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3D Statistical Shape Models of Patella for Sex Classification
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Abstract—. This paper proposes a new sex classification
method from patellae using a novel automated feature
extraction technique. A dataset of 228 patellae (95 females and
133 males) was collected and CT scanned. After the CT data
was segmented, a set of features was automatically extracted,
normalized, and ranked. These features include geometric
features, moments, principal axes, and principal components. A
feature vector of 45 dimensions for each subject was then
constructed. A set of statistical and supervised neural network
classification methods were used to classify the patellar feature
vectors according to sex. Different classification methods were
compared. Classification success ranged from 83.77% average
classification rate with labeling using fuzzy C-Means method
(FCM), to 90.3% for linear discriminant function (LDF)
analysis. We obtained results of 96.02% and 93.51% training
and testing classification rates (respectively) using feed-
forward backpropagation Neural Networks (NN). These
promising results encourage the usage of this method in
forensic anthropology for identifying the sex from incomplete
skeletons containing at least one patella.

I. INTRODUCTION

ex classification is one of the major challenges for the

forensic anthropologist within a medical-legal context.
Sex classification is called sex determination by forensic
anthropologists and the medical/legal communities in
general. Sex determination is one of the essential steps in
personal identification of an individual from skeletal
remains, often looking at bone morphology to determine the
sex (morphological sexing). The estimation of sex is more
reliable if the complete skeleton is available for analysis, but
in forensic cases human skeletal remains are often
incomplete or damaged. The pelvic bone and skull are the
first choices for morphological sexing if not recovered in
fragmentary states. If pelvic bones and skull are recovered
in a fragmentary state, other bones such as the patella can be
used. For many years, sex determination has been studied
from skeletal remains either for archaeological purposes [1]
or forensic purposes [2]. Morphological and metrical
features of some bones that display sexual differences have
been described [2]. These sexual differences include the
pelvis [3-6], the cranium [7-13], bones of the upper limb
[14-15] and lower limb [16-23], and some fragments of
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bones [24-29]. Recently, there has been an increased
interest in the use of statistical methods in sex determination.
The most commonly used statistical method in analyzing
this sex determination problem is discriminant function
analysis [30], which has been described by [16—17]. Most
bones have been subjected to discriminant function analysis
[16] but not much literature has been found on the
usefulness of measurements of the patella in the
determination of sex using this method. Iscan [39]
summarized the importance of sex differences and sex
determination in forensic anthropology and explained the
current research in sexual variation and body size.

II. PREVIOUS WORK

The patella is a small compact bone that develops within
the quadriceps femoris muscle tendon and does not undergo
many postmortem changes and therefore can be retrieved
complete and can be used for sex estimation [32]. It is a
roughly triangular, flat bone that has an articulating facet for
the distal anterior end of the femur. Since the shape and the
size of the patella relies on the strength of the muscle mass,
then stronger muscle masses could alter the shape and size
of patella. Males have a more robust muscle build compared
to females, it would be expected that some measurements of
the patella would display sexual dimorphism [37].

Recent work has explored sexual dimorphism in the
patella as a possible method for sex determination of partial
or fragmentary human remains. Most research groups relied
on the measurements of six geodesic parameters. These
measurements are maximum height, maximum width,
maximum thickness, height of articular facet, medial
articular facet breadth, and lateral articular facet breadth.
Wendi O’Connor [38] demonstrated a statistically
significant dimorphism in patellae measurements collected
from the Terry Collection and radiographs of college
students and had an accuracy result of 82.5% in
classification of females and 78.6% classification of males.
Introna et al. [32] also established that patellar maximum
width and thickness resulted in high accuracy rate of 83.8%
in determining sex using multivariate discriminant analysis.
Taterk et al. [35] reanalyzed the O’Connor’s work and
reported an accuracy of 67%-80% using a discriminant
function, using single patella or both. Due to their low
accuracies, they recommended utilizing the patella as a sex
determinant in conjunction with other diagnostic skeletal
elements. More recent studies include, Bidmos et al. [34]
who analyzed the problem using six measurements and
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reported an overall accuracy of 83% wusing a linear
discriminant analysis. Subsequently, Ariane Kemkes-
Grottenthaler [36] reported an accuracy of 85%; however,
when the sample size was taken into consideration, results
dropped to 78%. The third paper by Dayal et al. [37]
analyzed this problem using six measurements with
classification result of 85%.

Iscan [39] stated that the patella seems to be the most
omitted bone in forensic anthropology despite the fact that
some sexual differences are expected to exist as it plays a
significant role in the knee joint and since the femur and
tibia are highly dimorphic. Most researchers who used
patellae for sex determination relied only on the basic
geodesic measurements from the patella such as maximum
height, width, thickness, and height of the articular facets.
Also, most of the previous work in patellac used these
geodesic measurements only to drive linear discriminant
classification functions to separate the feature space;
however, none of these groups investigated the use of other
non-geodesic features as well as investigating nonlinear
classification methods such as the ones proposed in this
paper.

In the last 20 years, applications of nonlinear
classification methods such as neural networks and fuzzy
logic rule-based techniques have been used for the
computerized diagnosis of diseases with medical imaging.
We have previously analyzed the problem of quantitative
liver tissue characterization using neural networks and fuzzy
logic [40-41], bladder outlet obstruction computerized
diagnosis [42-43], and automated chromosome classification
[44]. In this paper we propose a new method for sex
determination which extracts more categories of features
other than the geodesic measurements and analyzes the
classification problem in a nonlinear approach using neural
networks.

III. METHODS AND MATERIALS

A. Data Acquisition

A data set of 228 patellae (95 females and 133 males) for
recent North American populations was CT scanned in an
arrangement as shown in Figures 1 and 2.

Figure 1: In vitro patellae prepared for CT scanning
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Figure 2: Segmented patellae

Only normal patellae were included in this study; patellae
with severe osteophytes and other abnormalities were
specifically excluded. The majority of the patellae (210 out
of 228) came from the William M. Bass Donated Skeletal
Collection from the University of Tennessee Anthropology
Department. These dry bones were scanned using a GE
Lightspeed 16 Slice computed tomography scanner. Patellae
were scanned using 0.625x0.625x0.625 mm cubic voxels.
Eighteen patellae came from live patient and cadaveric in
vivo CT data with a maximum voxel size of
0.488x0.488x1.5 mm. All patellac were segmented
manually. After segmentation, triangular surface meshes
were generated using Amira (Mercury Computer Sys., San
Diego). Models were created with 2000 - 7000 triangulated
faces, which was chosen to adequately represent bone
morphology while minimizing data storage constraints.

B. Patella Atlas Construction

Comparing all of the bone models in our dataset, we chose
a bone model with average shape characteristics to act as a
template mesh. The points in the template mesh (N=2502
vertices) are then matched to corresponding points in all of
the other training models. This ensures that all of the bones
have the same number of vertices and the same triangular
connectivity, a requirement of Principal Components
Analysis (PCA). We use a series of registration and warping
techniques to pick corresponding points on all the other
bone models in the training set. The process of picking point
correspondences on new models to be added to the atlas is
“non-trivial” [45]. The matching algorithm that follows uses
several well-known techniques of computer vision as well as
our novel contribution for final surface alignment.

First, the centroids of the template mesh and the new mesh
are aligned and the template mesh is pre-scaled to match the
bounding box dimensions of the template model with that of
the new mesh. Second, a rigid alignment of the template
mesh to the new mesh is performed using a standard vertex-
to-vertex Iterative Closest Point (ICP) algorithm [46]. Third,
after rigid alignment we perform a general affine
transformation without iteration. This method is applied to
align the template mesh to the new mesh that uses 12
degrees of freedom (DOF) (rotations, translations, scaling,
and shear). After the affine transformation step, the template
and new model have reached the limits of linear
transformation, but portions of the models still remain
significantly distant. The goal of final surface-to-surface
matching is to create new points on the surface of the new
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model, which will have similar local spatial characteristics
as the template model.

To reduce this misalignment, we have previously
developed a novel non-linear iterative warping approach,
which we term Mutual Correspondence Warping (MCW)
[47]. In this method, point correspondences are picked in
both directions. For every iteration of the algorithm, the
closest vertex-to-vertex correspondences are found from the
template to the new model as before, but now we also find
the correspondences from the new model to the template
model. Using both of these point correspondences, points
on the template mesh are moved toward locations on the
new mesh using a non-symmetric weighting of the vectors
of correspondence.

prew — pold +(CJ7 -C,U ) (1)

where P represents points on the template model, V is the
correspondence vector that points from the template to the
new model. U is the correspondence vector that points from
the new to the template model. The vector V' will have a one-
to-one relationship with template points, but the U vector
initially can have many-to-one or null-to-one relationships
with template points. Preceding the evaluation of (1) in
cases of many-to-one relationships, we use the mean of the
many correspondence vectors. The null-to-one relationships
create discontinuities in the model surface and thus a
smoothing step is desired.

A subroutine consisting of an iterative smoothing
algorithm is applied to the now-deformed template mesh.
This smoothing algorithm seeks to average the size of
adjacent triangles on the template mesh, eliminating
discontinuities. At the beginning of MCW, the smoothing
algorithm uses the actual areas of the surrounding triangles
to dictate the smoothing vector applied to each point.
Effectually, this aids in removing outlying points with large
triangles. At the beginning of the process, the template mesh
makes large steps and larger smoothing is required. Toward
the end of the process, the smoothing vector applied is
normalized by the total area of the surrounding triangles;
which allows for greater expansion of the template mesh
into areas of high curvature.

After this procedure has been performed on all the
patellae, Principal Components Analysis (PCA) is
performed by first computing the mean patella shape (i) by
averaging the corresponding points across all models. The
data matrix is constructed
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where m; is the feature vector associated with each B
models, the number of points per model is N, the Singular

Value Decomposition is represented with SVD(), and the
eigenvectors are taken as the leftmost columns of U, given

that the singular values along the diagonal of .S are sorted
from largest to smallest. The eigenvectors, which are
orthogonal, define a new set of coordinates with reduced
dimensionality with respect to N when the original features
(m;) are projected onto the eigenvalues scaled by the square
root of the eigenvalues. These PCA coordinates are recorded
for each model and are later used for classification.

The template mesh frame coordinate frame is defined as
follows: the centroid of the model is at the origin, the +x
axis points in the direction of the most medial aspect of the
patella, the +y axis points anteriorly, and the +z axis is
mutually perpendicular to both of these axes and points
roughly in a superior direction.

C. Geometric Feature Extraction

Following the atlas construction and alignment steps
outlined above, all the patellae models now lie in the same
coordinate frame and have homologous points and faces. In
this coordinate frame, six points are found to be the
maximum and minimum values for the coordinates x, y, and
z respectively. Using these points, three features are
generated that represent the Euclidean distance between
pairs of points in each coordinate direction. This yields three
measures of maximum mediolateral (ML) width, maximum
anteroposterior (AP) depth, and superoinferior (SI) height.
Additionally, the six points are used to construct a bounding
box around the patella, which is used to extract three
features describing bounding box width (BBML), bounding
box depth (BBAP), and bounding box height (BBSI).

Three vectors were defined forming a triangle; one that
pointed from the most lateral aspect to the most medial
aspect, one that pointed from the most lateral aspect to the
most posterior aspect of the patella, as well as one that
connected the most posterior aspect with the most medial
aspect (Fig. 3). This triangle was projected on a plane
perpendicular to the z-axis transforming the vectors into
two-dimensions (2D). The lengths of the sides of the triangle
were recorded as features. Also the angles relative to the x-
axis were measured relative to the lateral-posterior vector
(o) as well as measured relative to the ML vector (). The
angle (y) is defined between the lateral-posterior and the
medial-posterior vectors and is shown along with the other
2D measurements in Figure 3. In addition to these features
several other angular measures were defined. The angle
formed by the medial, inferior, and lateral points (MIL)
measures the degree of pointed-ness of the patellar nose.
Additionally, the superior shelf angle (SSA) measures the
angle of slope of the superior-anterior facet relative to the
+z-axis. Finally, using two patches of corresponding points,
one on the medial-posterior articulating facet and one on the
lateral-posterior articulating facet, an orthogonal distance
regression plane is fit to each patch of points; the relative
angle between these two planes is recorded as the posterior
facet angle (PFA). A second version of this angle is
reported as PFN, and represents the angle PFA projected on
the xy-plane. This measure was developed to measure the
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ML angle between the facets without regard to out-of-plane
differences in the SI direction.

Another set of features were developed by computing the
model moment of inertia around various axes. The moments
of inertia calculated in these measures are only point-wise
measures that only approximate the inertia of the surface of
the model. The first three axes were computed in the
direction of the Cartesian coordinates, but passing through
the models centroid. These three axes yield measurements
I, Iyy, and I,. Next, the inertias for the three perpendicular
principal axes were developed. These inertias were recorded
as I;, I, and I3. Also, thin disks consisting of exactly 50
points were found about the circumference of the model at
the midpoint of the bounding box for each Cartesian
direction. The moments of inertia for these 50 points are
recorded as I, Iy, and I,. Table 1 lists the total categories of
extracted features (25 features).

Figure 3: Patella viewed from the inferior, showing the
various 2D measurements: 2D ML width (ML2D), 2D
lateral-posterior length (LP2D), 2D medial-posterior length
(MP2D, and angle measures a3 and y.

Table 1: Total categories of extracted features (25 features).

Geometric Moment Angular
Category Category Category
BBML | s ol
BBSI; o B
BBAP] L, v
ML} It PFN
SIf L PFA
AP} I;f SSA
ML2Dj} I, MIL
LP2D} I, -
MP2Di} I, -

Features denoted with a (f) were then normalized by the ML
width, BBML, and were added to the total list of feature
vectors (17 additional features). Extra functional midterm
features (3 additional features) were generated and added to
the feature vector as shown in Table 2.

Table 2: Features generated by midterms
L *I*],
BBAP*I,
BBAP* [,

The overall feature vector dimensionality is 45 after adding
the normalized features to the list of vectors. Features
ranking was performed in order to find the most significant
features that partitions the feature space. A Fuzzy C-Means
algorithm as an unsupervised method for clustering was first
performed in order to cluster data. A linear discriminant
classification was also performed and finally a neural
network classification was performed as nonlinear
classification method. The results for each classification
method are discussed in the results section.

IV. RESULTS

A. Descriptive Statistical Results for All Features
Table 3 shows the statistical values presented for both sexes.

Table 3. Statistical results for both sexes.

Female Male
Feature Mean STD Mean STD t-test
I, ¥*I,*1, | 82E+6 | 3.7E+6 | 1.70E+7 | 7.0E+6 | <0.01
I, 4104.03 | 498.65 5270.74 743.03 | <0.01
SI/BBML 0.99 0.06 0.99 0.07 0.62
I, 6117.16 | 797.53 7933.81 | 1024.93 | <0.01
o/BBML | -7.12 1.17 -6.15 1.17 <0.01
I 3835.34 | 528.72 | 4858.11 593.79 | <0.01
PFN 52.44 7.41 48.75 8.10 <0.01
I, 171.29 26.18 218.94 29.56 | <0.01
PFA 5221 7.03 49.03 7.01 <0.01
BBSI 4.04 0.33 4.60 0.31 <0.01
BBML 4.08 0.29 4.67 0.38 <0.01
BBAP 2.79 0.27 3.19 0.38 <0.01

B. Feature Ranking and Reduced Set of Features

Features were ranked for its maximum significance in
classification using Fischer analysis. In order to select the
most significance features subset, we calculated a scalar,
Fisher’s discriminate ratio (FDR), for each feature that
corresponds to its power of separation with respect to sex.
Then the whole features can be ranked according to their
power of separation, and the desired number of features can
be selected. Table 5 shows the highest significant features
that were used to drive different classification methods.
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Table 4: Shows the highest ranked 9 features based on FDR
values.

Feature FDR Value

L *I*1, 36.33

I, 17.07

SI/BBML 11.17
I, 10.2
o/BBML 9.27
| 7.6
PFN 6.29
I, 3.03
PFA 2.78

C. Fuzzy C-Means clustering

Table 5 shows the results from FCM as a confusion
matrix. The overall correct classification accuracy was
found to be 83.77%.

Table 5: Results of confusion matrix using FCM clustering on the

geometric features

Predicted
Actual Female Male Total
Female 89 6 95
Male 31 102 133
Total 120 108 228

D. Linear Discriminant Classification

Table 6 shows the results from of linear discriminant
classification as a confusion matrix using the highest 9
significant features. The overall correct classification
accuracy was found to be 90.3%.

Table 6: Results of confusion matrix using LDC on the
geometric features

Predicted
Actual Female Male Total
Female 80 15 95
Male 7 126 133
Total 87 141 228

Additional testing was performed on only the PCA features
using LDC. The resulting confusion matrix is outlined
below in Table 7. The overall accuracy for this method was
91.7%.

Table 7: Results of confusion matrix using LDC on the PCA
features

Predicted
Actual Female Male Total
Female 90 5 95
Male 14 119 133
Total 104 124 228

E. Neural Network Classification

A standard feed-forward back propagation neural network
algorithm was used for classification. 151 patella cases
were used to train the network and 77 patella cases to test
the network. Input/Hidden/Output (I/H/O) size was set to
45/60/2. Epoch size was 10000. MSE was 0.04. Learning
factor (Alpha) was 0.5, Momentum term was 0.8, with a tan-
sigmoidal functional activation. Tables 8 and 9 show the
results from NN classification as a confusion matrix using
all the 45 features; utilizing the ability of the neural network
to rank the features vector by adjusting the weights of the
highest significant features. The overall correct classification
accuracy was found to be 93.51% for testing and 96.02% for
training.

Table 8: Training results of confusion matrix using NN on the
geometric features

Predicted
Actual Female Male Total
Female 61 3 64
Male 3 84 87
Total 64 87 151

Table 9: Testing results of confusion matrix using NN on
the geometric features

Predicted
Actual Females Males Total
Female 28 3 31
Male 2 44 46
Total 30 47 77

Additional testing was performed on only the PCA features
using NN. The NN using the PCA features did not perform
as well as the NN using the geometric features comparing
both in the testing phase. The training confusion matrix is
outlined below in Table 10 and the testing confusion matrix
is shown in Table 11. The overall accuracy for this method
was 90.9%.

Table 10: Training results of confusion matrix using NN on the
PCA features

Predicted
Actual Female Male Total
Female 64 1 65
Male 0 86 86
Total 64 87 151

Table 11: Testing results of confusion matrix using NN on
the PCA features

Predicted
Actual Females Males Total
Female 28 2 30
Male 5 42 47
Total 33 44 77
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V. CONCLUSION

In our study, we obtained a classification of 93.51% in sex
determination using the patella, compared to 85% found in
our literature survey [36]. We attribute our good results to a
number of factors. First, most of the research groups in the
medical, legal, and forensic anthropology fields rely on
manual measurements using calipers, while we used 3D CT
imaging for automating the extraction of measurements.
Second, we extracted from the segmented patellac multiple
categories such as geometric features, moments, and
principal axes. By adding new features to the feature vector
we increased the accuracy of the LDA to 90.3% which is an
improvement over existing published methodologies. In
addition we used a NN which increased the classification
accuracy to 93.51%. Our novel analysis offers a new
method for using only the patella for sex determination in
the case where the entire skeletal remains are not found or
are damaged. These results agree with the recent four
publications in the literature [34-37]. This analysis is
extremely useful in forensic and medical applications.
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