notable device is Structure Sensor, an infrared depth camera attachable to iPads.
Oranges et al. [7] evaluated it on an iPad Pro by scanning a rigid female torso phantom
alongside two commercial system (Canfield Vectra M5 and Artec Eva). Analysis of breast
measurements (distances between anatomical landmarks and surface areas) showed no
significant differences, indicating that low-cost mobile scanners can match the accuracy
of high-end systems in controlled settings. This finding supports the conclusion that, for
a controlled model, a mobile infrared scanner can be as reliable as industry-standard 3D
imaging systems in capturing breast morphology. Koban et al. [8] compared an affordable
handheld scanner (Intel RealSense) against a multi-camera photogrammetric system in
42 patients. Breast measurement showed good-to-excellent correlation between the tested
devices, with surface deviations around 1.6-1.8 mm root-mean-square (RMS) error and a
reproducibility of 0.64 mm RMS.

Beyond these, modern smartphones further extend mobile scanning capabilities
through two main approaches: photogrammetry apps and LiDAR-based scanning. Pho-
togrammetry apps reconstruct 3D meshes by stitching together multiple images, while
newer devices equipped with LiDAR sensors allow direct depth capture. One recent
study [9] compared smartphone-derived 3D breast volumes (3D Scanner App was used)
with MRI-based volumes (MRI being a gold standard for volume measurement) in
22 women. While small systematic offsets were observed, the results demonstrated
that smartphone scanning can yield reasonably accurate volume estimates at low cost.
Kyriazidis et al. [10] evaluated a smartphone LiDAR workflow in 25 patients, focusing on
clinically relevant (linear) breast measurements. Relative errors were low (approximately
1.4% for notch-to-nipple and 3.5% for nipple-to-midline distances) with excellent inter-rater
reliability (ICC—0.92). Notably, the learning curve was short, with clinicians achieving
proficiency after only a few scans. All these findings suggest that portable, affordable
solutions could achieve clinically acceptable accuracy in breast imaging, provided their
limitations are well understood and characterized.
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While smartphone-based 3D scanning apps provide convenient solutions, many use
proprietary reconstruction algorithms that often rely on deep learning (DL) methods, the
specifics of which remain undisclosed. In contrast, recent academic research has developed
open-source DL frameworks capable of reconstructing detailed meshes from sparse inputs.
For example, Occupancy Networks [11] accurately learn continuous shape representations
from single images or sparse point clouds and they have been validated on large synthetic
datasets, such as ShapeNet (over 50,000 synthetic 3D models) [12]. Pixel-Aligned Implicit
Functions (PIFu) [13] reconstruct detailed clothed human meshes from one or more RGB
images, showing robustness to occlusions by aligning pixel-level features with learned
shape priors. Alternative approaches such as convolutional mesh regression [14] and
graph-based approaches like Pixel2Mesh [15] predict mesh vertex positions or deform
template meshes from single images, achieving high accuracy on real-world human datasets.
Specifically in breast reconstruction, recent open-source DL developments remain largely
experimental or in early clinical stages. For instance, Weiherer et al. [16] introduced an
implicit neural breast shape model (iRBSM), trained on 168 photogrammetry-based 3D
scans, which reconstructs detailed breast meshes from single 2D photos. Their workflow
uses a state-of-the-art monocular depth estimator (Depth Anything V2) to generate depth
maps, reprojected into 3D using known camera intrinsics, followed by model fitting to
the resulting point cloud. Duarte et al. [17] proposed a CNN-based system for real-time
reconstruction, validated on synthetic data with a mean surface error of approximately
3.9 mm. Commercial tools like Crisalix also use DL algorithms (despite proprietary) to
generate 3D breast models from photographs for preoperative planning. However, all these
methods face key limitations, including limited datasets, difficulty achieving clinical-grade
accuracy, and the need for real-world validation.

Given this context, the clinical utility and practical capabilities of currently available
commercial 3D scanning applications still require rigorous evaluation. The primary objec-
tive of our study was to evaluate and quantify the performance of a selected set of current
applications—3D Scanner App, Heges, Polycam, SureScan, Kiri and Structure Sensor—in
reconstructing 3D breast meshes, using manual measurements as the reference for val-
idation. A mannequin phantom fitted with silicone breasts was employed to maintain
controlled conditions. Specifically, we focused on the following:

1.  Overall reconstruction accuracy across applications: Assessed by comparing man-
ually measured anatomical distances on the phantom with corresponding digital
measurements extracted from 3D meshes, aggregated across all scans.

2. Intra-trial and operator-related variability: Evaluated by analyzing repeated scans
per app and comparing error consistency across trials and between two indepen-
dent operators.

3.  Anatomical region-specific error patterns: Analyzed by examining reconstruction
accuracy across different anatomical distances to identify which regions are more
prone to distortion or variability.

4. Visual and practical challenges: Documented through qualitative inspection of
reconstructed meshes.

By systematically addressing these objectives, this study provides insights into the
reliability, accuracy and practical limitations of current 3D reconstruction applications for
breast mesh generation using a phantom model.
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2. Materials and Methods
2.1. Phantom Setup

The dataset used in this study was generated using a silicone-based female torso
phantom, placed on a mannequin to ensure realistic positioning during the scanning
process. To address potential scaling inaccuracies encountered with some applications, a
Lego block with uniform dimensions of 3.2 cm X 4.8 cm and 90° angles was placed on
the left side of the phantom. The object served as a reference for scale calibration [18]. All
scans were performed under controlled lighting and stable environmental conditions to

minimize variability (Figure 1).

Figure 1. Illustration of the breast phantom with markers and the Lego brick used for calibration.

2.2. Manual Anthropometric Measurements

Physical markers (adhesive black stickers) were strategically placed on key landmarks
including the nipples, sternum, breast corners, nipple-areola boundaries, and peripheral
nipple areas (to enable precise small-distance measurements). Some of these landmarks
(i.e., nipples, sternum, breast corners) were selected based on their common use as reference
points in aesthetic and reconstructive breast surgery to assess breast symmetry, contour,
and anatomical positioning [19]. In particular, the nipples and sternum serve as primary
orientation points in surgical planning, while nipple—areola boundaries and breast corners
support detailed evaluation of local distortions. To enhance spatial resolution in critical
regions, our acquisition setup included additional peripheral nipple(-areola) markers,
specifically aimed at capturing short-range deformations around high-curvature areas
and enabling precise measurement of localized distortions. Linear distances between
selected markers were manually measured using a digital caliper (precision: 0.1 mm) by
two independent operators. The caliper was positioned carefully between the centers of
marker pairs to reflect accurate linear distances. To mitigate measurement bias, the mean
value of the manual measurements (between the two operators) was defined as the ground
truth. The inter-operator absolute difference across all measurements was consistently low,
with a mean error of 0.88 mm across all distances. Figure 2 provides an overview of all
distances measured on the phantom.
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Figure 2. Distances measured on the breast phantom. Dotted lines represent measured distances,
while points represent fiducial marker locations.

2.3. Selection and Overview of 3D Scanning Applications

The 3D scanning apps used in this study were selected through a two-step process.
First, potential apps were identified via App Store/Play Store searches, beginning with
well-established scanning apps (such as the Scanner app developed for the Structure Sensor)
and expanding to additional apps suggested by the app stores. Their suitability for medical
and anthropometric use was further evaluated via academic searches on Google Scholar
(search query: ‘[App name] + breast reconstruction’), specifically targeting their relevance
in breast reconstruction. The shortlisted apps we used were Heges, Polycam, Kiri Engine,
3D Scanner App and SureScan. In addition to these mobile apps, we also assessed the
Structure Sensor—a widely used external device designed to capture 3D data. It acquires
depth information via an infrared sensor while relying on the iPhone’s built-in RGB camera
for color capture. The use of the Structure Sensor requires calibration, which was carefully
performed following the step-by-step instructions provided during the calibration process.
A detailed summary of the scanning configurations and export settings that we used for
each application is provided in Appendix A.

2.4. Digital Measurements Using Blender

Digital measurements were performed using Blender, an open-source 3D model-
ing software. Blender’s built-in measurement tools enabled precise and reproducible
assessment of linear distances between annotated markers on the reconstructed digital
breast models. Specifically, measurements were taken between the automatically com-
puted centers of the black markers, analogous to the manual measurements. These digital
measurements were directly compared against the established manual (caliper) measure-
ments, thereby providing quantitative evaluation of the reconstruction accuracy of each
scanning application.

2.5. Methods

To validate the performance of each scanning app, we conducted software-based
measurements between anatomical landmarks on the reconstructed meshes. Digital mea-
surements were performed by a single operator.
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Scans were acquired by two operators, each performing three independent scans per
application, resulting in six trials per app. All scans were performed under same controlled
conditions to minimize environmental variability and ensure reproducibility. Prior to
selecting the final set of applications and parameter configurations used in this study, we
conducted preliminary tests across a broader range of applications and parameter setups.
This initial exploration allowed us to identify the optimal parameter configurations for
each application, balancing reconstruction accuracy, marker visibility, and visual quality.
Applications that consistently failed to reconstruct markers or produced poor-quality
meshes were excluded from further analysis. This iterative process refined our experimental
setup to include only the most promising tools for systematic evaluation. All scans were
performed using an iPad Pro (3rd generation) running iPadOS 18.3 (22D63).

3. Results

To address our study objectives, the results are structured into four subsections as
outlined below:

3.1. Owverall Reconstruction Accuracy Across Applications

For each of the six trials per app, we computed the absolute error between each
reconstructed and true landmark distance. Rather than averaging errors within each trial,
we aggregated all individual measurement errors across all six trials (216 measurements
per app) and visualized the resulting distributions using boxplots (Figure 3). This approach
provides a granular view of both central tendency and variability. Averaging per trial
would obscure within-scan variability and potentially mask outlier behavior. Aggregating
all individual distance errors across all landmarks and repeated scans (the way we analyze
it now), the boxplots capture the full range of performance, offering a clearer view of
each app’s consistency and robustness. Low variability and few outliers in this context
indicate good average performance and stability. The mean absolute error and standard
deviation (std) were as follows: SureScan (2.9 + 2.1 mm), Structure Sensor (3.0 + 2.0 mm),
Heges (3.6 + 3.9 mm), 3D Scanner App (4.4 + 3.3 mm), Kiri (5.0 = 4.1 mm), and Polycam
(21.4 + 15.8 mm). For Heges, some distances consistently showed large errors, while most
remained low. When all distances are combined, this large difference between errors causes
the std to exceed the mean.

Error per App (mm)

60 Mean + Std per App C]
Structure Sensor: 3.0 + 2.0
Heges: 3.6 £3.9 -
50 Kiri: 5.0 + 4.1
3D Scanner App: 4.4 + 3.3
Polycam: 21.4 + 15.8
SureScan: 2.9 + 2.1

E 40
E
8
w 30
]
]
©
8
< 20
8
A B o
o
10 ° 2
: — |
0 '__I__| ; : 1 I | ;
Structure Sensor Heges Kiri 3D Scanner App Polycam SureScan

App Name

Figure 3. Distribution of absolute errors across all trials and landmark distances per app.
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Using these error distributions, we first applied a Kruskal-Wallis H-test (chosen due
to non-normality and unequal variances between apps) to assess whether reconstruction
errors differed significantly between applications. The test revealed a strong effect of the
application on error distribution (H = 84.35, p < 1.03 x 1071°), indicating that at least one
app performed differently from the others. We further performed pairwise comparisons
using Dunn'’s post hoc test with Holm correction. Results showed that Polycam differed
significantly from all other applications (p < 0.001), while no significant differences were
observed among the remaining apps (all p > 0.1; see Appendix B).

3.2. Intra-Trial and Operator-Related Variability

To assess the repeatability of each 3D scanning application, we summarized the
previously computed landmark-level absolute errors by calculating the average error across
all landmarks within each trial. This yielded a single performance value per trial, which
was then averaged across trials to obtain the overall mean and std (both in mm) for each
app (Figure 4). While this approach summarizes performance using average errors per
trials, it does not account for the std of individual errors within each trial. Nonetheless, it
provides a straightforward overview of each app’s repeatability across trials. Among all
apps evaluated, Structure Sensor showed the highest repeatability with a mean error of
2.97 £ 0.33 mm, followed by SureScan (2.85 + 0.36 mm), Heges (3.63 + 1.13 mm), and 3D
Scanner App (4.40 + 0.79 mm). Kiri demonstrated moderate variability (5.02 = 1.70 mm),
while Polycam exhibited the largest inconsistency, with a mean intra-trial difference of
21.39 + 5.50 mm. To assess whether operator variability influenced reconstruction accuracy,
we conducted again the Kruskal-Wallis H-test using the full distribution of landmark-level
error values grouped by operator. The analysis revealed no significant effect (all p > 0.15)
of operator on the error distribution (H = 0.01, p = 0.93).

Repeatability of 3D Scanning Apps (Operator-Specific zgpd Combined)
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Figure 4. Repeatability of 3D scanning apps across multiple trials shown separately by operator
and in combination. Results are shown separately for Operator 1, Operator 2, and combined. Mean
differences between repeated trials are shown for each application, with error bars indicating the std
across trials. Lower values reflect higher repeatability. SureScan and Structure Sensor demonstrated
the most consistent performance, whereas Polycam exhibited markedly greater variability.

3.3. Anatomical Region-Specific Error Analysis

To evaluate how reconstruction performance varies across different anatomical regions
within each 3D scanning application, we analyzed landmark-to-landmark distance errors
across repeated trials. An annotated heatmap (Figure 5) summarizes the mean + std of
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reconstruction errors for each distance and application, aggregated over six trials. This
visualization facilitates the identification of anatomical distances that are more error-prone
within each application and highlights where measurement inconsistencies are most likely

to occur.
Measurement error summary per app and distance (Mean + Std)
1-2 11.23£3.19 630173 1250 £ 5.06 50.87 £ 16.35 512+053 718 £1.40
1-3 13.00 £ 2.31 202160 1147528 50.47 £ 15.67 3204091 850148
2-3 723£212 |  422:184 |  932:434 4045+ 1184 533£236 | 7.05:184
1-7 1455+7.64 447209 13.35+4.44 52.95 £ 15.10 6.68 059 7.02+089
4-6 465+250 16.77 £ 34.70 14.90 £3.31 3082+ 1655 6.73+220 113£083
5-6 665:383 | 1043146 | 148158 325£195 | 425147
4-7 853+165 512£158 12.02£3.1 41.45+12.74 347£162 4.000.80 %
5-7 6.97 £ 1.19 447128 442249 222+ 146 460£0.79
8-7 8.10+285 17.45 £ 25.60 1015+ 2,64 40.92+11.78 417109 5274071
7-9 410158 600£151 |  490:184 2567 £6.85 213£198 | 365103
9-10 4.00£2.49 258+063 870+3.16 28.55+ 12,64 180£056 |  210£128
8-10 400£234 503£1.70 963+3.89 36.92 + 10.48 445+ 1.80 263+1.78
4.1 577t282 | 290:142 | 727179 26.07 £6.10 287£196 | 228111 @
6-13 283154 112049 477134 17.75 £ 4.57 237+088 178+129
5-12 418+388 |  105£044 | 4124101 | 203551309 |  233+293 | 143083
14-7 2981172 195123 238+ 146 1572+3.94 7874061 4271102
8-15 432182 167124 818+255 743195 140£113
8 9-16 303£246 |  157:090 | 278086 18.53 £ 13.30 510£371 | 137087
g 7-17 282:084 102032 145106 11.73+3.39 283:141 | 3285141 %
10-18 462316 517£0.46 463112 | 24204583 | 2224033 438190
1-19 137£1.31 127121 1.68+0.93 910372 065024 128126
12-20 164134 110056 198115 747378 112£115 172£086
13-21 268+162 0.85£0.76 293138 895:323 228+361 575+ 1.00
14-22 1.83+1.00 158+ 149 153069 9.03+2.89 322076 110£0.74
15-23 203:097 | 225:069 |  152:135 |  793:322 |  062£050 | 180%1.14 20
16-24 1.00 £0.47 1.00 £0.50 32311 1058572 292+168 1.13£0.60
17-25 212132 192061 3.72£140 1050 £ 5.47 097062 180096
18-26 448215 |  227¢122 |  183:113 |  858£240 |  172£114 |  120£069
19-21 212113 142:118 197115 7.68+254 185155 063054
20-21 148105 215+ 166 198092 7.62+185 115034 135091
20-22 1.90£0.32 207+2.19 220£077 8574229 1.88 +0.92 0.98+0.86 -10
19-22 220£166 |  573£207 |  198:128 |  745:204 |  097£077 | 1674089
23-25 222+125 1.38 £0.42 1.05+0.67 712238 090052 1.25+1.00
24-25 285:078 242:047 120£073 802+272 193130 168064
24-26 165:063 |  077£062 | 125%079 723£239 | 142101 | 083076
23-26 187 +149 1.15+0.90 212+081 853+2.09 163+1.85 095+ 1.03
3D Scanner App Heges Kir Polycam Structure Sensor SureScan

App

Figure 5. Heatmap of mean absolute measurement errors (+ std) in mm across anatomical distances
for each scanning application. Errors are computed from six independent trials per app.

When interpreted alongside the anatomical landmark schema (Figure 2), several
patterns emerge that reflect the spatial complexity of the reconstruction task. A subset of
distances exhibited consistently higher error magnitudes across multiple applications,
particularly for Polycam. The most problematic were long-range or cross-quadrant
measurements, which span medial-to-lateral or inferior-to-superior regions of the breast.
These distances frequently exceeded 40-60 mm of error for Polycam, while other appli-
cations typically remained below 10 mm for the same landmarks. In contrast, shorter
intra-quadrant distances—especially those surrounding the periareolar region (e.g.,
22-23, 25-26, and 20-21)—showed low reconstruction error and minimal variability
across trials for all platforms.

The std values shown in Figure 5 reflect trial-to-trial variability in reconstruction error
for each distance and each app. These values offer insight into region-specific reconstruction
consistency within each application. Kiri and 3D Scanner show higher variability compared
to SureScan, Structure Sensor, and Heges. For most distances, SureScan, Structure Sensor,
and Heges demonstrated low variability (typically < 2 mm). In contrast, Polycam not only
yielded the highest mean errors but also showed elevated std for many distances.

A few distances, including 2-3 (nipple-to-nipple), 1-7, 1-2 and 1-3, exhibited relatively
high variability across all applications. Conversely, periareolar distances (e.g., 19-22, 20-21,
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20-22, 19-22) demonstrated both low error and low variability, reinforcing their reliability
in scan-based measurements across platforms.

3.4. Visual Reconstruction (Practical Challenges)

For each app, the trial with the lowest mean landmark error was selected to represent
its most accurate output. These meshes are shown for illustrative purposes (Figure 6) to pro-
vide visual context regarding surface appearance and overall reconstruction quality per app.
The examples also highlight differences in surface quality and anatomical detail: unclear
boundaries of the markers (Figure 6a); lighting variations and unclear boundaries of the
markers (Figure 6b); blurred reconstruction, with squared or blurred nipple—areola region
(Figure 6¢); marker duplication (Figure 6d); deformation of the breast volume (Figure 6e);
deformation of the breast volume and inconsistent physical scale (Figure 6f). Despite these
being the best scans for each app, (slight) visual and anatomical inaccuracies remain.

(a) SureScan (b) Heges (c) Structure Sensor

B .

(d) 3D Scanner App (e) Kiri (f) Polycam

Figure 6. Most accurate mesh reconstructions from each app (lowest landmark error trial).

Despite generally satisfactory reconstruction results, some practical challenges were
encountered during the scanning process. Mesh quality was often influenced by the side
from which the scan was initiated, with the first scanned side typically appearing less
distorted. Incomplete geometry was frequently observed in the inferior region of the
breasts, likely due to complex curvature and limited visibility (Figure 7a). Full 360° scans
occasionally introduced alignment artifacts, likely resulting from errors in merging the front



Sensors 2025, 25, 4596

10 of 17

and back surfaces. Additionally, extended scanning sessions sometimes led to software in-
stability or crashes. In some cases, despite low mean error values, the reconstructed meshes
exhibited surface irregularities or unrealistic deformations in localized areas, emphasizing
the importance of visual inspection and surface-based evaluation (Figure 7b). Reconstruc-
tion quality was also affected by ambient lighting conditions and marker visibility, which
influenced both surface accuracy and marker tracking (Figure 7c). Although these represent
the most accurate scans from each app, visual and anatomical inaccuracies remain and are
illustrated in Figure 7. For some applications, colors were (slightly) inconsistent: the colors
visible in the default app interface did not always match the appearance of the exported
raw mesh if visualized in another software, suggesting that some degree of in-app color
processing/enhancement may be applied during rendering. Moreover, even when using
the same exported mesh, differences in color rendering and lighting between third-party
software (e.g., Blender vs. MeshLab vs. Xcode) resulted in different visual impressions of
the same model.

(a) S

Figure 7. Examples of visual reconstruction issues across applications: (a) incomplete breast bottom
surfaces observed with Heges; (b) surface irregularities in Kiri scans, despite low mean errors;
(c) lighting and marker visibility issues, also shown in Heges.

4. Discussion

The primary aim of this study was to systematically assess the accuracy and consis-
tency of various commercially available mobile 3D scanning apps in generating anatomi-
cally accurate meshes of a female torso phantom with silicone breasts. While previous work
has benchmarked individual apps or compared mobile scanners with high-end systems, a
comprehensive evaluation of accuracy, repeatability and region-specific performance across
multiple consumer solutions has so far been lacking. This paper addresses that gap by
providing the first systematic assessment of six available mobile 3D scanning applications—
SureScan, Heges, 3D Scanner App, Polycam, Kiri Engine, and Structure Sensor—using
a controlled phantom model. Our findings provide a practical, evidence-based resource
to help researchers and clinicians make informed decisions when selecting 3D scanning
workflows that balance accuracy, cost, and real-world usability.

Among the tested applications, SureScan emerged as the best performer in terms of
mean reconstruction accuracy, achieving a mean absolute error of approximately 2.9 mm.
This is comparable to previously reported accuracies for high-end structured-light and
stereophotogrammetry systems [3,4,7]. Structure Sensor and Heges also showed similar
performance, with mean errors close to SureScan, supporting prior observations that LIDAR
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and infrared-based handheld scanners can be accurate [1]. However, the Kruskal-Wallis test
and follow-up analyses revealed no statistically significant differences in accuracy between
SureScan, Heges, Structure Sensor, Kiri, and 3D Scanner App. From a clinical perspective,
this lack of significant difference may be seen as a strength: it suggests that several mobile
apps can deliver comparable reconstruction accuracy, allowing users to choose based
on workflow needs, cost, and device compatibility. Still, statistical similarity does not
imply similar performance in practice. Polycam stood out with a much higher mean error
of around 21.4 mm and large variability across scans. Interestingly, its reconstructions
often appeared visually acceptable. The issue likely lies in its reconstruction method,
which produces reasonable shapes but struggles with scaling. Without consistent scaling,
measurements become unreliable. This entire limitation highlights an important point:
visual quality alone does not guarantee quantitative accuracy.

Although this study did not include direct comparisons with clinical-grade systems
like Canfield Vectra M5 and/or Artec Eva, the observed mean errors (e.g., 2.9 mm for SureS-
can) fall within clinically acceptable thresholds for surgical planning and breast symmetry
assessment tasks (typically 3-5 mm) [3,7]. This suggests that mobile, camera-based tools
may already offer sufficient accuracy for selected clinical applications, particularly where
usability, cost, and repeatability are key considerations. This raises a broader question for
the field: should future innovation focus more on hardware, on reconstruction methods, or
ideally on both? Five of the six evaluated applications rely entirely on the iPad’s built-in
RGB camera and depth estimation, with only Structure Sensor using an external depth
sensor. This common imaging source enables a clearer comparison of reconstruction per-
formance. Despite using similar input, the apps produced a wide range of mean errors
(from 2.9 to 21 mm), indicating that differences in performance are largely driven by the re-
construction algorithms and post-processing techniques. Visual assessments reinforce this
finding. As shown in Figure 6, all apps generated plausible-looking reconstructions, but
each exhibited specific limitations. Structure Sensor produced smooth and realistic meshes
with low error but tended to over-smooth surfaces, potentially hiding detail. However,
when combining accuracy, consistency, and visual inspection, Structure Sensor appears to
offer a high reliable and well-rounded performance. SureScan showed the highest accuracy
but often lacked sharp visibility of fiducial markers and surfaces. Heges appeared sensitive
to lighting, leading to surface noise in some scans. Both SureScan and 3D Scanner App
occasionally duplicated markers. Kiri and Polycam showed volume distortions, with Poly-
cam particularly affected by scaling issues despite coherent overall shapes. These findings
suggest that performance depends not only on sensor quality or visual appeal but heavily
on the reconstruction pipeline. Given that several apps using the same hardware delivered
different (quantitative and qualitative) results, future improvements may be more effec-
tively achieved through algorithmic enhancements (such as DL-based surface completion,
mesh denoising, or improved marker detection) than through hardware upgrades alone.
That said, a combination of software and hardware advancements may be necessary to fully
overcome current limitations. If the strengths of individual approaches were integrated
(e.g., Structure Sensor’s surface realism, SureScan’s accuracy, and more reliable marker
handling), significantly improved results could be achieved at low costs.

Other analyses revealed specific anatomical patterns influencing reconstruction accu-
racy. Short-range distances, particularly those concentrated around periareolar regions,
consistently exhibited high accuracy and low variability across most applications. This
pattern is likely attributable to the relatively simpler surface geometry and the localized
area of reconstruction, aligning with previous studies suggesting higher reliability of local
morphological assessments using mobile scanning technologies [9,10]. In contrast, longer
cross-quadrant measurements, encompassing medial-lateral and superior—inferior transi-
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tions, presented significantly greater reconstruction challenges across all platforms, notably
in apps with lower algorithmic robustness, such as Polycam. This underscores the critical
need for enhanced reconstruction algorithms capable of accurately capturing complex
geometries /morphologies.

We also looked at how consistent each app was across repeated trials. SureScan and
Structure Sensor again performed best, showing low variability between scans. Polycam, in
contrast, was much less consistent, with high differences between repeated measurements.
These results suggest that although some scanning apps deliver consistent results, others
show some variability across repeated measurements, which may impact their reliability in
clinical applications.

Operator-related variability was minimal. The Kruskal-Wallis test showed no signifi-
cant differences between operators, suggesting that inter-operator variability had minimal
impact on measurement performance across trials and applications. This is encouraging
from a clinical perspective, as it means scanning can be performed reliably by different
users, if a standard protocol is followed.

The heatmap in Figure 5 gives a detailed breakdown of errors by anatomical distances.
While it may seem complex/dense at first, it allows users to identify which application
yields more reliable distance measurements for specific clinical requirements. Periareolar
distances were among the most accurate and consistent across all apps, likely because
they involve small, local areas with relatively simple surface geometry. Cross-quadrant
distances, especially those covering medial-lateral or superior-inferior directions, were
more error-prone. These results indicate that while some applications maintain consistently
low variability across repeated trials, others are more affected by spatial error fluctuations
depending on scan region and landmarks. While we report absolute errors directly, future
work could explore fuzzy logic-based uncertainty visualization techniques to help com-
municate confidence levels in distance estimations, particularly in regions prone to spatial
error fluctuations [20].

We also observed several practical challenges during scanning. Mesh quality often de-
pended on where the scan was started, with the first scanned side appearing less distorted.
Some scans showed incomplete geometry at the bottom of the breasts, likely due to difficult
viewing angles and complex curvature. Full 360° scans occasionally led to alignment issues,
possibly caused by cumulative drift or loop closure errors. Even when overall errors were
low, we sometimes found local surface deformations or irregularities. Lighting conditions
and marker visibility also influenced surface accuracy. Moreover, the colors shown in-app
did not always match the exported mesh when viewed in other software, likely due to
in-app color processing. This introduces a source of variability in visual evaluation, empha-
sizing the need to standardize the rendering environment or interpret visual assessments
with caution.

Our results suggest that mobile 3D scanning can already achieve clinically acceptable
accuracy. Notably, a dedicated depth sensor such as the Structure Sensor is not strictly
necessary to obtain high accuracy—apps like SureScan and Heges performed comparably
well using only the iPad’s built-in sensors. However, the choice of application plays a critical
role, as not all apps employ equally robust (qualitative) reconstruction algorithms. Even
among apps with statistically similar performance, qualitative differences in repeatability
and visual quality still matter.

The overall similarity in reconstruction accuracy (despite differences in app design
and unknown internal implementations) prompted us to investigate whether these apps
might rely on a shared underlying framework, specifically Apple’s ARKit. Since none of
the applications publicly disclose their technical architecture, we analyzed their .ipa files
(Apple’s binary package format for iOS apps) to identify potential API dependencies. These
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findings should be interpreted with caution, as they were not confirmed by the developers
and the binaries were stripped of symbolic information, meaning internal method names
and class structures were obfuscated. Nevertheless, they provided insights into potential
dependencies. We found that Heges, Polycam, KIRI Engine, and 3D Scanner App all link to
ARKit, while SureScan does not. For Heges, the internal logging evidence strongly suggests
use of ARKit’s LiDAR features such as ARSession, ARPointCloud, and ARMeshAnchor
for real-time reconstruction. For Polycam and KIRI, internal strings in their logs like
‘scenelmage’ and ‘'meshAnchors’ suggest similar/possible conditional or runtime ARKit
usage. The Structure Sensor app primarily relies on its proprietary depth hardware, with
ARKit listed as an optional dependency not evidently used in our recordings.

Notably, SureScan (despite not using ARKit) achieved the lowest mean error, followed
closely by ARKit-enabled apps like Heges, and 3D Scanner App. KIRI performed slightly
worse, and Polycam, though also linked to ARKit, showed the highest error and variability.
These findings suggest that while ARKit may provide a shared baseline for motion tracking
and depth acquisition, its mere inclusion does not guarantee high quantitative and/or
qualitative performance. Instead, performance appears to depend critically on how these
tools are implemented and integrated into each app’s broader reconstruction pipeline. This
reinforces the central role of software strategy and algorithmic design—beyond hardware
and API choice—in determining overall reconstruction quality.

While our study focuses on static surface mesh reconstruction using phantom mod-
els, future clinical applications will require handling patient-specific challenges, such as
soft tissue deformation, anatomical variability, and motion during scanning. DL-based
reconstruction frameworks offer promising solutions, as they can learn statistical shape
priors from large datasets and adapt to local anatomical variability, enabling more complete
and anatomically coherent reconstructions even with missing or noisy input data [21,22].
In particular, combining spatial and temporal learning (which process both geometric
structure and temporal evolution) has demonstrated strong performance in reconstructing
dynamic anatomical textures. For example, STINR-MR [23] models 3D motion in cine-MRI,
combining spatial and temporal implicit neural representations, while TransforMesh [24]
uses mesh transformers to analyze long-term anatomical changes. Additionally, Med-
NeRF [25], a medically adapted Neural Radiance Field, enhances soft tissue reconstruction
from limited /imperfect visual data.

Beyond improving reconstruction itself, biomechanical simulation methods such as fi-
nite element modeling (FEM) could serve as a complementary tool to validate reconstructed
meshes. Multiscale FEM has already been used to simulate breast tissue deformation during
surgery and wound healing, demonstrating realistic behavior when subjected to physio-
logical loads [26]. Incorporating FEM-based validation in the pipeline would provide an
additional layer of structural credibility—especially important for clinical applications like
surgical planning, where mesh behavior under load is as critical as its shape.

Additionally, Al-based closed-loop scanning guidance systems could help reduce
operator dependency by providing real-time feedback during acquisition (highlighting
incomplete regions, poor surface coverage, or suboptimal scan angles). Similar Al tech-
niques have already shown benefits in clinical imaging: for instance, Al-assisted ultrasound
systems guide operators to capture optimal views and reduce variability between users [27].
Finally, fuzzy logic systems could potentially support uncertainty visualization by provid-
ing interpretable estimations of local reconstruction confidence, though their application to
mesh error quantification remains exploratory. Although our pipeline focuses on surface
mesh reconstruction, future multimodal frameworks could integrate non-optical sens-
ing techniques such as impedance tomography or electromagnetic imaging, which have
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demonstrated promise in detecting internal breast tissue variations and deeper structural
discontinuities [28,29].

Moreover, the field would benefit from open benchmarking initiatives that include
shared datasets and standardized reporting of error distributions to enhance reproducibility
and transparent comparison. Importantly, the ability of simple, smartphone-based tools to
produce accurate 3D scans opens the door to more accessible and affordable workflows,
especially in settings without access to high-end commercial systems. This also creates
(new) opportunities for building datasets to train DL models for applications such as
simulating postoperative breast morphology after lumpectomy or mastectomy. While these
applications remain exploratory, they highlight the need for ethically sourced, anatom-
ically diverse 3D data and robust validation before clinical use. Mobile scanning could
eventually support not just documentation, but also personalized surgical planning and
predictive modeling.

5. Study Limitations and Future Work

Our study has several limitations. First, the validation was performed using a single
silicone breast phantom. While this setup ensured consistency and control, it does not
reflect the full range of anatomical diversity encountered in clinical practice. Future evalua-
tions should include phantoms with varying breast sizes, shapes, and skin tones to better
generalize findings. Future work should also include scans of real patients, particularly
individuals seeking aesthetic breast surgery (to assess performance under realistic clinical
conditions). Second, the set of applications was not derived from a systematic or exhaustive
review. Expanding the range of tested applications and applying more structured selection
criteria would strengthen future analyses. Third, the study focused exclusively on phantom
data. While this was necessary to eliminate variability from motion and soft tissue defor-
mation, it limits the clinical applicability of the findings. Additionally, although this study
thoroughly assessed geometric accuracy using landmark distances, we did not perform
volumetric analysis of the reconstructed meshes. Such analysis would provide a valuable
quantitative assessment of overall surface fidelity and will be a focus of future research.
Lastly, our app evaluation did not include certain clinical platforms commonly used in
aesthetic surgery, such as Vectra, Crisalix, Arbrealabs, and the Natrelle 3D Visualizer. Vectra
was excluded due to its high cost, proprietary hardware, and limited accessibility. While
Crisalix was initially considered, its Al-based reconstruction, optimized for real anatomy,
produced unrealistic outputs on the phantom model, and hence, we excluded it from the
list. Other apps like Arbrealabs and Mentor’s Breast Implant Simulator were not evaluated.
In addition, these platforms typically do not provide access to raw mesh files, limiting
our ability to perform detailed geometric comparisons. Nonetheless, given their clinical
relevance, future studies in real subjects should consider including these systems.

6. Conclusions

This study provides the first systematic evaluation of six commercially available
mobile 3D scanning applications (SureScan, Heges, 3D Scanner App, Polycam, Kiri Engine,
and Structure Sensor) using a controlled silicone phantom model to assess their accuracy,
repeatability, and practical limitations for breast reconstruction.

Key findings: (a) SureScan demonstrated the lowest mean absolute error (2.9 mm),
followed by Structure Sensor (3.0 mm), Heges (3.6 mm), 3D Scanner App (4.4 mm), Kiri
(5.0 mm), and Polycam (21.4 mm). Despite these differences, statistical analysis revealed
no significant differences in accuracy among the top five apps, indicating that high perfor-
mance is achievable using either built-in mobile cameras or external sensors—emphasizing
the importance of software and reconstruction algorithms over hardware alone. (b) Re-
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peatability was generally high, with low variability across repeated scans and minimal
impact of operator differences when standard scanning protocols were followed. (c) Visual
and practical differences still matter. Even among statistically similar apps, variations in
mesh smoothness and marker/surface clarity were observed, all of which (may) affect
clinical usability. (d) Future work should validate these findings in clinical settings, includ-
ing real-patient testing, volume and overlay accuracy assessments, and the application of
Al-based methods to improve reconstruction robustness.

In summary, mobile 3D scanning apps—especially SureScan and Structure Sensor—
can already deliver clinically acceptable accuracy. However, variability in reconstruction
quality highlights the importance of careful app selection and further clinical validation.
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Appendix A. Application Settings

Table A1 summarizes the settings and configurations used for each scanning applica-
tion in this study:

Table Al. Scanning applications: configurations and export settings.

Application Camera/Technology Resolution/Settings Scan Time Export Format Version
SureScan 3D FacelD camera 3 mm resolution 40s ply 114
Structure Sensor  Depth sensor VGA depth, medium range 160's .obj 2.17.5
Heges FacelD camera Range 5, Precision 0.8 mm, Color 0 91's ply 18.1
3D Scanner App  TrueDepth camera Max depth 1 mm 45s .obj 114
Kiri Photogrammetry Auto-capture, 63 images avg. 90's .obj 3.14.3

Polycam Photogrammetry Auto mode, 37 images avg. 74s .obj 5.0.11
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Appendix B. Post-Hoc Statistical Test Results

Table A2. Pairwise p-values from Dunn’s post-hoc test (Holm-corrected) comparing reconstruction
errors between applications. Values in bold indicate statistically significant differences (p < 0.05).

3D Scanner Heges Kiri Polycam Structure Sensor SureScan

3D Scanner 1.000 0.549 1.000 0.000 0.549 0.187
Heges 1.000 0.547 0.000 1.000 1.000
Kiri 1.000 0.000 0.547 0.144
Polycam 1.000 0.000 0.000
Structure Sensor 1.000 1.000
SureScan 1.000
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