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Abstract

Objective: Body volumes (BV) are used for calculating body composition to perform
obesity assessments. Conventional BV estimation techniques, such as underwater
weighing, can be difficult to apply. Advanced machine learning techniques enable
multiple obesity-related body measurements to be obtained using a single-camera
image; however, the accuracy of BV calculated using these techniques is un-
known. This study aims to adapt and evaluate a machine learning technique, syn-
thetic training for real accurate pose and shape (STRAPS), to estimate BV.
Methods: The machine learning technique, STRAPS, was applied to generate three-
dimensional (3D) models from simulated two-dimensional (2D) images; these 3D
models were then scaled with body stature and BV were estimated using regression
models corrected for body mass. A commercial 3D scan dataset with a wide range of
participants (n = 4318) was used to compare reference and estimated BV data.
Results: The developed methods estimated BV with small relative standard errors of
estimation (<7%) although performance varied when applied to different groups.
The BV estimated for people with body mass index (BMI) < 30 kg/m? (1.9% for males
and 1.8% for females) were more accurate than for people with BMI > 30 kg/m? (6.9%
for males and 2.4% for females).

Conclusions: The developed method can be used for females and males with
BMI < 30 kg/m? in BV estimation and could be used for obesity assessments at

home or clinic settings.
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1 | INTRODUCTION

Contactless reconstruction of individualized three-dimensional (3D)
models for understanding body shape and size is an emerging
technique in the medical field because of the discreet and rapid
nature.! Conventional anthropometric measures (e.g., stature,
segment length, girth measurements) and body volume (BV) can be
estimated virtually from the reconstructed 3D models, to subse-
quently estimate the body fat quantity (e.g., body fat percentage)
and distribution.2™> Conventional techniques such as manual mea-
surement and underwater weighing to obtain these measures can
be difficult to apply because of the requirement of technical
expertise and a complicated test environment. Conventional
anthropometric measures enable obesity-related measurements
such as waist girth and waist-to-hips ratio to determine abdominal
adiposity which is related to health risks such as cardiovascular
disease, diabetes, cancer, and low back pain, and so forth.c"® BV
can be used to calculate body density for estimation of body fat
percentage,” which address some limitations of body mass index
(BMI), to enable accurate obesity and health risk assessment.'013
Further, advanced shape parameters such as principal compo-
nents can also be obtained to provide further information to

1415 and somatotype.®

improve the estimation of body composition
Finally, body shape visualization with 3D human model recon-
struction can improve people's motivation to control weight with
diet and physical activity.'”~*?

Recently, computer vision and machine learning techniques have
been developed to estimate 3D body shape and pose from single or a
small number of two-dimensional (2D) images, captured from
general-purpose digital cameras.>?° Such techniques facilitate the
portable and cost-effective reconstruction of 3D human models for
anthropometric measurement and body shape visualization. 3D body
shape, estimated using 2D images, can provide accurate length,
breadth, and girth measurements. Smith et al.?* showed that the
errors of stature, waist and hip girth measurements obtained from
2D images are less than 2 c¢cm; for context, this is better than that
achieved by general practitioners.?22® Sengupta et al.?* presented a
machine learning technique that generates 3D human models from a
single image, with low reconstruction errors (scale-corrected per-
vertex Euclidean error < 2 cm). Like traditional 3D scanning sys-
tems, multiple anthropometry measurements can be acquired from
the 3D human models generated from a single or a small number of
2D images.

By applying these techniques, individualized body models can be
generated without expensive, large, 3D body scanning systems. Only
a consumer-level digital camera (e.g., smartphone, etc.) is required,
which provides several advantages (e.g., the ubiquitous, portable and
accessible nature of smartphones and digital cameras) when
compared to conventional 3D scanning systems (which typically
cost > $10k) and simplified systems such as Fit3D and Styku, which
require specialized facilities.> However, the accuracy of BVs esti-
mated from the 3D human models generated from single or a small

number of 2D images is still unknown. Consequently, it is uncertain

whether machine learning techniques can be used to estimate body
fat percentage for obesity assessment.

A few commercial mobile applications enable the estimation of
BV from 2D images. Sullivan et al.2° recently showed the high ac-
curacy of a commercially available application for BV acquisition
from a single image (standard error of estimation < 1.0 L). However,
the validation tests were conducted with limited participant
groups.?’ The maximum BMI of participants was 30.9 kg/m? and thus
no participants were in obesity class Il or Il (i.e., BMI > 35 kg/m?29).
Furthermore, no individualized 3D human models can be generated
using this technique, so body visualizations and other obesity-related
measures (e.g., waist and hip girths), or other rich body shape pa-

rameters,*>2”

cannot be achieved by this approach.

Tian et al.?® developed an approach that can estimate 3D body
shape from images and predict body composition. The results
showed it enables accurate estimation of body fat percentage
comparing with dual-energy x-ray absorptiometry scans (root mean
square error <3.5%). However, the estimation and prediction could
be sensitive to the pose variant and silhouettes segmentations.?®
Further, the use of handles (to fix arm positions) and manual
annotation that was applied in the previous study,?® decreased the
convenience of assessing obesity from a 2D image.

Among 3D body reconstruction from a single image, Sengupta
et al.?* presented an advanced machine learning technique, synthetic
training for real accurate pose and shape (STRAPS), which can
generate 3D human models from a single image with different poses.
The qualitative results of STRAPS demonstrate better 2D projection
that matches silhouettes than the results shown in Tian et al.?®
Furthermore, the low reconstruction error of the STRAPS technique
might lead to improved BV estimation compared with other machine
learning techniques that are validated against conventional anthro-
pometry. To the best of the authors' knowledge, the generation of 3D
models and volumes using single camera images that allow pose var-
iants (e.g., do not need a specific handles) including STRAPS and other
machine learning techniques have not been validated using reference
BV data. Therefore, the aim of this study was to apply and adapt the
STRAPS technique to generate 3D human models for BV estimation.
Furthermore, an evaluation of BV estimates was performed using a

large dataset comprising a wide range of participant body shapes.

2 | METHODS

2.1 | Datasets and participants

The commercial 3D dataset obtained from the world engineering
anthropometry resource (WEAR) was used in this study. This dataset
was collected in the Civilian American and European Surface

Anthropometry Resource Project?’

and consists of 3D body scanning
and manually measured anthropometric data from 4431 participants.
Data from participants without complete 3D scan data in a standing
position (e.g., data missing, incomplete scanning data, or data

captured with non-close-fitting clothes), or without manually
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measured anthropometric data (stature, body mass) were excluded.
Thus, data from 4318 participants (stature range 124.8-218.3 cm,
body mass range: 37.9-181.4 kg, BMI range: 15.2-57.1 kg/m?) were
used in this study. The scan and anthropometric data were separated
into training and test sets. The training set was used to determine
model coefficients. The test sets were categorized with two BMI
levels with the threshold 30 kg/m? to evaluate the model accuracy.
Table 1 shows the descriptive characteristics of participants in this
study.

2.2 | Reference body volume acquisition

The raw 3D scanning data in the WEAR dataset contains holes and
noise as shown in Figure 1A. Automatic post-processing techniques
adapted from the previous development®® were applied to obtain
watertight 3D models from the large datasets for BV acquisitions. The
test-retest of whole BV obtained from the automatic post-processing
techniques are less than 1 L.%° The automatic technique enables ac-
curate BV compared with manual post-processing®° the acquired BVs
(error < 1 L) were thus used as reference values for validation. First,
the screened Poisson reconstruction techniques®! were applied to fix
the incomplete scans such as the tops of heads, hands, and feet as
shown in Figure 1B. Then, the reconstructed meshes were clustered to
remove random points from the main meshes. The floor plane was
setup and the hole-filling algorithm®? in the open source Python
module, “pymeshfix” (https://pypi.org/project/pymeshfix/), was
applied to reconstruct mesh on foot region and ensure the body mesh
was watertight for reference BV acquisitions as shown in Figure 1C.

The reference BVs (BV eference) Were calculated by the open source

TABLE 1 The descriptive
characteristics of the selected

participants in this study Training set
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Python module, “trimesh” (https://pypi.org/project/trimesh/), which
implements the method presented by Eberly.®

2.3 | Body image rendering

The color images are required for machine learning techniques to
estimate joint positions and silhouettes as input data of the STRAPS
techniques. As no color image data were collected in the WEAR
dataset, the 2D images were generated with the 3D scanning data.
The vertex colors of the watertight meshes were determined by the
closest point color on the raw 3D scanning data as shown in
Figure 1D. The colored watertight meshes were then used for
generating body images as shown in Figure 2AB. The open source
Python module “pyrender” (https://pypi.org/project/pyrender/) was
used to render body images. A virtual camera was set to provide a
frontal view of the human model. The captured images were then

cropped to minimize the effect of the background.

2.4 | Individualized 3D model generation

After generating the body image, the joint locations and silhouettes
were predicted by machine learning techniques, Keypoint-RCNN3*
and PointRend,?® respectively as shown in Figure 2C-F. The STRAPS
technique was then used to estimate the pose and shape parameters
of a deformable mesh to fit the silhouettes and joint locations. Once
the pose and shape parameters of the deformable mesh are deter-
mined, individualized 3D human models can be obtained as shown in
Figure 2G-J.

Male Female

N
Stature (cm)
Body mass (kg)
BMI (kg/m?)
Testing set with BMI > 30
N
Stature (cm)
Body mass (kg)
BMI (kg/m?)
Testing set with BMI < 30
N
Stature (cm)
Body mass (kg)
BMI (kg/m?)

1661

178.0 + 8.4 (147.5-207.3)
83.3 + 17.2 (45.8-181.4)
26.2 + 4.7 (16.5-55.1)

56

178.5 £ 6.9 (161.7-193.9)
107.1 + 15.2 (80.8-156.7)
33.5 + 3.7 (30.0-51.0)

332

177.6 + 8.6 (156.6-218.3)
77.1 + 11.6 (48.2-125.3)
244 + 2.8 (16.1-29.9)

1787

164.5 + 7.5 (124.8-194.2)
68.0 + 16.5 (37.9-156.5)
25.1 + 5.7 (15.2-55.2)

68

163.5 £+ 7.4 (150.1-186.0)
97.2 £+ 18.2 (71.9-156.5)
36.3 + 5.9 (30.1-57.1)

414

165.0 £+ 7.5 (144.5-194.8)
62.8 + 9.7 (43.3-103.4)
23.0 + 2.8 (17.0-29.9)


https://pypi.org/project/pymeshfix/
https://pypi.org/project/trimesh/
https://pypi.org/project/pyrender/
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FIGURE 1 Automatic post-processing for the raw 3D scanning data in the WEAR dataset. (A) The raw 3D scanning data in the WEAR
dataset contains holes on hands, bodies, feet, and noise such as the floor. (B) Screen Poisson reconstruction techniques applied and fixed the
incomplete scanning on the tops of heads, hands, and feet. (C) Cluster techniques were used to remove random noise (e.g., mesh for the floor).
Floor plane was set up and hole-filling techniques was applied to reconstruct mesh on foot. (D) Vertices color assigned to the reconstructed

watertight meshes

2.5 | Body volume estimation

The models generated by the STRAPS technique are clean and
watertight, and BV can be calculated directly. To avoid mesh self-
intersection (e.g., arm meshes inside of the body meshes for people
with obesity) which might lead to failure volume estimation, BV
(BVstraps) Was measured by generating 3D models that were

reposed to a standard “T-pose” by eliminating body pose

parameters (i.e., setting body poses equal to zeros) without post-
processing (e.g., filling holes and deleting noise). The method pre-
sented by Eberly®® that was used to calculate reference BV data
was also used to estimate BVs. Like other methods that generate
3D human models from a small number of images, the STRAPS
technique suffers from an unknown absolute scale. To overcome
this, the scale of the 3D models was adjusted by the ratio of

reposed model height and real stature manually measured, as
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FIGURE 2 Body image rendering and 3D human model generation. (A, B) Examples of rendering images for male and female participants,
respectively. (C, D) Joint location estimated by Keypoint-RCNN method. (E, F) Silhouettes generated from the PointRend method. (G, H) Front
views of individualized 3D human models predicted by the STRAPS technique. (I, J) Vertices of the generated model overlay on 2D body image.
(K, L) Reposed and scaled 3D human models used for body volume calculation

shown in Figure 2K,L. Scaled BVs (BVy.e) Wwere measured using
the scaled model. Because of ambiguous depth of single images,
the BV obtained from scale models (BVsee) might still contain
some error. Body mass (M) and scaled BV (BVse) were used as
the input to gender-specific linear regression models to minimize
the depth ambiguity and obtain corrected BV (BViegression). The
coefficient of the regression model was determined with the
training datasets.

2.6 | Evaluation tests

The estimated BVs (BVstraps, BVscale, and BViegression) Of the test
datasets were compared with the reference BVs. The formula pre-
sented by Siri et al.” was used to estimate body fat percentage
(BFreference, BFregression) from BVs (BVieferences BVregression) to identify
the difference between the reference and proposed methods in
acquiring body composition. As there was no breath control in the 3D
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scanning protocol of the WEAR dataset, the BVs were corrected by
subtracting the tidal, expiratory reserve, and residual volumes.®®
Standard error of the estimation (SEE) and Bland and Altman limits of
agreement were conducted to determine the accuracy of the pro-
posed methods.

2.7 | Statement on ethics approval
The ethics approval of this study was given by the University Ethics
Committee.

3 | RESULTS

Participants exhibited a wide BMI range from 15.2 to 57.1 kg/m?
Around 16% of participants had obesity (BMI > 30 kg/m?) and 55% of
participants were of normal weight (BMI < 25 kg/m?). The evaluation
test results are shown in Table 2. BVs were overestimated from the
model generated from the STRAPS technique (mean errors > 10 L;
standard deviations of errors > 10 L) and usually underestimated
from the results of stature correction (mean errors < —2 L; standard
deviations of errors > 3 L apart from females without obesity). The
BVs estimated using the STRAPS technique had higher SEEs (>15 L),
absolute mean errors (>10 L), standard deviations of errors (>10 L),
and wider limits of agreement than the ones estimated with stature
correction and the regression model applications (SEEs < 15 L; ab-
solute mean errors < 10 L and standard deviations of errors < 10 L).
After applying the regression model, the SEEs and standard deviations
of errors were less than 3 L (relative SEEs < 3%) for BV across all the
groups apart from the men with obesity (relative SEE = 6.9%).

The bias (absolute mean errors) and the standard deviation er-
rors of BV (=1.1 & 7.6; limit of agreement = (—15.9, 13.7)) and body
fat percentage (—3.5 4 24.8; limit of agreement = (—52.1, 45.0)) for
male participants with obesity were higher than the ones for other
groups. BV estimates for males and females with obesity had higher
SEEs (>2 L) and standard deviation errors (>2 L) than the ones for
the group without obesity (<2 L).

4 | DISCUSSION

The STRAPS technique was applied and adapted to generate 3D
human models for BV estimation. An evaluation using a wide range of
body morphologies was conducted and shows that the developed
methods enable accurate BV estimated for people with BMI < 30 kg/
m? (relative SEE 1.9% for males and 1.8% for females). Cloud
computing techniques can be applied to implement these developed
techniques so the individualized models could be generated in a short
period (typically within 1 min) with an inexpensive, ubiquitous,
portable, and accessible device such as a smartphone. Thus, the
developed method can be used for females and males with
BMI < 30 kg/m? in BV estimation and could be used for obesity

assessments at home or clinic settings for regular obesity assessment
and visualization.

The error of BV acquired from the STRAPS technique is a large
SEE (SEE > 10 L), which led to more than 10% relative SEE. The
probable reason is that the reference meshes were reconstructed
from 2D images with computer vision techniques indirectly instead of
obtained from the 3D body scanning technique directly and the scale
ambiguities were not considered while computing the reconstruction
error in the previous study.?* Further research to develop new ma-
chine learning techniques to estimate 3D body shapes and poses
should consider using volumetric capturing®” and scale correction to
conduct direct comparison for quantifying reconstruction error to
improve the BV estimation.

Using stature can improve the accuracy of BV estimation to
reduce the limits of agreement (standard deviation errors decrease
to less than 10 L). This improvement by involving stature confirms
that using single 2D images contains some scale ambiguities.”> How-
ever, BV estimated with the correction with stature for males and
females with obesity contains higher SEEs and limits of agreement
than BVs for the group without obesity. The body shapes variation of
the group with obesity might be more complicated than for the non-
obesity group so it is hard to predict from a 2D image with current
models. Further model improvement might be required to acquire
correct BV values for specific groups such as participants with
obesity. Using body mass in a regression model can further reduce
the SEEs of BV estimation which shows that using a few manual
anthropometric measurements enhances the reconstruction of indi-
vidual human models from 2D images. It is highly recommended that
further development that estimates 3D body shape from a 2D image
should combine with a few manual anthropometric data which could
be measured precisely with minimal training such as stature and body
mass to improve the model accuracy.

The BV obtained from the STRAPS technique with a regression
model enabled accurate estimation for people without obesity
(SEE < 1.5; relative SEE < 2%). The SEE was a little higher than for

commercial mobile apps (SEE < 1.0).2°

Comparing the results of the
groups with obesity and without obesity, accuracy decreases as BMI
increases (Table 2). The proportion of participants in overweight and
obesity and the BMI range in evaluation tests for this study (45%;
15.2-57.1 kg/m?) is higher than the ones in the previous study (31%;
18.6-30.9 kg/m?).2> Most participants in the previous study were in
the normal-weight group?” so the commercial mobile apps might lead
to poor accuracy when applied to those with different degrees of
obesity. It is necessary to conduct evaluation tests with a large
representative sample that contains many participants with obesity
before using commercial tools for obesity assessment. The tech-
niques that estimate 3D human models from 2D images can provide
more useful information (conventional anthropometric measures,
body visualization, BVs) than commercial software which merely
estimate BVs. Considering the advantages of multiple measure-

613 and body visualization,'”~*? further development to refine

ments
the accuracy of BVs estimated from 3D human models generated

from 2D images should be encouraged and continue. More effort
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TABLE 2 Evaluation tests result for
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body volume and body fat percentage Mean + std SEE (%SEE) Mean error + std LOA
evaluation Males with obesity (51.0 > BMI > 30, n = 56)
BVreference 109.4 + 20.3 - .
BVstraps 126.9 + 22.8 21.7 (19.9) 17.5 £ 130 -7.9,43.0
BVcale 99.7 + 14.6 12.2 (11.2) -97+76 -245,52
BVregression 108.3 + 15.6 7.6 (6.9) 11+ 76 ~159,13.7
BFreference 41.1 4270 - -
BF regression 37.6 + 38 24.8 -35 4248 —52.1, 45.0
Females with obesity (57.1 > BMI > 30.1, n = 68)
BV/reference 101.3 £ 204 - - .
BVstraps 163.5 + 7.4 40.5 (40.0) 368 + 17.1 3.3,70.3
BVicale 94.3 + 15.8 10.4 (10.3) -70+ 7.7 -22.1,80
BV/egression 100.9 + 18.9 2.5 (2.4) —04 + 24 —52 44
BF reference 53.0 + 10.3 - - _
BF regression 51.6 + 3.0 9.4 -13+94 -19.8,17.1
Males without obesity (29.9 > BMI > 16.1, n = 332)
BV eference 77.9 + 116 - - .
BVstraps 90.5 + 14.8 16.8 (21.6) 12.6 +£ 11.2 -9.3, 344
BVcale 75.6 + 116 4.2 (5.4) -23+35 -9.2,4.6
BVregression 78.0 £ 11.9 1.5 (1.9) 01+ 15 —28.30
BF reference 324+ 95 - - .
BFregression 326 +£53 9.3 02+94 -182, 185
Females without obesity (29.9 > BMI > 17.0, n = 414)
BV/reference 64.9 £ 10.2 - - .
BVstraps 859 + 17.0 23.7 (36.5) 209 + 111 -0.9,42.8
BVscale 654 + 115 3.4 (5.2) 0.5 £ 3.3 -6.1,7.0
BV rerresson 65.0 + 104 1.2 (1.8) 0.0 £+ 1.2 -23,24
BFreference 436 £ 9.5 - - i
BFregression 435+53 9.1 00+ 9.1 ~17.8,17.8

Note: Unit for BMI is kg/m?; relative SEE is %; body volume is the liter (L) and body fat percentage is %.

Abbreviations: BFeference, body fat percentage obtained from 3D scanning data; BFegression, body fat
percentage acquired with BV egression; BVreference; body volume obtained from 3D scanning data;
BViegression, body volume after body mass adjustment; BV e, body volume after stature correction;
BVsiraps, body volume estimated with the synthetic training for real accurate pose and shape
techniques; LOA, lower and upper bound of the limit of agreement; Mean + std, mean value with
standard deviation; Mean error + std, mean error value and standard deviation error; SEE, standard
error of the estimate; %SEE, relative standard error of the estimate.

should be made to improve the accuracy for the group with obesity
before applying it to obesity assessment.

The evaluation test in this study showed that the developed
methods have different performances in estimating BV (BV egression)
and body fat percentage (BF cgression) When applied to different
groups. The accuracy of BV and body fat percentage for male par-
ticipants with obesity are worse than the ones for other participants
(males without obesity and females). This suggests that using a linear

regression model might not be appropriate to estimate volume for

males with obesity. The current formula used for calculating body fat
percentage is sensitive to BV error® which leads to poor accuracy in
body fat percentage for the male group with obesity. Multiple views
or non-linear correction models should be considered in the future
development to minimize the depth ambiguity, especially for males

with obesity. Wong et al.%®

presented a novel method that estimated
body fat percentage from 3D body shape instead of volume. How-
ever, the model is not publicly available. The method was developed

with a simplified 3D scanning system (Fit3D ProScanner®’) which
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might not be compatible with the conventional 3D scanning system
(Cyberware and Vitronic scanner?®) and STRAPS estimation which
generated 3D models in different resolutions. Public and updated
formulae or models that can estimate body fat percentage from
different 3D reconstruction techniques including conventional and
simplified scanner and 2D image estimation (e.g., STRAPS) should be
developed and used to reduce the sensitivity of BV error for obesity
assessment. For instance, Pointnet++2° which can process 3D point
clouds in different resolutions could be applied to develop the public
method for estimating body fat percentage from 3D reconstruction
results.

Evaluation tests were conducted with the synthesized data
generated with the datasets established for more than 20 years.
Similar techniques are widely used in computer vision for developing
machine learning models.??# Although the BV obtained from 3D
scanning data enables reference data acquisition, some assumptions
and errors still exist in 2D image rendering, mesh post-processing,
and residual lung volume estimation. Some random errors caused by
camera optics or hardware were ignored. To the authors' knowledge,
there are no public datasets that include 2D images and reference BV
data, obtained directly obtained using medical methods such as air
displacement plethysmography and dual-energy x-ray absorptiome-
try. This is the first study that has applied and adapted methods to
generate 3D models using single images that allows pose variants, to
compare to validated BV data across a large dataset. The evaluation
tests in this study demonstrate a protocol and a benchmark for
future computer vision and machine learning research to improve BV
estimation and body visualization from single 2D images. Further
studies can use the protocols presented here to evaluate the devel-
oped methods with synthesized data before collecting data directly.
This provides an alternative solution for research institutes without
access to devices for medical measurements.

5 | CONCLUSION

This study adapted computer vision techniques to generate individ-
ualized 3D models for the estimation of BV; a wide range of body
morphologies was used to assess the validity of BV estimates. The
proposed approach generated body visualizations and accurate BV
estimates could be made using a consumer-level digital camera for
females and males without obesity (BMI < 30 kg/m?). The proposed
approach does not require expensive 3D scanning equipment, and as
such, could be used in home or clinic settings for obesity management
and monitoring. Further research should be conducted to improve
estimation for individuals with obesity, eliminate gender differences,
and validate using directly collected data.

AUTHOR CONTRIBUTIONS

Chuang-Yuan Chiu conceived and designed the experiments with the
support of Marcus Dunn, Ben Heller, Sarah M. Churchill, and Tom
Maden-Wilkinson. Chuang-Yuan Chiu analyzed data. All authors
contributed to manuscript drafting, revision, and final approval.

ACKNOWLEDGMENTS
This study was supported by SYLVAL LTD and a Catalyst Grant from
Sheffield Hallam University.

CONFLICT OF INTEREST
The authors declare that there is no conflict of interest with regard to

this paper for any author.

ORCID

Chuang-Yuan Chiu "= https://orcid.org/0000-0002-6512-0084

REFERENCES

1. Haleem A, Mohd J. 3D scanning applications in medical field: a
literature-based review. Clin Epidemiol Global Health. 2019;
7:199-210.

2. Adler C, Steinbrecher A, Jaeschke L, et al. Validity and reliability of
total body volume and relative body fat mass from a 3-dimensional
photonic body surface scanner. PLoS One. 2017;12:e0180201

3. Wang J, Gallagher D, Thornton JC, Yu W, Horlick M, Pi-Sunyer FX.
Validation of a 3-dimensional photonic scanner for the measurement
of body volumes, dimensions, and percentage body fat. Am J Clin
Nutr. 2006;83:809-816.

4. Ng BK, Hinton BJ, Fan B, Kanaya AM, Shepherd JA. Clinical an-
thropometrics and body composition from 3D whole-body surface
scans. Eur J Clin Nutr. 2016;70:1265-1270.

5. Bartol K, Bojani¢ D, Petkovi¢ T, Pribani¢ T. A review of body mea-
surement using 3D scanning. IEEE Access. 2021;9:67281-67301.

6. Darsini D, Hamidah H, Notobroto HB, Cahyono EA. Health risks
associated with high waist circumference: a systematic review. J
Public Health Res. 2020;9:1811.

7. Nevill AM, Stewart AD, Olds T, Duncan MJ. A new waist-to-height
ratio predicts abdominal adiposity in adults. Res Sports Med.
2020;28:15-26.

8. Dong Y, Zhou J, Zhu Y, et al. Abdominal obesity and colorectal
cancer risk: systematic review and meta-analysis of prospective
studies. Biosci Rep. 2017;37:BSR20170945.

9. Siri W, Brozek J, Henschel A. Techniques for Measuring Body
Composition. National Academy of Sciences; 1961:223-224.

10. Hung S-P, Chen C-Y, Guo F-R, Chang C-l, Jan C-F. Combine body
mass index and body fat percentage measures to improve the ac-
curacy of obesity screening in young adults. Obes Res Clin Pract.
2017;11:11-18.

11. Karchynskaya V, Kopcakova J, Klein D, et al. Is BMI a valid indicator
of overweight and obesity for adolescents? Int J Environ Res Public
Health. 2020;17:4815.

12. Freigang R, Geier A-K, Schmid GL, Frese T, Klement A, Unverzagt S.
Misclassification of self-reported body mass index categories. Dtsch
Arztebl Int. 2020;117:253-260.

13. Lin T-Y, Lim P-S, Hung S-C. Impact of misclassification of obesity by
body mass index on mortality in patients with CKD. Kidney Int Rep.
2018;3:447-455.

14. Ng BK, Sommer MJ, Wong MC, et al. Detailed 3-dimensional body
shape features predict body composition, blood metabolites, and
functional strength: the Shape Up! studies. Am J Clin Nutr. 2019;
110:1316-1326.

15. Ritter S, Staub K, Eppenberger P. Associations between relative
body fat and areal body surface roughness characteristics in 3D
photonic body scans—a proof of feasibility. Int J Obes. 2021;
45:906-913.

16. Chiu C-Y, Ciems R, Thelwell M, Bullas A, Choppin S. Estimating so-
matotype from a single-camera 3D body scanning system. Eur J Sport
Sci 2021:1-7. https://doi.org/10.1080/17461391.2021.1921041


https://orcid.org/0000-0002-6512-0084
https://orcid.org/0000-0002-6512-0084
https://doi.org/10.1080/17461391.2021.1921041
https://orcid.org/0000-0002-6512-0084

CHIU ET AL

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

Park J. The effect of virtual avatar experience on body image
discrepancy, body satisfaction and weight regulation intention.
Cyberpsychol J Psychosoc Res Cybersp. 2018;12:Article 3.

Grogan S, Siddique MA, Gill S, Brownbridge K, Storey E, Armitage
CJ. ‘I think a little bit of a kick is sometimes what you need’: women’s
accounts of whole-body scanning and likely impact on health-related
behaviours. Psychol Health 2017;32:1037-1054.

Boelaert K, Palin S, Field A, Rahim A, Barnes R. The impact of 3D
body images on motivating weight loss in overweight individuals. In:
Endocrine Abstracts. Vol 15. Bioscientifica; 2008.

Yan S, Kamardinen J-K. Learning Anthropometry from Rendered
Humans. arXiv preprint arXiv:210102515; 2021. https://arxiv.org/
pdf/2101.02515.pdf

Smith BM, Chari V, Agrawal A, Rehg JM, Sever R. Towards accurate
3D human body reconstruction from silhouettes. In: International
Conference on 3D Vision (3DV); 2019:279-288.

Sebo P, Herrmann FR, Haller DM. Accuracy of anthropometric
measurements by general practitioners in overweight and obese
patients. BMC Obes 2017;4:23.

Seboe P, Haller DM, Pechere A, Bovier P, Herrmann F. Accuracy of
doctors’ anthropometric measurements in general practice. Swiss
Med Wkly. 2015;145:w14115.

Sengupta A, Budvytis |, Cipolla R. Synthetic training for accurate 3D
human pose and shape estimation in the Wild. In: The 31st British
Machine Vision Virtual Conference; 2020.

Sullivan K, Hornikel B, Holmes CJ, Esco MR, Fedewa MV. Validity of
a 3-compartment body composition model using body volume
derived from a novel 2-dimensional image analysis program. Eur J
Clin Nutr. 2022;76(1):111-118.

World Health Organization. Surveillance of Chronic Disease Risk Fac-
tors: Country Level Data and Comparable Estimates. WHO; 2005.
Thelwell M, Chiu C-Y, Bullas A, Hart J, Wheat J, Choppin S. How
shape-based anthropometry can complement traditional anthropo-
metric techniques: a cross-sectional study. Sci Rep. 2020;10:12125.
Tian 1Y, Ng BK, Wong MC, et al. Predicting 3D body shape and body
composition from conventional 2D photography. Med Phys. 2020;
47:6232-6245.

Robinette KM, Daanen H, Paquet E. The CAESAR project: a 3-D
surface anthropometry survey. In: Second International Conference

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

Obesity Science and Practics IAWVA IS SV ks

on 3-D Digital Imaging and Modeling (Cat. No.PR0O0062); 1999:
380-386.

Chiu C-Y, Pease DL, Fawkner S, Sanders RH. Automated body vol-
ume acquisitions from 3D structured-light scanning. Comput Biol
Med. 2018;101:112-119.

Kazhdan M, Hoppe H. Screened Poisson surface reconstruction.
ACM Trans Graph. 2013;32:1-13.

Attene M. A lightweight approach to repairing digitized polygon
meshes. Vis Comput. 2010;26:1393-1406.

Eberly D. Polyhedral Mass Properties (Revisited). 2003. www.magic-
sofiware.com/Documentation/PolyhedratMassProperties.pdf

He K, Gkioxari G, Dollar P, Girshick R. Mask r-cnn. Proceedings of the
IEEE international conference on computer vision; 2017:2961-2969.
Kirillov A, Wu Y, He K, Girshick R. Pointrend: image segmentation as
rendering. Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition; 2020:9799-9808.

Derrickson BH, Tortora GJ. Tortora’s Principles of Anatomy & Physi-
ology. Wiley; 2017.

Sterzentsenko V, Karakottas A, Papachristou A, et al. A Low-Cost,
Flexible and Portable Volumetric Capturing System. In: 2018 14th In-
ternational Conference on Signal-Image Technology & Internet-
Based Systems (SITIS), Las Palmas de Gran Canaria, Spain; 2018:
200-207. https://doi.org/10.1109/SITIS.2018.00038

Wong MC, Ng BK, Tian |, et al. A pose-independent method for
accurate and precise body composition from 3D optical scans.
Obesity. 2021;29:1835-1847.

Qi CR, Yi L, Su H, Guibas LJ. PointNet++: deep hierarchical feature
learning on point sets in a metric space. Adv Neural Inf Process Syst.
2017;30:5105-5114.

How to cite this article: Chiu C-Y, Dunn M, Heller B, Churchill
SM, Maden-Wilkinson T. Modification and refinement of three-
dimensional reconstruction to estimate body volume from a
simulated single-camera image. Obes Sci Pract. 2022;1-9.
https://doi.org/10.1002/0sp4.627


https://arxiv.org/pdf/2101.02515.pdf
https://arxiv.org/pdf/2101.02515.pdf
http://www.magic-sofiware.com/Documentation/PolyhedratMassProperties.pdf
http://www.magic-sofiware.com/Documentation/PolyhedratMassProperties.pdf
https://doi.org/10.1109/SITIS.2018.00038
https://doi.org/10.1002/osp4.627

	Modification and refinement of three‐dimensional reconstruction to estimate body volume from a simulated single‐camera image
	1 | INTRODUCTION
	2 | METHODS
	2.1 | Datasets and participants
	2.2 | Reference body volume acquisition
	2.3 | Body image rendering
	2.4 | Individualized 3D model generation
	2.5 | Body volume estimation
	2.6 | Evaluation tests
	2.7 | Statement on ethics approval

	3 | RESULTS
	4 | DISCUSSION
	5 | CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST


