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Abstract

Purpose In clinics, musculoskeletal assessment mainly relies on conventional imaging which is expensive, involves radiation
exposure, and lacks accessibility. Inferring skeletal morphology from 3D body surface scans shows potential as an alterna-
tive screening aid, although lacks detail in particular at extremities. This study leverages Statistical Shape Models (SSMs)
to estimate position and orientation of the hand and foot bones from the skin surface.

Methods Two datasets (140 feet, 79 hands with diverse morphologies and poses) were collected. For each dataset, a cou-
pled skin-bone SSM was created. A nested cross-validation approach was used to optimize hyperparameters and prevent
overfitting while fitting the isolated skin model of the coupled SSM to unseen skin data to infer bone structure and position.
Results For the feet, the mean absolute error (MAE) was 1.68 mm, with the highest errors occurring at the hindfoot. Simi-
larly, for the hands, the MAE reached 1.37 mm, with the largest deviations observed at carpal bones.

Conclusion This study demonstrates the feasibility of predicting bone morphology from skin surfaces using SSM-based
shape completion, offering a potential non-invasive and accessible alternative to traditional imaging for musculoskeletal
assessments.

Keywords Statistical shape modeling - Foot - Hand - Skeleton prediction

Introduction

The human musculoskeletal system, which is responsible
for our ability to move and to perform complicated tasks,
is a complex network of bones, muscles, tendons, and liga-
ments. Detailed anatomical assessment of this system is
essential for numerous musculoskeletal and research appli-
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cations. These range from medical diagnosis and treatment
of musculoskeletal conditions like arthritis and sports inju-
ries, to biomechanics research, development of customized
footwear, and even forensic science [3]. Traditional imaging
modalities such as X-ray imaging, computed tomography
(CT), and magnetic resonance imaging (MRI) provide valu-
able internal anatomical information. However, each modal-
ity has significant limitations: they can be costly and time-
consuming, involve exposure to ionizing radiation, offer
limited resolution in large field-of-view imaging, and suffer
from constrained accessibility in many healthcare settings
[15]. As a result, researchers have started exploring new
methodologies that derive clinical anthropometric measure-
ments, body composition and even predict bone morphology
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directly from skin surface measurements utilizing technolo-
gies, such as 3D body scanners, as well as single- and multi-
view cameras and smartphones [6, 9, 14, 20-22, 25, 26].

Early attempts to address this challenge originated in the
field of computer graphics and animation. These approaches
typically involved non-linearly deforming a template ana-
tomical atlas to match an observed skin surface, effectively
warping a generic skeletal model to fit individual body
shapes [1, 19]. However, because these graphics-based tech-
niques were not validated against 3D medical imaging data,
their clinical application remained limited.

More recently, attention has shifted toward data-driven
methods, with the aim to directly predict the full-body skel-
eton from skin surface data. For instance, Obtaining Skeletal
Shape from Outside (OSSO) is trained on 2D Dual-energy
X-ray Absorptiometry (DXA) scans of supine subjects and
employs a three-step process for skeleton prediction and
positioning [22]. However, its optimization-based posi-
tioning neglects soft tissue interactions, which can result
in anatomically invalid poses, unrealistic joint dislocations,
and mesh penetrations. To address some of these short-
comings, Skeletal Kinematics Enveloped by a Learned
body model (SKEL) offers an alternative strategy. SKEL
integrates an idealized biomechanical skeleton with joint
constraints, derived from OpenSim to re-rig the Skinned
Multi-Person Linear Model (SMPL) mesh [21]. While this
approach allows for scaling and positioning of the 24-seg-
ment skeleton within SMPL, it imposes inherent limitations
by oversimplifying joint kinematics—restricting them to ide-
alized hinge or spherical joints—and by failing to capture
the full spectrum of anatomical bone variability. In contrast,
Human Implicit Tissues (HIT) directly addresses the latter
limitation [20]. Trained on 3D MRI data, HIT performs a
binary prediction of the combined long bones (Humerus,
Ulna, Radius, Pelvis, Femur, Tibia, and Fibula) given the
skin surface. Building on the foundation laid by HIT and
SKEL, Dakri et al. further refined the approach by splitting
HIT’s combined long bone predictions into individual bone
segments (humerus, radius-ulna, pelvis, femur, tibia-fibula)
and by extending SKEL to SKEL-J [9]. SKEL-J allows for
joint location adjustments and pose parameter refinement to
better align the skeletal kinematic tree with segmented bone
geometry. Despite these advancements, both HIT and the
work of Dakri et al. remain limited as they focused exclu-
sively on long bones.

Beyond the computer vision and animation techniques
discussed above, statistical shape models (SSMs) offer
an alternative promising approach. SSMs, as described in
Sect. “Prediction of Bony Morphology from the Skin Sur-
face,” have proven to be a powerful tool in medical image
analysis, aiding in tasks, such as segmentation, shape com-
pletion, pre-operative planning, and biomechanical analy-
sis [3, 7]. Numerous individual and coupled bony anatomy

SSMs have been created [5, 13, 29-31]. However, to the
best of our knowledge, only one existing model, the Bones,
Organs, and Skin Shape model (BOSS), combines the com-
plete skeleton with the skin. BOSS is a pose-neutralized
SSM of the combined skeleton, organs, and skin, learned
from 300 (partial) CT scans [32]. Its bone model comprises
70 segments, including the skull, femur, humerus, forearm,
lower leg, scapula, clavicle, sternum, hands, feet, vertebrae,
ribs, and pelvis. Pose neutralization is achieved through a
kinematic chain of 63 joints, connecting 63 segments. As
a result of the pose neutralization, the prediction of bony
morphology can only be performed in that specific position
and the method can as such not be used to complete other
scan positions.

A key limitation of the aforementioned methods is the
absence of detailed hand and foot models, which are essen-
tial for understanding locomotion and dexterity. The aim of
this study was to predict the skeletal morphology and posi-
tion of the individual bones from the skin surface for the
hands and feet. We address this by exploiting SSMs. This
offers a less invasive and accessible alternative for muscu-
loskeletal applications.

Materials and Methods

This section details the methodology for predicting bony
anatomy directly from skin surface data, focusing on two
distinct yet complex anatomical regions: the feet and the
hands. First, the characteristics of the feet and hands data-
sets are described. Next, the shape completion methodol-
ogy based on statistical shape modeling to predict the bony
anatomy is outlined. Following this, an experiment involving
the application of the feet bone prediction models to input
data of reduced quality is discussed. Finally, the evaluation
metrics are discussed.

Data Description and Preprocessing

The data gathering was conducted in compliance with the
ethical standards established in the Declaration of Helsinki.

Dataset 1: Feet

A weightbearing Computed Tomography (WBCT) foot data-
set, derived from standing CT scans and ethically approved
by the Ghent University Hospital (B6702022000639), was
gathered. Patients were positioned with the feet parallel and
at shoulder width. The scans had a pixel size of 0.5 mm x
0.5 mm and a slice thickness of 0.5 mm. This foot dataset
comprised 73 subjects featuring a diverse range of foot types
(i.e., healthy, flat, and hollow feet). Feet with major defects
or deformities—including osseous foot coalitions, clubfoot,
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and charcot feet—were excluded. Additionally, any partici-
pant with a history of prior surgical interventions involving
screws or implants at the foot or ankle was also excluded
from the study. This filtering process resulted in a dataset of
140 individual feet. The participant cohort (40 females, 33
males) presented a mean age of 39.1 years (standard devia-
tion (SD) 16.7 years), a mean height of 1.73 meters (SD
0.11 m), and a mean weight of 79.6 kilograms (SD 18.3 kg).
Only patients aged 18 years or older were included. Figure 1
illustrates two perspectives of five representative subjects’
skeletal structure and skin.

Dataset 2: Hands

The hand dataset was derived from CT scans obtained from
the publicly available New Mexico Decedent Image Data-
base (NMDID, https://nmdid.unm.edu/), in accordance with
their ethical protocols. The scans had a pixel size of 1.34 mm
x 1.34 mm and a slice thickness of 3 mm. Exclusion was
based on two criteria: the presence of visible major hand
deviations (e.g., amputation, fractures, prior surgery involv-
ing screws or implants, or polydactyly) or hands that were
not fully contained within the CT scanner’s field of view.
Further, no subjects younger than 18 years were included.
The final dataset comprised 41 right hands and 38 left hands
in a wide range of poses. The dataset consisted of 45 subjects

Medial view

(24 males, 21 females) with a mean age of 44.0 years (SD:
13.7 years), an average height of 1.68 meters (SD: 0.12 m),
and a mean weight of 80.0 kilograms (SD: 23.0 kg). Figure 2
illustrates two perspectives of five representative subjects’
skeletal structure and skin.

Preprocessing

A combined manual and automated segmentation process
was used to delineate bones and skin in both datasets. This
involved initial manual segmentation of a subset of subjects,
nnU-Net training, automated prediction, and manual refine-
ment of the prediction [16, 17]. Separate nnU-Nets were
trained for the segmentation of the foot bones, hand bones,
and skin. The nnU-Nets were trained for 1000 epochs with
a combined Dice and cross-entropy loss and a batch size of
2. For the foot bones, the model was trained on 45 WBCT
images with a patch size of (112, 92, 96). For the hand bones
and skins, the model was trained on 13 CT images with
patch sizes of (64, 160, 128) and (64, 192, 160), respectively.
Foot bone segmentations included 28 bones namely the
talus, calcaneus, navicular bone, cuneiforms (medial, inter
and lateral), cuboid, metatarsals (1-5), phalanges (proximal
1-5, middle 2-5, and distal 1-5), and sesamoids (medial and
lateral). The included foot bones are depicted in Fig. 1 in
distinct colors. Hand bone segmentations included 27 bones,
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Superior view

Subject 1 Subject 2
Legend
I Talus I \Vetatarsal 1
[ Calcaneus I \Vietatarsal 2
I \avicular bone I Metatarsal 3
Cuboid I Vetatarsal 4

Medial Cuneiform I \Vetatarsal 5
I (ntermediate Cuneiform

I Lateral Cuneiform

Subject 3

[ Proximal Phalanges 1

Proximal Phalanges 2

Subject 4 Subject 5

Proximal Phalanges 3
I Proximal Phalanges 4
I Proximal Phalanges 5
I Viddle Phalanges 2
I Viddie Phalanges 3
I Viddle Phalanges 4
I iddle Phalanges 5

I Distal Phalanges 1
I Distal Phalanges 2
I Distal Phalanges 3
I Distal Phalanges 4
I Distal Phalanges 5
I Vedial Sesamoid

Lateral Sesamoid

Fig. 1 Medial and superior views of the feet of five representative subjects from the WBCT dataset. Each individual modeled bone is indicated

in a unique color

@ Springer


https://nmdid.unm.edu/

From Skin to Skeleton: A Statistical Shape modelling Approach for predicting Hand and Foot Bony... 287

Dorsal view

| ; /
|
Radial view i
Subject 1 Subject 2 Subject 3 Subject 4 Subject 5
Legend
I scaphoid I Pisiform I Proximal Phalanges 2 [l Viddle Phalanges 5
I Lunatum I \ietacarpal 1 I Proximal Phalanges 3 |l Distal Phalanges 1
I Capitatum I Vetacarpal 2 I Proximal Phalanges 4 M Distal Phalanges 2
Hamatum I Vietacarpal 3 I Proximal Phalanges 5 [l Distal Phalanges 3
Trapezium | Vetacarpal 4 I Viddie Phalanges 2 [l Distal Phalanges 4
I Trapezoideum [ Metacarpal 5 I \iddle Phalanges 3 [l Distal Phalanges 5
I Triquetrum Proximal Phalanges 1 [l Middle Phalanges 4

Fig.2 Dorsal and radial views of the hands of five representative subjects from the hand dataset. Each individual modeled bone is indicated in a

unique color

namely the carpal bones (i.e., scaphoid, lunate, trapezium,
trapezoid, hamate, capitate, pisiform, triquetrum), metacar-
pals (1-5), and phalanges (proximal 1-5, middle 2-5, and
distal 1-5). The included hand bones are depicted in Fig. 2
in distinct colors. Following segmentation, the method by
Audenaert et al. was used to perform non-rigid registration
of a template mesh [5]. This involved global registration
followed by a local registration step, resulting in anatomi-
cal correspondence over the bones and skins with a con-
sistent number of vertices. The complete set of foot bones,
My,nes Was represented using 34362 vertices (edge length
average: 1.38 mm, SD: 0.53 mm), while its corresponding
skin surface, mg;,, had 65869 vertices (edge length average:

1.16 mm, SD: 0.34 mm). For the hand, the skeletal struc-
ture, my,,.., consisted of 22985 vertices (edge length aver-
age: 1.24 mm, SD: 0.47 mm), and the skin surface, mgy;,,
of 13475 vertices (edge length average: 1.98 mm, SD:
0.70 mm). The mesh resolutions were chosen to balance
anatomical detail with computational efficiency and are con-
sistent with previous work [5, 30].

Prediction of Bony Morphology from the Skin
Surface

Bone morphology prediction was achieved through shape
completion using SSMs (Fig. 3). To avoid overfitting and
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Fig.3 Schematic overview illustrating the training and testing pro-
cesses in an outer loop for bone prediction using shape model com-
pletion. The upper box illustrates the training process: (1) non-rigid
registration of the skin and bones, (2) building a coupled statistical
shape model of the skin and bones, and (3) isolating the skin portion

optimize hyperparameters, a nested cross-validation proce-
dure with 5 outer folds and 3 inner folds was used. Nested
cross-validation uses two levels of data splitting: an outer
loop and an inner loop. In the outer loop, the entire dataset
is split in a number of outer folds (here: 5). Each outer
fold serves once as an independent test set (containing
approximately 28 samples for the feet dataset and 15-16
samples for the hands dataset), while the remaining folds
are used in the inner loop. Concurrently, within each outer
iteration, the remaining data are divided into a set number
of inner folds (here: 3) to perform hyperparameter tuning.
Each inner fold is rotated as the validation set while the
others serve as the training set. This results in roughly
37 samples for validation and 74 for training in the feet
dataset and about 21 for validation and 43 for training in
the hands dataset. After hyperparameter optimization, the
final training sets include approximately 112 samples for
the feet and 64 for the hands. This method provides inde-
pendent evaluation across 5 test sets while fine-tuning the
hyperparameters in a separate inner loop. For the feet data-
set, we kept paired left and right feet consistently within
either the training, validation, or test set. Conversely, given
the pronounced pose differences between the left and right

@ Springer

of the statistical shape model. The lower box illustrates the testing
process: (1) test data consists of the skin, (2) fitting the isolated statis-
tical shape model of the skin to the segmented test skin, determining
b,y and (3) using the derived weight vector to complete the model
with bones

hands, these were treated as separate entities in the hand
dataset. Training samples (n;yin,) comprised registered
skin and bone data as described in the previous section. To
handle the extensive pose changes present in our dataset,
a randomly selected case was used as a template within
each training set instead of the traditional average. This
method ensures an anatomically realistic foundation for
the model, thereby avoiding smearing the features during
initial alignment [11]. All skin data were then aligned to
this template using Procrustes analysis, with the corre-
sponding bone data being translated and rotated in the
same manner. The skin and bone data are combined in one
matrix (Eq. 1). A linear SSM encompassing both skin and
bone was built from the aligned samples by (1) determin-
ing the mean shape (Eq. 2), (2) subtracting the mean shape
from each sample (Eq. 3); and (3) applying principal com-
ponent analysis (PCA) to the resulting residuals (Eq. 4).
The linear SSM was constructed using the open-source
Shape Model Builder MATLAB code (https://nl.mathw
orks.com/matlabcentral/fileexchange/49940-shape-model-
builder) and presented in [5]. No eigenvalue threshold was
used to reduce dimensionality, ensuring that all variance
was initially captured in the model.
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Xi,skin
X.

i,bones

Si — [ Vz,skm ] — i,skin (1)

Vi,bones i,bones

Zi,skin
yA

i,bones |

with S; (size 3mx1, m=my;, +my,.) a sample from the
training set combining the X, Y and Z coordinates (i.e.,
X; Y; Z; X; Y; and Z, ) of the skin

i,skin> * i,skin> “iskin> “*i,bones® * i,bones> ,bones
vertices v; 4;.(size 3mg; x1 ) and the bone vertices v; ,,,...-
(size 3my,,.x1), respectively.
< Viri Veki
S = mean(S) = mean([ skin ] ) = [ skin ] )
Vbones Vbones

with S the mean shape of the training set (size 3mx1), con-
sisting of the mean skin (size 3m; x1 ) and the mean

skin skin
bones v, (size 3m,,..x1)
R,=5-5 )

with R; the residuals of a training set (size 3mx1), which can
be represented by a product of the shape model vector P(size
3mX(nyining-1)) and the weight vector b; (size (Nyyipine-1)X1).
The weight vector consists of the coefficients transformed
into the new coordinate system.

A sample from the training set can then be represented
using the mean shape S, the shape model vector P, and
weight vector b; (Eq. 5). The matrix P represents the fun-
damental directions of variation across our population.
The weight vector b, is a set of values that describe how
each individual shape differs from the average shape or
thus encodes the unique shape characteristics of an indi-
vidual. When combining these P and b;, the weight vector
b; explains the model how to adjust the average shape along
these directions to create a precise representation of an indi-
vidual’s unique coupled skin-bone anatomy.

The shape model vector P can be decomposed into two
components: one corresponding to the skin P, (size 3m
X(Nyryining-1)) and the other to the bones Py, (size 3Mmyq ;e

X(ntraining' ).

Si — [ Vi skin ] — [ Viskin ] + [ kain ]bl — §+P.bi (5)

V[,bones Vbones P bones

skin

Next, the skin information is extracted from the com-
bined shape model, yielding the mean skin shape E
(size 3mg;,x1 ) and the corresponding model vector P
(size 3mgy,X(Nyyining-1)). The proportion of variance to
be retained in the shape model is a controllable parameter
which is optimized in the cross-validation by minimizing the

skin

overall Mean Absolute Error (MAE) between the predicted
and ground truth bones. Varying this proportion results in
a different number of modes (nr¢apemodes) DeING kept for
subsequent prediction. The resulting shape model vector is
denoted by P, (size 3mg,X Nl ohapemodes)-

For each sample in the validation or test set, the seg-
mented skin was fitted to the reduced skin shape model
to determine its weight vector (i.€., b, ,j4u1i0n OF Dyesr (512€
N chapemodesX 1)) (EQ. 6). Subsequently, this weight vector
was applied to the combined skin-bone shape model to pre-
dict the morphology of the accompanying bones (Egs. 7, 8).

— * ~
- Sskin +P skin'b test = Ptest,skin (6)

S

test,skin

with S
x1),b

vector of the reduced shape model, S;,
Em,,skin the approximation of S, ;,. Similarly, the complete
approximated shape of the validation or test case can be

written as

rest.skin the skin of the validation or test case (size 3mg;,

the weight vector of the skin, P}, the shape model

the mean skin, and

test

S =S+Pb,, 7)

test,complete

with S the mean shape (combined skin and bones), P* the
reduced shape model vector of the combined skin-bone
shape model (size 3mX NI yghapemodes)> a0 by, the estimated
weight vector of the validation/test case. Finally, the approx-
imated bone morphology of the validation or test case is

given by

S + P,

bones*

brest ®)

test,bones = Sbones

with % the mean morphology of the bones (size
3mypesx1 ), Py the reduced shape model vector of the
bone shape model (size 3Myype X Nlghapemodes)> 0 By, the
estimated weight vector of the validation/test case.

All was implemented in MATLAB v2023a (MathWorks,
Natick, MA, USA).

Prediction of Bony Morphology from the Skin
Surface Simulating Lower-Quality Input

To simulate real-world clinical data, such as that from video
or LIDAR scans, two methods of data degradation were
employed on the test sets of feet dataset. First, the number of
vertices were reduced by 40%, which subsequently increased
the average edge length from 1.16 mm to 1.73 mm. Sec-
ond, Gaussian random noise was added such that 50% of the
remaining vertices received a noise amplitude of > 1 mm.
This specific value was chosen because it aligns with the
typical accuracy observed in clinical foot scans [2, 34]. The
prediction models of the feet (from the corresponding cross-
validation folds) were then tested against the reduced quality
CT segmentations.
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Evaluation Metrics

To evaluate the accuracy of the prediction method, bone
shapes were predicted from the skin surfaces in the test set
and compared against the ground truth. The resulting pre-
diction errors were analyzed by calculating the point-to-sur-
face distance between the predicted and ground truth bones
(Absolute error) and were further partitioned into pose and
anatomy errors. The pose error indicate the misalignment
between the predicted bone and the ground truth. To avoid
the influence of the shape discrepancies, the morphology
of the predicted bone is replaced with its true morphology.
To do so, Procrustes analysis is employed to align the true
morphology with the predicted bone. Finally, leveraging the
mesh correspondence, the pose error is quantified by aver-
aging the pointwise distance per bone across all vertices
between the ground truth bone and the true morphology at
the predicted location. An additional analysis was conducted
to quantify the contribution of translational and rotational
errors to the overall pose estimation. This decomposition
is described in full detail in the Appendix A. The anatomy
error indicates the shape discrepancies. To calculate the

All folds Fold 1

Skin reconstruction error

Absolute error

Pose error

Anatomy error

S S S I
e S S I

anatomy error, the predicted bone is repositioned by apply-
ing Procrustes analysis to the location and orientation of the
ground truth bone. Subsequently, the anatomy errors were
assessed using point-to-surface distance between the correct
morphology and the predicted morphology. In addition to
evaluating bone prediction errors, the error in the recon-
structed skin was quantified as the point-to-surface distance
between the fitted and segmented skin.

Results
Feet

The nested cross-validation analysis demonstrated two
optimal variance retention values (i.e., 90% and 95%)
across the different outer folds. Detailed results for each
fold, along with the computed mean across all folds, are
shown in Fig. 4. Table 1 presents the average and stand-
ard deviation of evaluation metrics for using both the CT
segmentations as well as the reduced quality CT segmenta-
tions as the input. As a visual example of our predictions,

Fold 2

Fold 3

Fold 4 Fold 5

3
3

3
3

N W s

-

="

o

mi

3

N W s

==

Fig.4 The mean of the skin reconstruction error, the mean absolute error, the mean pose error, and the mean anatomy error over all folds and

folds 1-5 for the feet dataset
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Table 1 An overview of the average and standard deviation of the skin reconstruction error, mean absolute error, pose error, and anatomy error
for the five different folds for the feet dataset using both CT segmentations and the reduced quality segmentations as an input

Input Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Optimal variance retention (%) 90 90 95 90 90
Skin reconstruction error (mm) CT segmentation 1.01 (0.78) 0.95 (0.69) 1.00 (0.82) 1.03 (0.75) 0.93 (0.69)
Lower quality 1.01 (0.72) 0.98 (0.64) 1.00 (0.72) 1.03 (0.70) 0.95 (0.64)
MAE (mm) CT segmentation 1.72 (1.39) 1.55 (1.10) 1.93 (1.62) 1.69 (1.35) 1.48 (1.04)
Lower quality 1.80 (1.48) 1.64 (1.20) 2.09 (1.70) 1.77 (1.40) 1.63 (1.18)
Pose error (mm) CT segmentation 2.82(1.31) 2.71 (1.28) 3.37(1.71) 2.90 (1.78) 2.89 (2.15)
Lower quality 3.07 (1.45) 2.89 (1.35) 3.66 (1.85) 3.17 (1.86) 3.20 (2.21)
Anatomy error (mm) CT segmentation 1.07 (1.02) 0.94 (0.71) 1.15 (1.02) 0.99 (0.77) 0.84 (0.60)
Lower quality 1.10 (1.11) 1.02 (0.84) 1.23 (1.11) 1.00 (0.78) 0.87 (0.64)

Ground truth skin + skin fitted

Shape completion

Ground truth bones + predicted bones

Subject 1 Subject 2

Fig.5 Medial and superior views of the feet of five representative
subjects from the WBCT dataset during the process of shape comple-
tion. The first two rows display the ground truth skin (cyan) and the
fitted skin (pink). The third and fourth row show the completed shape

Fig. 5 illustrates the skin fit, the completed shape, and a
comparison between the predicted and ground truth bones
for representative subjects using the CT segmentations as
an input. The skin reconstruction errors ranged between
0.01 mm and 12.34 mm, whereas the Mean Absolute Error
(MAE) of the bones ranged from 1.07 mm to 3.01 mm
with an average of 1.68 mm. The largest pose errors were
observed in the hind foot and the middle and distal pha-
langes. The additional analysis (Appendix A) quanti-
fied the contributions of the translational and rotational
components to the pose estimation separately. Both the

Subject 3

Subject 5

Subject 4

including the skin fit (pink) and the predicted bones (gray). The bot-
tom two rows present the ground truth and predicted bones, shown in
cyan and gray, respectively

translational and rotational error distributions were sym-
metrical. Meanwhile, the most noteworthy anatomical
discrepancies were localized on (1) the calcaneum, more
specifically on the joint surfaces and sustentaculum tali,
(2) the talus, particularly on the medial and lateral flank,
(3) the medial and lateral side of the navicular bone, and
(4) the joint surfaces of the cuboid. Building the coupled
skin-bone statistical shape model required around 4 sec-
onds. Predicting the bony anatomy for a single test case
required about 60 milliseconds.
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Hands

The nested cross-validation analysis identified an optimal
retained variance between 99.9% and 99.95% across all
folds. Figure 6 and Table 2 provide a detailed breakdown
of these results per fold, along with the overall mean. The
skin reconstruction error exhibited a mean of 1.37 mm,
with a range spanning from 0.02 mm to 22.75 mm. The
greatest skin reconstruction errors, along with the larg-
est absolute and pose errors, were observed at the finger-
tips and at the edges of the cut. The additional analysis

All folds

Fold 1

Skin reconstruction error

Absolute error

Pose error

Anatomy error

(Appendix A) involved decomposing the pose estimation
error into its translational and rotational components; the
resulting individual error distributions were found to be
symmetrical. The highest anatomy errors were noted at
the top and the base of the metacarpals and phalanges. As
a visual example of our predictions, Fig 7 illustrates the
skin fit, the completed shape, and a comparison between
the predicted and ground truth bones for the representative
subjects using the CT segmentations as an input. Con-
structing the coupled skin-bone statistical shape model
took roughly 1 second, while predicting the bony anatomy
for one test case required about 10.

Fold 2 Fold 3 Fold 4 Fold 5 mm

o 24N W b G

= S W
. _ .
- N W - N W N

mm

'“%'

Fig.6 The mean of the skin reconstruction error, the mean absolute error, the mean pose error, and the mean anatomy error over all folds and

folds 1-5 for the hand dataset

Table2 An overview of the
average and standard deviation

of the skin reconstruction error,
mean absolute error, pose error,
and anatomy error for the five
different folds for the hand
dataset

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Optimal variance retention (%) 99.95 99.95 99.9 99.95 99.95
Skin reconstruction error (mm) 1.53 (0.91) 1.55 (0.93) 1.78 (1.08) 1.69 (1.13) 1.51 (0.87)
MAE (mm) 1.36 (0.96) 1.34 (0.90) 1.33 (0.86) 1.50 (1.05) 1.34 (0.89)
Pose error (mm) 2.51(1.09) 2.50(1.08) 2.41(0.89) 2.82(1.32) 2.42(1.03)
Anatomy error (mm) 0.88 (0.56) 0.86(0.55) 0.88(0.56) 0.95(0.63) 0.84(0.53)
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Ground truth skin + skin fitted

(b

Shape completion

Ground truth bones + predicted bones

XL

Subject 1 Subject 2

-—

Fig.7 Radial and dorsal views of the hands of five representative
subjects from the hand dataset during the process of shape comple-
tion. The first row displays the ground truth skin (cyan) and the fitted
skin (pink). The second row shows the completed shape including the

Discussion

This study investigated the potential of shape completion
within linear statistical shape modeling to predict bone mor-
phology, especially for the hands and feet, from skin surface
data. Achieving high accuracy, with MAEs, respectively, of
1.68 mm and 1.37 mm for the feet and hands, validates this
method’s feasibility. The presented approach therefore offers
a potentially fast, non-invasive and accessible alternative to
traditional imaging for musculoskeletal assessments, open-
ing avenues for future development.

The proposed method predicts bone structures by treat-
ing them as a missing component in an SSM constructed
from a combined skin-bone dataset. To achieve this, the
skin component of the model is fitted to an unseen skin
sample. The derived weight vector is then used to complete
the model with bones. As a consequence, this approach is
highly dependent on the fitting of the outer layer, i.e., the
skin. The goodness of this skin fitting, in turn, is influenced
by the amount of variance retained within the model, a
hyperparameter optimized through nested cross-validation.
Our results showed that the hand dataset required a higher
retained variance than the feet dataset. Despite this, the skin
reconstruction errors were slightly higher for hand skins than
for the foot skins. The largest skin reconstruction errors in

=

7

{

27

Subject 3 Subject 4

Subject 5

skin fit (pink) and the predicted bones (gray). The bottom row pre-
sents the ground truth and predicted bones, shown in cyan and gray,
respectively

the hands were located at the fingertips and near the edges
of the cut. The fingertip error is a direct consequence of the
challenges in fitting the skin to diverse bent hand poses.
For the feet, similar maximal errors were observed at the
hindfoot near the cut edges. This edge error is likely caused
by the abrupt boundary created during the template cutting
process at a fixed height. Non-rigid registration is an ill-
posed problem (i.e., it does not have a unique solution). This
under-constrained nature is most pronounced at boundaries
where there is a lack of geometric information to guide the
deformation, leading to non-informative variance [18, 33].
As a consequence, the skin registrations near the edges are
less reliable and therefore causes non-informative variance
in the statistical shape model. This not only results in higher
skin fitting errors but also in lower positional and anatomical
accuracy. For both the feet and the hands, the translational
and rotational error components of the pose error showed a
symmetric distribution. This symmetrical pattern indicates
that the observed pose inaccuracies are non-systematic and
are not the result of an inherent model bias. Furthermore,
reducing the quality of the feet dataset during the testing
phase, only had a sub-millimetric effect on the evaluation
metrics, suggesting a robust model.

To the best of our knowledge, no previous models have
predicted detailed hand and/or feet bones from the skin
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surface, making direct comparisons challenging. However,
related research work exists. For instance, HIT performs
a binary prediction of the combined long bones given the
skin surface and reported median absolute point-to-surface
errors of 10 mm (females) and 11 mm (males) for this pre-
diction [20]. Dakri et al. used the HIT dataset and extended
SKEL to predict the individual long bones (humerus, radius-
ulna, pelvis, femur, tibia-fibula) from the skin surface [9].
They showed mean absolute point-to-surface errors rang-
ing from 4 mm to 18 mm for individual long bone predic-
tion. Shetty et al. introduced BOSS, an SSM encompass-
ing bones, organs, and skin [32]. The model consisted of
70 segments, treating both hands and feet as a single unit.
BOSS achieved a mean absolute error of 8.68 mm in pre-
dicting complete skeletal morphology from the skin surface.
Unlike our approach, BOSS applied pose normalization to
the skin, skeleton, and organs, which reduces articulation
noise and enhances accuracy but restricts bone prediction to
specific poses of the skin. While the results of our feet and
hand models align with and even surpass the performance
of above reported methods, a direct comparison is challeng-
ing. This is because Keller et al. and Dakri et al. focused
their analysis on long bones and Shetty et al., while studying
the entire skeleton, did so with a reduced set of segments
and modeled the hands and feet each as a whole unit. Addi-
tionally, Shetty et al. did not elaborate extensively on their
method for inferring bone structure from skin surfaces (i.e.,
number of shape modes, pose normalization during skin fit-
ting, and the completeness of bone prediction).

This study offers valuable insights into predicting bone
morphology and position using shape completion within
statistical shape models; however, it is essential to acknowl-
edge some inherent limitations. There are notable constraints
in the datasets themselves. The feet data, while benefiting
from standing posture capture, comes from an orthopedic
population, not healthy individuals. Conversely, the hand
data are constrained by its low resolution, affecting anatomi-
cal detail, and its cadaveric origin, although the effect of
the hand muscle contraction is presumed to be limited. The
models’ ability to generalize is dependent on the specifics
of the training data. Consequently, while potentially useful
for healthy individuals, these kinds of models cannot pre-
dict conditions like broken bones or other clinical anoma-
lies. By extending the training data to encompass several
clinical pathological cases, these types of models would be
valuable in (initial) screening and quantification of bone
and joint deviations such as hallux valgus, pes planus and
claw hands particularly through integration with wearable
3D scanners. To partially address real-world data issues,
a sub study was performed to assess model robustness by
degrading input data quality through increased edge length
and added noise. Due to the scope of the current work, only
one noise type was investigated. Subsequent research will
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broaden this analysis to include multiple noise modalities
and simulate realistic clinical challenges such as occlusion
between the toes, a common artifact in foot scanning. Fur-
thermore, extending this work to build a regression model
that correlates the statistical shape model of the bones with
simple anthropometric measurements, like foot/hand length
and width, would be a valuable direction for future study,
particularly for low-cost clinical applications. Moreover, a
notable characteristic of the current models is their reliance
on static input data. Although such data is valuable—and our
hand dataset effectively captures a wide range of poses—it
does not fully represent the dynamic nature of the musculo-
skeletal system, a crucial element for clinical investigation.
This constraint is, however, shared with traditional imaging
modalities. To address this, future efforts will aim to inte-
grate a strategy similar to Zhu et al., which optimizes the
skeletal structure estimation over multiple poses and utilizes
the anatomical model for tracking an input motion sequence
[37]. Finally, the created models were developed exclusively
on foot and hand data and, consequently, can only estimate
the bones within those two regions. Future work will focus
on scaling this validated framework into a full-body predic-
tion method. The complete model will be released to support
broad research applications.

Beyond the data limitations, the shape completion method
itself also poses its own constraints. This work employs a
linear SSM, built using PCA, to demonstrate the feasibility
of predicting bone structures in hands and feet via shape
completion. While this approach shows promise, it remains
hampered by its linearity, especially with articulated shapes
in diverse poses. A wide range of (nonlinear) statistical
shape modeling techniques exist which could improve the
handling of pose in the data [11, 12, 24, 28, 36]. Future
work includes the exploration of these nonlinear statistical
shape modeling techniques to predict the bones from the
skin. Furthermore, pose normalization could be explored to
improve the compactness of the SSMs. Pose normalization
techniques have been applied to articulated bones, to skins
and to skin-bone combinations [4, 10, 27, 32]. However, a
significant challenge remains: to the best of our knowledge,
there is currently no validated repositioning method for
accurately reposing both bones and skin. In addition, fitting
a pose normalized SSM to an unseen posed sample requires
expensive optimization. Beyond statistical shape modeling
techniques, alternative shape completion methods leverag-
ing deep generative models including generative adversarial
networks, and diffusion models have emerged and could be
investigated for their ability to predict bones from the skin
surface [8, 23, 35].

In conclusion, this paper presents a novel approach that
directly predicts underlying skeletal structure from skin sur-
faces using shape completion within statistical shape mod-
els. The feasibility of this approach was demonstrated on a
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foot and a hand dataset, achieving high accuracy in predict-
ing both the shape and position of the individual bones. This
research establishes a foundation for further development
of fast and non-invasive diagnostic techniques that could
provide a cost-effective and accessible alternative to con-
ventional imaging.

Appendix

A Pose estimation errors were further analyzed by decom-
posing them into translational and rotational components
along and around the anatomical axes. To facilitate this
analysis, local coordinate systems were established for
each bone of the foot and hand, as visualized in Figures A1l
and A4, respectively. The pose error for a given bone was
then defined as the rigid-body transformation that maps
the local coordinate system of the ground truth bone to

Fig. 8 Local coordinate systems
for the different foot bones

i

)y 2, O

Calcaneus

Medial
Cuneiform
Z
X .
Proximal/ Middle
phalanges

X = medio-lateral axis

the coordinate system of the predicted bony location. This
transformation was determined using the ‘procrustes’ in
MATLAB v2023a (MathWorks, Natick, MA, USA). The
resulting rotation matrix was then converted into Euler
angles using the ‘ZYX’ rotation order. Boxplots of the
absolute translation and rotation errors are presented in
Figures A2 (foot translation), A3 (foot rotation), A5 (hand
translation), and A6 (hand rotation). These plots show the
distribution of errors along and around these axes across
all folds of the cross-validation. For both the feet and the
hands, the translational and rotational error components
of the pose error showed a symmetric distribution. This
symmetrical pattern indicates that the observed pose inac-
curacies are non-systematic and are not the result of an
inherent model bias.
See Figs. 8,9, 10, 11, 12 and 13.
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Fig.9 Translation errors along
the medio-lateral, postero-ante-
rior, and infero-superior axis for
the foot bone prediction
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Fig. 11 Local coordinate

systems for the different hand

bones
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Fig. 13 Rotation errors around
the radio-ulnar, proximo-distal,
and ventro-dorsal axis for the
hand bone prediction
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