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Abstract
Purpose Patient-specific biomechanical models of the knee joint can effectively aid in understanding the reasons for patholo-
gies and improve diagnostic methods and treatment procedures. For deeper research of knee diseases, the development of
biomechanical models with appropriate configurations is essential. In this study, we mainly focus on the development of a
personalized biomechanical model for the investigation of knee joint pathologies related to patellar motion using automated
methods.
Methods This study presents a biomechanical model created for patellar motion pathologies research and some techniques
for automating the generation of the biomechanical model. To generate geometric models of bones, the U-Net neural network
was adapted for 3D input datasets. The method uses the same neural network for segmentation of femur, tibia, patella and
fibula. The total size of the train/validation (75/25%) dataset is 18,183 3D volumes of size 512 × 512 × 4 voxels. The
configuration of the biomechanical knee model proposed in the paper includes six degrees of freedom for the tibiofemoral
and patellofemoral joints, lateral and medial contact surfaces for femur and tibia, and ligaments, representing, among other
things, the medial and lateral stabilizers of the knee cap. The development of the personalized biomechanical model was
carried out using the OpenSim software system. The automated model generation was implemented using OpenSim Python
scripting commands.
Results The neural network for bones segmentation achieves mean DICE 0.9838. A biomechanical model for realistic
simulation of patellar movement within the trochlear groove was proposed. Generation of personalized biomechanical models
was automated.
Conclusions In this paper, we have implemented a neural network for the segmentation of 3D CT scans of the knee joint to
produce a biomechanical model for the study of knee cap motion pathologies. Most stages of the generation process have
been automated and can be used to generate patient-specific models.
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Introduction

The knee joint is a complex joint with several articular sur-
faces that allowflexion and extensionmovements (around the
frontal axis) as well as rotation [1]. It consists of two articula-
tions: tibia and femur form the tibiofemoral joint, and patella
and femur form the patellofemoral joint (Fig. 1a). Themotion
of the patella relative to the trochlear groove during knee
flexion and extension is an important research task, as lateral
displacement of the patella and increased contact pressure
over the lateral patellar facet in flexion lead to patellofemoral
disorders, such as lateral patellar compression syndrome.
This accounts for up to 7–15% of all knee joint disorders [2].
Clinical manifestations of impaired patellofemoral biome-
chanics lead to significant decrease in the quality of life of
patients [3]. During each step the distal edge of the patellar
articular surface begins to contact the articular end of the
trochlear groove at knee flexion angle 10−15◦. In the seated
position with knee flexion angle 90◦, the proximal edge of
the patellar articular surface contacts the trochlear groove as
well. The contact of the patella with the femoral articular
surfaces causes pain and restricts movements. The incidence
rate of anterior knee pain is high, with a yearly occurrence
of 22/1000 individuals [4, 5]. Females are affected approxi-
mately twice as often as males [4–6]. The causes of anterior
knee pain are multifactorial and include overuse (stress) of
the extensor mechanism of the shin (tendinitis, insertional
tendinosis), patellar instability, chondral and osteochondral
damage [7]. Patellofemoral pain syndrome (PFPS) is a com-
mon cause of anterior knee pain and predominantly affects
young females without any structural changes, such as an
increased Q angle (quadriceps angle) or significant patho-
logical changes in the articular cartilage [Boling, Robinson,
Fulkerson, Petersen, Alhakim]. Therefore, PFPS is a diag-
nosis of exclusion [8]. Other associated manifestations of
anterior knee pain include crepitus and functional deficit [8].
The symptoms of PFPS force many athletes to limit their
sports activities [9]. According to some authors, PFPS will
ultimately lead to osteoarthritis [10–12]. The pathogenesis
of PFPS is multifactorial and involves various functional
impairments of the lower extremities [13]. The role of patel-
lar tracking abnormalities in the development of PFPS has
long been a controversial issue, but recent studies show that
improper patellar tracking likely plays a key role. For exam-
ple, Draper et al. [14] demonstrated using dynamic MRI
that patients with anterior knee pain during squatting have
increased lateralization and lateral deviation of the patella.
Witvrouw et al. [15] showed that hypermobility of the patella
has a significant correlation with the frequency of pain in the
patellofemoral region. Wilson et al. [16] used a skin marker
and an optoelectronic motion capture system to investigate
patellar tracking in patients with PFPS in standing and squat-
ting positions. In this study, the patella of patients with PFPS

had significantly increased lateral translation (maltracking),
lateral rotation and tendency toward increased lateral tilt
compared to healthy subjects [16].

Thepatellar ligaments, including themedial patellofemoral
ligament (MPFL), medial patellotibial ligament (MPTL) and
lateral retinaculum, serve as essential stabilizers for the
patella within the knee joint. The MPFL plays a crucial role
in preventing lateral dislocation of the patella, ensuring its
proper tracking during movements. The MPTL contributes
to the stability of the patella by connecting it to the tibia. On
the lateral side, the lateral retinaculum provides additional
support by maintaining proper alignment and preventing
excessive lateral movement. Dysfunction or injuries to these
ligaments can lead to issues like patellar instability and affect
the knee’s biomechanics and overall stability.

By now, no general approach to diagnostics of patellar dis-
orders has been proposed. Patellar kinematics is complicated
and study of muscles and ligaments impact to the movement
in the healthy case is necessary for its deeper understanding.
Patient-specific biomechanical models of the knee joint can
beused for this purpose.Biomechanical kneemodels [17–19]
developed on the basis of OpenSim platform [20] are focused
on the tibiofemoral contact and use standard bones surface
meshes providedbyOpenSim.Combinationof standard bone
geometries is often impossible in simulations, as the geome-
tries may originate from different patients. For example, the
commonly used generic musculoskeletal model Gait 2392
[21–23] contains bones surface data collected from various
sources [21, 24]. Moreover, most of the existing models use
a simplified representation of the knee joint and are there-
fore unsuitable for the study of patellofemoral kinematics
(Fig. 1b). In the Gait 2392 and Gait 2354 models, the patella
has been removed to avoid kinematic constraints and inser-
tions of the quadriceps on the tibia are modeled as moving
points in the tibia frame (Fig. 1c).

Nevertheless, individual surface features of bones can be
crucial for the analysis of bone motion [26, 27]. For cor-
rect consideration of patellar kinematics, one has to take into
account individual geometry of the bones, particularly the
articular surfaces. To the best of our knowledge, open-source
models developed for patellar motion and patellofemoral
contact studying do not exist. In [28] we presented a
biomechanical model of patellofemoral joint for analysis
of knee pathologies. However, the model contains standard
geometries [29]. Therefore, the personalization of geometric
knee models is an extremely important step for orthopedic
research. As manual bone segmentation is a time-consuming
process, an automated method for segmentation of knee
images is required.

Magnetic resonance imaging (MRI) and computed tomog-
raphy (CT) are the most commonly used visualization tools
used in diagnostics [30].Most of themodernmethods are still
being developed for the segmentation of the knee anatomical
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Fig. 1 Lateral view of the knee joint [25] (a), simplified representation of patellar kinematics: only saggittal plane is considered, femoral condyles
are ellipses [21] (b), knee joint with removed patella in Gait 2392 model (c)

structures from MRI images [25]. The outer layer of bone
(cortical bone) has an excellent representation on the CT
scans, which are therefore more suitable for reconstruction
of bones surfaces. This paper presents amethod for automatic
bone segmentation from the CT scans.

In [31], we proposed a threshold-based method for bone
segmentation. Its main drawback is its high sensitivity to
cases with a thin cortical layer. The results of our previous
study were used for the development of a new segmentation
method based on the U-Net neural network [32]. Advantages
of the U-Net architecture for different segmentation prob-
lems have been demonstrated in many studies. However, it
has been shown in [33], that not all U-Net-based solutions are
efficient, as typical U-Net can produce high level results with
thorough design of adaptive preprocessing, training scheme
and inference. For the purpose of this study, the U-Net archi-
tecture was, on the one hand, simplified by reduction of the
contracting path. On the other hand, it was adapted for 3D
input data, batch normalization and dropout steps layerswere
added, the input dataset was expanded and augmented taking
into account the peculiarities of knee CT scans.

The main contributions of this work are as follows: a
neural network for the segmentation of femur, tibia, fibula
and patella from CT scans is implemented; design of a
biomechanical model for the investigation of patellar motion
pathologies is proposed; automated pipeline for the gen-
eration of patient-specific biomechanical knee model is
developed.

The paper is organized as follows: Sect. 2 describes the
segmentation method and analyzes its results, and Sect. 3
presents the design of the biomechanical model and demon-
strates the pipeline for the automated generation of patient-
specific models. Finally, Sect. 4 presents the conclusions.

Geometric model of knee joint

Datasets

In this study to train, validate and test a neural network we
used datasets prepared for the development of a threshold-
based bone segmentation method [31]. Fifteen knee CT
datasets acquired on a Toshiba Aquillion One computed
tomography scanner were provided by Sechenov University.
The dimensions of the datasets were 512 × 512 × z, where
z ≈ 300, and the size of each voxel is less than 1mm. All
datasets were divided into two parts: training/validation and
test datasets (7 and 8 datasets, respectively). In addition, a
CT dataset, acquired on the Canon CT scanner provided by
Sechenov University, was used for testing.

Data preprocessing

From eachCT dataset, 3D volumeswith dimensions of 512×
512× 4 voxels were extracted with a 1-voxel step size along
the z-axis. For each pair of neighboring 3D volumes, there
is an overlap over three slices. Specifically, for each volume
with a size of 512 × 512 × z voxels z − 4 3D volumes with
a size of 512 × 512 × 4 were obtained.

A total of 1653 volumes were obtained. The train-
ing/validation dataset was expanded through correction of
contrast (1) and gamma correction (2) (Fig. 2). It is assumed
that such expansion in the training/validation datasets repre-
sents variability of real clinical data due to the use of different
protocols on different scanners.

The new intensity values for CT data voxels were calcu-
lated as:

Iaug = (I − Imean) ∗ c + Imean, or (1)

Iaug = α ∗ I γ , (2)
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Fig. 2 Examples of contrast correction (top) with parameters c ∈ {1.0, 1.1, 1.2, 1.3, 1.4, 1.5} and gamma correction with parameters γ ∈
{1.0, 1.02, 1.04, 1.06, 1.08, 1.1}

where I is the initial voxel intensity, Imean is the mean inten-
sity value of the image, α is a constant typically set to 1, c ∈
{1.1, 1.2, 1.3, 1.4, 1.5}, andγ ∈ {1.02, 1.04, 1.06, 1.08, 1.1}
are contrast and gamma correction factors, respectively.
Increasing the contrast factor c results in a histogram with a
wider spread of pixel values and greater separation between
peaks. For gamma correction factor γ > 1, the histogram is
shifted to the left and the output image is darker than the orig-
inal. The parameter values for c and γ were chosen so that the
new images keep the properties of real CT scans in terms of
the distribution of intensity values between different tissues.
For each image of size 512 × 512 × 4, contrast adjustment
and gamma correction were performed both for five factor
values, i.e., 16,530 new images were generated. The total
size of the train/validation (75/25%) dataset is 18183.

Network architecture

The presented network was implemented in Python 3.8 using
TensorFlow. The architecture of the U-Net proposed in [32]
for medical image segmentation has been modified for the
segmentation of 3D knee CT scans (Fig. 3). Themainmodifi-
cations to theU-Net network are as follows: the incorporation
of 3D datasets, integration of dropout and implementation of
batch normalization.

The size of the input image, 512 × 512 × 4 voxels, was
chosen as the optimal size which fits to the graphics pro-
cessing unit (GPU) memory and at the same time allows
the neural network to perceive information in a spatial con-
text. Batch normalization [34] and dropout [35] steps were
added after each convolutional layer with a 3× 3× 3 kernel
followed by ReLU activation function. Batch normalization
is a necessary step, because intensities of images after the
correction of contrast and the gamma correction can differ

significantly within one randomly generated batch. Dropout
is used to avoid overfitting and to improve model generaliza-
tion by reducing the dependence on specific neurons during
training. It prevents the network from becoming specialized
to the training data and makes it more robust to different
inputs.

Since the max pooling operation was performed with a
window size of 2× 2× 2, the contraction path contains only
two downsampling steps. The sigmoid activation was used
in the output layer.

Training procedure

At the beginning of the network training procedure all input
images were first normalized to zero mean and unit vari-
ance. Themean and variance required for normalizationwere
computed using the corresponding TensorFlow function. To
avoid overfitting, we randomly applied to the images basic
augmentation techniques: horizontal andvertical flipping and
translation. Other augmentation methods, such as cropping
or scaling, were not applied, because their output is different
from the standard knee CT scan. Computations were run on
a GPU Tesla V100 32GB. The training was performed in 30
epochs with the batch size 2. This number of epochs was
chosen because the training error stopped improving after
this point. A batch size of 2 in the training was chosen due
to GPU memory constraints and a consideration of compu-
tational efficiency. The Adam optimizer with a learning rate
10−4 was used. Dice loss was used as the loss function. The
absence of significant gaps between the training and valida-
tion error curves indicated that the model generalized well
to unseen data. The combination of dropout, normalization,
data augmentation and appropriate model complexity effec-
tively prevented overfitting during training.
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Fig. 3 Network architecture

Fig. 4 Target areas of post-processing procedures: tomograph voxels removal (a), vessel voxels removal (b)

Inference procedure

For the inference phase, we used 8 CT datasets generated on
Toshiba CT scanner and 1 CT dataset generated on Canon
CT scanner provided by Sechenov University. The datasets
were first divided into subsets with the size of 512×512×4
voxels. After segmentation performed by the neural network,
segmentations for all subvolumes were combined into seg-
mented data corresponding to the full volume dataset. The
computation time varied from 20 and 30s depending on the
z-size of the full volume dataset.

General post-processing techniques

Based on our experience from the development of the
threshold-based method [31], we applied two simple post-

processing procedures in order to avoid labeling CT voxels
with high intensity values as bone.

The voxel from a lower CT scan part belonging to the
tomograph (red area in Fig. 4a) is labeled 0. Voxels cor-
responding to blood vessels (Fig. 4b) that were incorrectly
segmented as bone can also be labeled as the background
(label 0) after consistent application of two morphological
operations, erosion and dilation. Erosion is a morphologi-
cal operation that diminishes the boundaries of foreground
objects in an image by removing voxels at the object’s
periphery. In contrast, dilation is an operation that expands
the boundaries. The operations involve sliding a structur-
ing element over the image and replacing each pixel with
the minimum pixel value within the corresponding neighbor-
hood defined by the structuring element. These operations
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Table 1 DICE coefficient values for the segmentation results obtained
by the network presented in Section “Network architecture” on the test
dataset

Knee Femur Tibia Fibula Patella All bones

1 0.9924 0.9921 0.9748 0.9873 0.9913

2 0.9919 0.9915 0.9775 0.9871 0.9909

3 0.9887 0.9850 0.9656 0.9808 0.9862

4 0.9934 0.9904 0.9725 0.9900 0.9913

5 0.9245 0.8423 0.8663 0.9332 0.8931

6 0.9660 0.8518 0.6813 0.8939 0.9142

7 0.9937 0.9882 0.9838 0.9893 0.9907

8 0.9911 0.9899 0.9844 0.9877 0.9901

9 0.9210 0.8826 0.8787 0.9391 0.9053

10 0.9503 0.8630 0.9045 0.8943 0.9146

11 0.9662 0.9632 0.9589 0.9682 0.9649

12 0.9624 0.9550 0.9527 0.9494 0.9586

13 0.9935 0.9900 0.9846 0.9901 0.9915

14 0.9901 0.9887 0.9843 0.9886 0.9892

15 0.9899 0.9868 0.9744 0.9879 0.9879

16 0.9887 0.9914 0.9815 0.9884 0.9895

17 0.9947 0.9902 0.9866 0.9885 0.9923

18 0.9921 0.9901 0.9824 0.9890 0.9908

can be carried out automatically, regardless of the presence
of incorrectly segmented voxels.

Segmentation results

Ground truth segmentations based on the previously devel-
oped algorithm [31] indicate that bone voxels make up
only 1–3% of all knee CT scan voxels. Therefore, knee
bone segmentation problem is a class imbalance problem
for which accuracy metric calculated as percentage of cor-
rectly segmented voxels is not informative.We used the Dice
coefficient (overlap index) [36] to compare the segmentation
result (Sr ) generated by our model and the ground truth (Sg):

Dice = 2× | Sr ∩ Sg |
| Sg | + | Sr | .

The proposed algorithms were first evaluated on the test
dataset consisting of 1969 volumes with the size of 512 ×
512 × 4 voxels. The mean value of the DICE coefficient is
0.9838.

Further, segmentations for whole CT scans were obtained
and evaluated. Table 1 presents the values of the DICE coef-
ficient measured for 9 CT datasets with both knees. Each
knee joint is considered separately. The DICE coefficient
values were calculated for each bone and for all bones in
total. The lines corresponding to data from different knees of
the same patient are placed next to each other. The first two

rows of Table 1 correspond to the dataset generated on the
Canon Aquillion One scanner. The segmentation quality for
this dataset is comparable to the results for the datasets on
which themodelwas trained. TheworstDICEcoefficient val-
ues were obtained for datasets with a thinned cortical layer.
To improve the segmentation quality for such cases, one has
to add corresponding examples to the training dataset.

Figure 5 demonstrates several segmentation results for
the right knee. One observes differences in the individual
anatomy, both in the relative size and in the location of
the patella and the trochlear groove. These characteristics,
together with the geometric configuration of the articular
surfaces and the distance between patella and the femoral
trochlear groove, may be crucial for patellar kinematics.

Biomechanical model of knee joint

In this section, we describe the process of creating a per-
sonalized biomechanical model using individual geometries.
The bone surface meshes were extracted from CT data of
a patient with gonarthrosis, provided by Sechenov Univer-
sity. The biomechanical model of the knee was created in the
OpenSim software system. Some additional procedures were
performed using Paraview [37], Gmesh [38] and PyMeshLab
[39].

Methodology for model generation

The model contains four right leg bones: pelvis, femur, tibia,
and patella (Fig. 6a). These bones are connected with joints.
The model tree is presented in Fig. 6b, where rectangles
correspond to bodies and arrows correspond to joints. To real-
istically reproduce the patellarmovementwithin the trochlear
groove, the patellofemoral joint is defined as a joint with 6
degrees of freedom. The tibiofemoral joint is also defined
with 6 degrees of freedom.

The knee model contains ten ligaments, seven of them
are presented in model [17] as well: patellar tendon (PT),
lateral collateral ligament (LCL), medial collateral ligament
(MCL), posterior cruciate ligament (PCL), posterior cruci-
ate ligament (PCL), anterior cruciate ligament (ACL) and
oblique popliteal ligament (OPL) (Fig. 7).

Since the trajectory of the patella is strongly determined
by its stabilizers, the stabilizers were included in the model.
The medial stabilizers of the patella are presented as medial
patellofemoral ligament (MPFL, Fig. 8a) and medial patel-
lotibial ligament (MPTL, Fig. 8b). Lateral stabilizer, lateral
retinaculum (LR), is included in the model with two com-
ponents: femoral and tibial. Each component contains two
ligaments (Fig. 8c).

To avoid intersection of lateral and medial stabilizers and
bones during knee flexion, wrapping objects were defined
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Fig. 5 Examples of segmentation results for the right knee demonstrate differences in individual anatomy

Fig. 6 Bones included in the model: pelvis, femur, patella and tibia (a),
topology of biomechanical model (b)

(Fig. 9). Two ellipsoidswere inserted in themedial and lateral
condyles of the femur and one ellipsoid in the tibia condyle.

The choice of ligament parameters, such as the resting
length of the ligament and the force magnitude for scaling
the force–length curve, significantly impacts the trajectory
of the patella. However, determining the correct patella tra-
jectory for real patients lacks reliable methods. Furthermore,
data for knee movement within the normal range show con-
siderable variability. Figures10 from study [40] illustrate the
differences in patellar trajectories between healthy knees of
different patients. The parameters in this study were chosen
so that themain pattern of lateral-medial displacement during
knee flexion was preserved: during flexion of up to approx-

imately 30◦, there is medial displacement, and beyond that
point, there is lateral displacement.

To prevent the patella and femur from intersecting during
knee flexion and to measure contact forces, a contact surface
mesh must be generated and added to the model. We assume
that the articulation surface has thickness of 1–2 mm. The
main steps of the contact surface generation are the selection
of the articulation triangles on the patellar surface mesh in
the Paraview interface (Fig. 11a–c) and the construction of
an additional surface with the same topology, shifted along
the normal at each mesh point of the initial surface using
Gmsh (Fig. 12a,b). The final step is required tomake the con-
tact mesh closed and simulate cartilage thickness. To ensure
coherent orientation of all faces, we used the PyMeshab fil-
ter. Using this pipeline, we generated contact meshes for the
patella, femur and tibia (Fig. 13).

Results of automated biomechanical model
generation

The biomechanical model was generated using OpenSim
scripting commands in Python, automating the process. The
primary functions of the code are:

addBody(mesh)
addJoint(parent, child, joint_data)
addJointCoordinatesRot(coordinate_data)
addJointCoordinatesTrans(coordinate_data)
addLigaments(ligaments_data)
addContact(contact_data)
addWrapObjects(WrapObj_data).

The function addBody(mesh) takes the body’s associated
surface mesh as input, uses an OpenSim Python command
to add the body and computes the center of mass and inertia
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Fig. 7 View of the knee joint
model with ligaments from [17]:
a anterior view, b posterior view

Fig. 8 a Medial patellofemoral
ligament (MPFL), b medial
patellotibial ligament (MPTL)
and c Lateral retinaculum (LR)

tensor from the surface mesh using PyMeshLab [39]. This
function is used to define the pelvis, femur, tibia and patella
bodies. Geometries corresponding to the tibia and fibula are
attached to the tibia body.
The function addJoint(parent, child, joint_
data) creates OpenSim Custom joint with 6 predefined
transform axes, addJointCoordinatesRot(coordi
nate_data) and addJointCoordinatesTrans
(coordinate_data) set parameters for rotational and
translational coordinates, respectively. All parameters for the
joints are defined by model design, and additional input data
are not required.
The functionaddLigaments(ligaments_data) adds
ligaments to themodel, getting coordinates of the attachment
points, resting length and force magnitude for scaling the
force-length curve. Some attachment points may be found
using methods proposed in [41]. Attachment points of stabi-
lizers can be chosenmanually, e.g., inOpenSim interface. For
adjustment of the resting length parameter, we assume that in
the extended knee position all ligaments are either relaxed or
slightly strained, i.e., the resting length makes up 0.95− 1.0
of the length in the extended position. The force magnitudes
for the force–length curve scaling for ligaments presented in
model [17] were retained. The values for the stabilizers have

a. b.

Fig. 9 Lateral stabilizers, ellipsoids wrapping during knee flexion: a
wrapping object in femur and b wrapping object in tibia

been chosen taking into account anatomical similarities with
other ligaments and considerations of proper patellar motion.
The function addContact(contact_data) adds con-
tact geometries to the model. This function is used for
including contact surfaces to the patella, medial and lateral
components of the femur and tibia. The elastic foundation
contact model is used in all cases. Parameters of stiffness,
dissipation and friction were chosen experimentally. A con-
tact mesh must be provided by the user. The mesh generation
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Fig. 10 Patellofemoral joint movements along different axes [40]: a lateral translation, b lateral rotation and c lateral tilt

Fig. 11 a Patella surface mesh, b selected polygons of the articulation surface, c triangles of patella articulation surface

Fig. 12 a Triangles of patella articulation surface, b patella articulation surface with some thickness

Fig. 13 Patella articulation surface in OpenSim model

process was automated by using the Gmsh [38] procedure to
extrude the mesh.
The function addWrapObjects(WrapObj_data) is
used to generate three ellipsoids, which approximate the
shapes of the femur condyles and tibia condyle. For now, the
most accurate choice of ellipsoid parameters can be achieved
using OpenSim interface.
Thepseudocode for these functions canbe found in “Appendix
A”.
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Conclusion

In this study, we implemented a neural network for segmen-
tation of 3D CT scans of the knee joint. Reduction of the
region of interest is not necessary. The described algorithms
were evaluated on the CT scans of nine patients in two dif-
ferent ways. We applied the biomechanical model design
proposed in [28] for the personalized study of knee patholo-
gies based on patient data. The novelties of the model are
six degrees of freedom of the patella movement, the pres-
ence of medial and lateral patellar stabilizers and contact
surfaces for the patellofemoral and tibiofemoral joints, allow-
ing contact forces to be measured during knee flexion. In this
work, we have presented automated procedures enabling the
automatedgenerationof thebiomechanicalmodels usingper-
sonalized data from arbitrary patients.

The use of personalized geometries in the biomechani-
cal model constitutes the primary value for clinical practice.
Acquiring the necessary data for personalized biomechanical
model generation is a challenging task. The biomechanical
model generation process can be accelerated by employ-
ing automated algorithms for detecting ligament attachment
points, constructing contact surfaces and wrapping objects.
For clinical use, the forward simulations need to be acceler-
ated.

To validate the model, one can compare the simulated
joint range of motion with clinical measurements obtained
from motion capture systems. The adjustment of ligament
properties to better align with observed joint movements can
be performed.

The development and implementation of a mathemati-
cal model for personalized diagnosis of anterior knee pain
hold promise for creating a universal diagnostic method.
The model can be utilized for patients at risk of developing
patellofemoral pain syndrome by enabling dynamic moni-
toring in order to take preventive measures. Additionally, the
proposed model can serve as a tool for preoperative planning
and assist the surgeon in determining the extent of inter-
vention and postoperative rehabilitation regimens. By taking
into account individual patient parameters, the mathematical
model can be used to develop a rehabilitation protocol that
emphasizes restoration of the most damaged dynamic stabi-
lizers, thereby restoring knee joint balance for each patient.
The effectiveness and relevance of this model provide hope
for the development of similar systems for other mobile ele-
ments of the human musculoskeletal system.

Acknowledgements The authors would like to acknowledge Fedor
Loginov for the assistance in processing personalized data.

Funding The research was funded by Russian Science Foundation
Grant 21-71-30023.

Declarations

Conflict of interest The authors declare that they have no conflict of
interest.

Ethics approval Thedatawere obtained retrospectively fromanonymized
databases and not generated intentionally for the study. For this type of
study, formal consent is not required.

Informed consent There is no informed consent required for the work
reported in this manuscript.

Appendix A Pseudocode for automated
model generation functions

1. addBody(model, BodyMesh, BodyName):
body = createBody();
body.setName(BodyName);
mass = computeMass(BodyMesh);
body.setMass(mass);
massCenter = computeMassCenter
(BodyMesh);
body.setMassCenter(massCenter);
inertia = computeMassCenter
(BodyMesh);
body.setInertia(inertia);
body.attachGeometry(BodyMesh);
model.addBody(body);

2. addJoint(model, JointName, parent,
child):
SpatialTransform[0] =
setRotationX();
SpatialTransform[1] =
setRotationY();
SpatialTransform[2] =
setRotationZ();
SpatialTransform[3] =
setTranslationX();
SpatialTransform[4] =
setTranslationY();
SpatialTransform[5] =
setTranslationZ();
joint = createJoint(JointName,
SpatialTransform, parent, child)
model.addJoint(joint);

3. addJointCoordinatesRot(joint,
RangeMin, ...

RangeMax, DefaultValue,
DefaultSpeedValue)

for i in range(0,3):
coordRot[i].setRangeMin();
coordRot[i].setRangeMax();
coordRot[i].setDefaultValue();
coordRot[i].setDefault
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SpeedValue();
4. addJointCoordinatesTrans(joint,

RangeMin, ...
RangeMax, DefaultValue,
DefaultSpeedValue):

for i in range(0,3):
coordTrans[i].setRangeMin();
coordTrans[i].setRangeMax();
coordTrans[i].setDefault
Value();

coordTrans[i].setDefault
SpeedValue();

5. addLigaments(model,
LigamentsDataFileName):
LigamentName, RestingLength,
pcsa, origin, insertion = read
(LigamentsDataFileName);
ligament = createLigament();
ligament.setName(LigamentName);
ligament.setRestingLength
(RestingLength);
ligament.setPcsaForce(pcsa);
ligament.setOrigin(origin);
ligament.setInsertion(origin);
model.addForce(ligament);

6. addContact(model,
ContactDataFileName):

ContactName, ContactMeshes,
ContactPatemeters = ...

read (ContactDataFileName);
contact = createElastic
FoundationForce();

contact.setName(ContactName);
contact.addGeometry
(ContactMeshes);
contact.setContactPatemeters
(ContactPatemeters);
model.addForce(contact);

7. addWrapObject(model,
ObjectParameters):

obj = createWrapEllipsoid();
obj.setName(WrapObjectName);
obj.setParameters
(ObjectParameters);

wrapObjectSet=model.getWrap
ObjectSet();
wrapObjectSet.add(obj);
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