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Background
•
•
•
•
•

•
•

Long duration space flights induce loss of muscle and bone mass, which in
turn leads to greater risks of injury and death.
Few body composition measurement technologies are suitable for in-flight
use to capture status and changes in body fat, lean and bone masses.
The terrestrial criterion method is dual-energy X-ray absorptiometry (DXA).
However, DXA is not feasible for long duration missions
3D optical (3DO) whole body imaging is being explored as a more accessible
alternative to DXA by many groups by relating the variance in body shape to
the underlying distributions of fat, lean, and bone tissues1.
Our group has two large on-going NIH (NIDDK) studies in kids
(R01DK111698) and adults (R01DK109008) to relate body shape to health
status and body composition from 3DO. Current results have shown this
method to be accurate and precise.
However, the accuracy of 3DO body composition in space may be impacted
by fluid redistribution due to microgravity, and to date is unknown.
We hypothesized that 3DO body composition can be calibrated for extraterrestrial use, and be more easily deployable because of its low power
consumption and ability to be performed on co-use equipment

Table 2: Azure Kinect Depth Specs (Source documentation)

Figure 1. Sensor Testing Setup

Figure 2. Example
2D Image of
participant on
inversion table. This
image is at 60
degrees.

Figure 3. Inversion Table Image colored by depth
distance from the sensor

Table 3: Intel D4 Processor (Source documentation)

Objective
•

In this study, we seek to demonstrate the feasibility of our system to
accurately and precisely measure body composition under simulated
microgravity environments.

Methods
•
•
•
•

•
•
•

Picking the right sensor - 5 depth sensors (Table 1) have been tested for depth
accuracy, field of view, and overall feasibility. (Figure 6)
Simulating microgravity - Volunteers are scanned in 2D and 3D at different
inversion angles. (Figure 1)
New challenges to current model – background removal, non-standardized
camera placement, fluid redistribution, incomplete scanning, pose variability.
Machine learning and deep learning models are being explored and trained on
anthropometrics and body models, specifically Catboost was used with 5-fold
cross validation taking in anthropometrics to predict total fat mass with the
same data as the Ng 2019 Shape up paper1
The graph neural network was DGCNN with L1 loss, removal of face
information, sampling of vertices, and predicting on fat mass
The Spin model was used to test 3d reconstruction from single rgb images
(Figure 4)
Inversion table data collected at various intervals

Figure 4. Foreground/background detection

Figure 5. Person segmentation on inversion table

Table 4: Ng 2019 Shape up paper results

Table 5: Catboost fat mass training and test results on total fat mass using Shape Up Adults data

Results
•
•

•

D435 sensor has best depth accuracy with a % error of 0.86 (Table 1) while
Azure Kinect has wide field of view.
Catboost and DGCNN train root mean squared error – 1368, standard
deviation – 109. test root mean square error – 2436, standard deviation – 791
(Table 5) slightly better than Ng’s results (table 4) and Graph NN brief
training loss of 8000 on partial data set
3d models constructed with single sensors and segmentation of person tested

Features include: race, age, height, weight, BMI, waist circumference, hip circumference,
biceps girth, thigh girth, waist/hip girth ratio, waist/height ratio.
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Conclusions
•

We have successfully demonstrated to date sensor quality tests, deep learning
prediction of total fat mass, inversion table setup, and 3d reconstruction.
Further studies in more volunteers are new being implemented with the tested
protocols and then will be validated on parabolic flights this summer.

Figure 7. Single Kinect
windows 3d reconstruction

Figure 8. Multi
Realsense sensor 3d
reconstruction

Figure 8. Spin model from single rgb image
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