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Abstract—Femoroacetabular impingement syndrome (FAIS) is
a condition that implies increased intra-articular forces due to
abnormal morphology, leading to pain, reduction in the range
of motion, and even early development of hip osteoarthritis [1].
Diagnosing FAIS is challenging, and there is a lack of tools that
implement the state-of-the-art techniques based on the process
of 3D modeling, considering that these are time-consuming,
require a large amount of data, and user input [2]-[4].A 3D
Slicer extension was developed, implementing a Machine learning
pipeline that allows for generating a 3D reconstruction of the
proximal femur in 16.2 £+ 1.9 seconds. This reconstruction has
an error close to other state-of-the-art techniques with a 95%
Hausdorff distance of 4.8 + 2.1 [mm]. This pipeline starts with
an automatic Deep learning based segmentation using a 3D U-
net architecture that was trained with a set of 3T Flash DIXON
MRI images (27 images with 208 slices, 256x256 px, 0.7 mm
thickness) of patients diagnosed with FAIS, which performed
with 0.91 and 0.82 for the DICE index. This segmentation was
later improved using morphological operations and the DBSCAN
algorithm. This work allows us to obtain a 3D model that is
faithful to the patient’s proximal femur, reducing segmentation
time without losing the accuracy of manual segmentation. Finally,
the extension it’s available for downloading and use at this link:
https://github.com/VenjaminRodriguezR/CAMalyzer

Index Terms—Semantic segmentation, medical imaging pro-
cessing, Machine Learning, Deep Learning

I. INTRODUCTION

Hip osteoarthritis can result from increased intra-articular
forces due to abnormal morphology, excessive joint load-
ing, or a combination of both [1]]. In particular, femoroac-
etabular impingement syndrome (FAIS) creates an abnormal
morphology at the junction between the femoral head and
the acetabulum, potentially leading to severe labral and/or
cartilage damage, and even early development of osteoarthritis,
significantly impacting patients’ quality of life. Diagnosing
FAIS is challenging, as traditional methods, such as measuring
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«a or LCE A angle, struggle to capture the three-dimensional
(3D) phenotypes in patients. Current techniques, such as those
based on 3D modeling, are time-consuming and require expert
input [2].

Therefore, there is a lack of accessible and effective tools
for accurate 3D diagnosis and potentially unnecessary exami-
nations. The quantification of abnormal morphologies using a
specific healthy bone reference has been developed [2]; how-
ever, these methods face challenges due to the extensive time
required for completion (4-6 hours). Segmentation is usually
the bottleneck in any image-based 3D model biomechanics
analysis.

Although automated tools, including those based on Deep
Learning or Statistical Shape Modeling, have been proposed to
expedite these time-consuming processes [3], [4]], they are not
yet widely available for research or clinical use. In this study,
a Machine Learning Pipeline was implemented as a 3D Slicer
extension, making it accessible to everyone. This extension
aims to accelerate the process of obtaining a 3D model of
the proximal femur as soon as possible, while maintaining the
same quality as manual segmentation.

II. MATERIALS AND METHODS
A. Patient selection and data collection

This study was conducted in accordance with the ethical
approval obtained from the Rush University Medical Cen-
ter Institutional Review Board (IRB) under protocol number
ORA#18121304. All participants provided written informed
consent prior to enrollment and the acquisition of MRI data.
The consent procedure included explicit authorization for the
use of anonymized imaging data for research purposes. No
identifying information was retained, and all data were pro-
cessed in de-identified form to ensure patient confidentiality.
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For this study, MRI data from Rush University Medical
Center was recorded with a 3T magnetic resonance scanner
(Siemens Magnetom Verio. Siemens, Erlangen, Germany)
using a 3D axial T1 VIBE DIXON, fat saturated sequence.
Patients from both genders aged 18-45 with a known diag-
nostic of FAI were included in the study as part of their pre-
surgical workup. Since 3T scanners have a stronger magnetic
field than the more commonly available 1.5T units, their use
enables new sequences that can display the contrast between
soft and bony tissue, as well as highlight tissue conditions.
It has been shown that this type of scan is a viable and less
harmful option for the patient when seeking to compare 3D
models to quantify femoroacetabular impingement [2].

Once the images were captured, they were exported and
stored in DICOM format. This type of file can be opened
with any medical image visualization software. For the MR
images, the region of interest (ROI) was selected, that is, the
area where the suspected malformation is present. The data set
consisted of 3T Flash DIXON MRI images (27 images with
208 slices, 256x256 px, 0.7mm thickness) of the hip joint of
patients previously diagnosed with FAI. Water-phase images
were used to enhance bone visualization.

B. Manual segmentation

The ground-truth segmentations were created using the 3D
Slicer segment editor [5] and the MONAI Label Frame-
work [6]. The segmentations was performed by Masters Stu-
dent in Biomedical Engineering, combining semiautomatic and
manual tools. These two tools were available in 3D Slicer:
the paint and erase effects, and the ’grow from seeds” effect.
Initially, all pixels were set to 0. The femur region was
manually labeled with the paint tool, assigning a value of
1 to the selected pixels. Similarly, background pixels were
marked for erasure, creating a binary image. The “grow from
seeds” operation was then applied, using an algorithm based
on the method by [7]. Finally, background segmentation was
removed, and the femur segmentation was cleaned using the
erase tool. Using MONALI Label, both the segmentation and the
original volume were automatically saved as separate NIfTI
files, preserving the original dimensions.

C. Network architecture

3D U-net [§] was designed specifically for volumetric
segmentation that learns from sparsely annotated volumetric
images. This network takes 3D volumes as input and processes
them with the corresponding 3D operations, in particular, 3D
convolutions, 3D pooling, and inverse 3D convolution. The
standard u-net, it has an analysis and a synthesis path, each
with four resolution steps [8]]. In the analysis path, each layer
contains two 3 x 3x 3 convolutions, each followed by a rectified
linear unit (ReLu), and then a 2x 2 x 2 max pooling with strides
of two in each dimension [§]]. In the synthesis path, each layer
consists of an upconvolution of 2 x 2 x 2 by strides of two in
each dimension, followed by two 3 x 3 x 3 convolutions, each
followed by a ReLu [8]]. Shortcut connections from layers of

equal resolution in the analysis path provide the essential high-
resolution features to the synthesis path [8]]. In the last layer, a
1x1x1 convolution reduces the number of output channels to
the number of labels, which is 3 in our case [8]]. This standard
architecture has 19.069.955 parameters in total [§]].

D. 3D U-net optimization

A 3D-Unet [8] base model was optimized using the Op-
tuna framework [9]]. The hyperparameters to optimize were a
specific selection from the proposed in [|10].

A range of 3D U-Net variants was evaluated by varying
four key hyperparameters: dropout rate, optimizer type, batch
size, and convolutional kernel size. Dropout was sampled
continuously between 0% and 60% to assess regularization
effects; optimizers included Adam, RMSprop, Adadelta and
Adagrad; batch sizes of 1, 2 or 4 were tested to balance
memory constraints and gradient stability; and cubic kernels
of size [1x1x1], [3x3x3] or [5x5x5] were compared to study
receptive field impact.

Each Optuna trial randomly reshuffled the 27 volumes into
70% training, 20% validation, and 10% testing partitions,
with a unique random seed per trial to capture variability
in data splits. Trials ran for up to 400 epochs, with per-
epoch reporting of training loss, validation loss, and Dice
coefficient, and occasional pruning every 100 epochs when
validation performance plateaued. All trials were seeded to
ensure reproducibility of both hyperparameter sampling (seed
= 42) and per-trial data splits.

Inference during validation and testing employed a sliding-
window strategy (window size [96x96x96], overlap factor
of 4) to accommodate high-resolution volumes, followed by
sigmoid activation and a 0.5 threshold for segmentation maps.
Performance was primarily measured by the mean Dice score,
with additional logging of average surface distance to capture
contour accuracy.

The U-Net architecture used in all trials followed a standard
3D configuration with five encoding-decoding levels. Each
level doubled the number of feature channels, using the
configuration (16, 32, 64, 128, 256). The network included
residual units (two per level) to improve gradient flow during
training. Downsampling was performed with strides of (2, 2,
2), and the number of input and output channels was fixed at
1, as the task involved binary segmentation.

1) DICE Coefficient: The different architectures were op-
timized and compared in basis of the DICE coefficient, also
called the overlap index, wich is the most widely used metric
in the evaluation of medical segmentations [11]. It is used
to measure the reproducibility of segmentation, as well as
to compare actual segmentation with automatic segmentation.

The value of this index is given by equation
2TP
DICE = 1
2TP+ FP+ FN 0

E. Machine Learning Pipeline

The evaluation was performed on 11 test cases. For each
case, three surface models were generated: the raw surface



obtained directly from the predicted segmentation, the surface
after applying morphological opening to reduce small artifacts,
and the final version after using DBSCAN to remove discon-
nected components and isolate the femoral head.

All surfaces were reconstructed using the Marching Cubes
algorithm and converted to 3D meshes [18]]. Initially, this
algorithm was defined as one that creates triangle models
of constant density surfaces from 3D medical data, using a
divide-and-conquer approach to generate inter-slice connectiv-
ity it creates a case table that defines triangle topology [18].
This algorithm extracts an iso-surface from volumetric data
by processing the image volume cube-by-cube in a divide-
and-conquer fashion. Each cube, defined by eight neighboring
voxels, is analyzed to determine whether its vertices lie
inside or outside the segmented structure, producing an 8-
bit configuration index. From a precomputed case table of 14
unique topological patterns, the algorithm interpolates edge
intersections, estimates local surface normals from voxel gra-
dients, and constructs triangles to approximate the continuous
surface. Repeating this procedure across all voxel cubes yields
a polygonal mesh representation of the segmented anatomy.
The resulting triangulated surface enables direct visualization,
geometric analysis, and rendering within conventional 3D
graphics frameworks [18]].

To enhance the quality of the reconstructed mesh, a Lapla-
cian smoothing procedure was applied following surface
reconstruction [19]]. This method iteratively adjusts vertex
positions to reduce geometric noise and irregularities while
preserving the overall topology of the mesh. Each vertex
is relocated toward the average position of its neighboring
vertices, producing a smoother and more uniform surface.
The process is controlled by a relaxation parameter that
determines the degree of smoothing applied in each iteration.
Boundary vertices are typically kept fixed to maintain mesh
integrity, and if the mesh is constrained to a particular surface,
updated vertices are reprojected onto it. Overall, Laplacian
smoothing acts as a discrete diffusion process that improves
mesh smoothness and visual coherence without altering its
connectivity [19].

DBSCAN (Density-Based Spatial Clustering of Applica-
tions with Noise) was used to clean residual noise and
isolate the 3D surface of the proximal femur by clustering
dense regions in point clouds without requiring a predefined
number of clusters and with robustness to outliers [21]. It
classified points into core, border, and noise categories, re-
moving sparse noise and retaining the largest cluster as the
main femoral surface. The resulting denoised point cloud was
reconstructed into a watertight surface using Poisson surface
reconstruction []2;2[], which solves a Poisson equation to recover
a smooth mesh that preserves the original geometry.

The acuracy of the models in each step were compared using
a distance metric to the ground truth reconstruction. The dis-
tance was computed for each of the three stages—raw predic-
tion, after morphological opening, and after DBSCAN—and
stored per subject. Summary statistics, including mean and
standard deviation, were calculated across all subjects for each
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Fig. 1. Overview of the automated 3D reconstruction pipeline. (A) Original
3T MRI image. (B) Al-based segmentation of the femur. (C) 3D surface
generation using denoising and Marching Cubes. (D) Laplacian smoothing.
(E) Point-cloud filtering with DBSCAN to remove artifacts. (F) Final cleaned
3D femoral model.
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Fig. 2. Evaluation of the pipeline steps. (a) Raw 3D U-net Segmentation.
(b) Automatic Segmentation and morphological operations. (c) Automatic
Segmentation, morphological operations, and DBSCAN.

1) 95% Hausdorff distance: Each automated surface was
compared to the corresponding manually segmented model
using the 95th percentile Hausdorff distance (95% HD) as a
geometric error metric. Before computing the distance, the
meshes were rigidly aligned using the Iterative Closest Point
(ICP) algorithm to account for possible spatial mismatches.



For each mesh pair, a point-to-point distance was computed
in both directions, and the 95% HD was calculated to reflect
the highest surface deviations while minimizing sensitivity to
outliers.

The Hausdorff distance (HD) has been widely used to
quantify the error between two surfaces [12]. The distances
d(p,S’) between a point p from the surface S and another
surface S’ it’s defined as:

d(p,S') = 2)

. /
min, llp—p'||2
p/ e S’

Where p’ is the closest point to p in the surface S’ and
||.]|2 represents the norm between two points. Then, the 95%
Hausdorff distance, denoted as ( 95%HD(.S, S")), is the 95"
percentile of the set of all such distances computed from
every point in (S) to (S”). Considering that 95%HD(S, S’) #
95%HD(S’, S), the convention is to use the maximum be-
tween the two, therefore:

95%HD(S, S') = maz{95%HD(S, §'), 95%HD(S’, S)} (3)

F. Statiscal Analysis

Due to reduced sample size (n=11), 95% H D and generation
time were compared between models from each pipeline step
and manual segmentation using Friedman and Wilcoxon tests.

G. CAMAlyzer 3DSlicer extension

The CAMAlyzer extension it’s available for downloading
and use at this link: https://github.com/VenjaminRodriguezR/
CAMalyzer.

III. RESULTS

A. 3D U-net optimization

A study was conducted on a total of 40 tests with different
variations of a 3D U-Net architecture. According to the results
provided by the Optuna optimizer, a total of 5 parameter
combinations were obtained that exceeded a DICE index of
0.8. Achieving the best results with the Adadelta optimizer,
[3x3x3] kernel size, batch size of 1, and dropout of 0.1490,
yielding DICE scores of 0.91 for validation and 0.82 for
testing.

In general, these studies found that the best models were
obtained using the Adadelta optimizer, a batch size of 1, and
a kernel size of [3x3x3], varying only the dropout rate between
each combination. This rate remained between 0.04 and 0.21
for the 10 best performances.

In terms of training, according to the evolution metrics
in the figure [3[a), the model can learn along the validation
metric. Nevertheless, some overfitting appears in the loss
curves according to the difference between the train and the
validation loss curves (figure Ekb))

TABLE I
BETTER COMBINATIONS OF THE STUDY
Batch | Kernel | Optimizer | Dropout | Validation | Test DICE

size size DICE
1 3 Adadelta 0.1490 0.91 0.82
1 3 Adadelta 0.0589 0.87 0.82
1 3 Adadelta 0.2057 0.86 0.87
1 3 Adadelta 0.0451 0.82 0.85
1 3 Adadelta 0.1877 0.80 0.82
1 3 Adadelta 0.1397 0.79 0.82
1 3 Adadelta 0.2269 0.78 0.81
1 3 Adadelta 0.1686 0.72 0.80
1 3 Adadelta 0.1466 0.71 0.84
1 3 Adadelta 0.2065 0.69 0.83
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Fig. 3. Performance of the top five trials over 400 epochs for both loss (top)
and DICE score (bottom). Dashed lines represent individual trials and solid
lines the averages. In the loss plot, it is revealed that training loss decreases
steadily while validation loss remains high and nearly constant. The DICE
plot, both training and validation scores increase over time, with validation
consistently outperforming training.
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B. Machine Learning Pipeline

For Step A, the raw surface model was generated directly
from the predicted segmentation. The average processing time
was 3.6 £0.7 seconds. The 95th percentile Hausdorff distance
(95% HD) compared to the manual ground truth was 82.2 £+
20.6 [mm].

In Step B, after applying morphological opening to reduce
small artifacts, the average processing time increased to 7.7 £
0.9seconds. The 95% HD decreased to 32.4 + 29.2 [mm],
presenting a larger variability.

Finally, in Step C, after using DBSCAN to remove discon-
nected components and isolate the femoral head, the average
processing time further increased to 16.2 &= 1.9 seconds. The
95% HD was significantly reduced to 4.8 + 2.1 [mm].

These measurements reflect the geometric accuracy im-
provements and computational cost increases across the three
steps of the pipeline. According to the statistical analysis, the
results showed a significant progressive reduction (p < 0.001)
in surface deviation, but increased significantly (p < 0.001)
the time of computation of the process.

Figure [3] highlights that the improvement in pipeline per-
formance occurs across all study subjects. In addition to a
reduction in the method variation in each step of the pipeline,
which is consistent across different subjects.

IV. DISCUSSION

The 3D Slicer extension presented uses the Machine Learn-
ing pipeline described in Section [[I-E] for generating a feasible
reconstruction of the proximal femur for later use in 3D biome-
chanical analysis. This pipeline combines several techniques
to optimize the reconstruction of a 3D model of the prox-
imal femur. A deep-learning-based automatic segmentation,
followed by morphological post-processing operations and the
use of the DBSCAN algorithm on the point cloud version of
the reconstruction to extract only the main structure.

During the training process, several hyperparameters were
optimized, resulting in an optimal set of hyperparameters with
a batch size of 1, a kernel size of [3x3x3], the Adadelta
optimizer, and a dropout rate of 0.1490. Particularly, accord-
ing to the results presented in Table [[ all the best models
shared the same hyperparameters, except for the dropout rate.
Considering the characteristics of the dataset, the results of
this optimization are congruent, as it was a small dataset (27
images). Therefore, to better learn the patterns in the data,
the model required a smaller batch size. The same applies to
the kernel size, since the model was trained with patches of
dimension [96x96x96], as the best models performed better
with a small kernel size. Although using a batch size of 1
is not recommended, a larger batch size significantly reduced
performance metrics. In addition, this alternative was preferred
due to limitations in data quantity and computing power.

Also, since these conditions and hyperparameters tend to
produce overfitting, it makes sense that most of the values
of the dropout rate were higher than 0, because this helps to
counter the overfitting tendencies of the configuration. This is
illustrated in the loss and metrics curves, because, even though
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Fig. 4. Density of the distances between the automated model and ground
truth model for each case study at different steps of the pipeline. In Step A,
all cases show low densities with values concentrated at small distances. Step
B exhibits slightly higher densities for some cases, especially Case 3, but the
distributions remain mostly skewed toward smaller distances. In Step C, the
density peaks sharply around distances close to 1 for all cases, indicating a
more consistent distribution pattern compared to Steps A and B

it appears as an overfitting between the train and validation
curve, the metric curves always tend to improve. Considering
this, the post-processing proposed in the Machine Learning
pipeline is essential to counteract this overtraining.

The metrics proposed in Table [I] prove that in general, a
3D U-net based architecture is capable of learning the key
patterns needed to segment the proximal femur in a set of
3T Flash DIXON MR water-phase images. These results are
comparable to those presented in [3], [13]], [14]l, [15], where
the 3D CNN architecture usually performs above 0.9 for the
DICE Index.

Nevertheless, as seen in Figure E[, the best model correctly
identifies the position and main shape of the proximal femur
in the MRI, but presents some noise in pixels (Fig[@c)). This
means that even though the model has a good performance
in the case of the True Positive pixels of the segmentation, it
also presents some False Positive segmentations.

After the final reconstruction, in most cases, the error is
distributed in zones that don’t affect the future use of the model
to quantify the CAM morphology. As shown in the figure [6]
the bigger error in terms of distance between the automatic
reconstruction and the ground truth reconstruction remains
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Fig. 6. Colormap of the error between the final reconstruction and the ground
truth in mm. The bigger error areas are presented in sections far from the usual
CAM deformation or in the areas where the structure has more curvature.
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