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Anterior cruciate ligament (ACL) injuries are common in sports and significantly affect athletes’ health and performance.
Integrating knee adduction moment (KAM) biofeedback into ACL injury prevention training has been shown to effectively
reduce injury risk and enable athletes to safely engage in high-risk activities. However, current motion capture-based
monitoring methods are impractical for on-field use due to their bulky setups and limited coverage. While Inertial Motion Unit
(IMU)-based methods address some of these issues, their poor performance during high-risk tasks limits their applicability in
real-world scenarios. This paper presents ACLGuard, a novel physics-aware KAM monitoring system designed for out-of-lab
ACL injury prevention training. ACLGuard utilizes a combination of continuous monitoring with a set of IMUs and a one-time
body capture with RGB-D camera. We identify key limitations in existing approaches, including insufficient body information
and inadequate encoding of biomechanical principles. To overcome these challenges, we introduce a one-time RGB-D registration
scheme to capture comprehensive body information and develop an inverse dynamics (ID)-guided modeling algorithm to
incorporate biomechanical principles into the system. However, extracting kinematic features under high-risk conditions and
obtaining representative body features with respect to ID principle are challenging. Even worse, these extracted imperfect
features increase the ID-guided modeling difficulty for KAM estimation. To derive meaningful physical features, we propose
a hybrid deep learning model referring to motion patterns and physical priors. For ID-guided modeling, we introduce an
attention-enhanced multi-task learning framework to establish hidden physical mappings from imperfect features to KAM.
We collect a dataset from 10 athletes and 9 non-athlete subjects, containing four main high-risk tasks in real-world ACL injury
prevention. Evaluations show that ACLGuard achieves an average root mean square error of 0.176 Nm/kg and a normalized
root mean square error of 11.5% in KAM estimation, comparable to existing markerless motion capture solutions but offers an
on-field monitoring potential with a significantly simpler setup.
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Fig. 1. Usage Scenario.

1 INTRODUCTION

ACL injury is one of the most common and severe knee injuries across sports with more than two million cases
worldwide annually [49]. Given the high surgical cost and negative influence on athletes’ career [24], prevention
training programs have been proposed to mitigate its risk [19, 20, 51]. Since ACL injuries often occur in high-risk
tasks, which are highly dynamic movements like cutting and pivoting, training programs try to educate athletes
to perform tasks in a safe manner by improving neuromuscular control [4, 19, 24].

Evidence has shown that augmenting prevention programs with bio-feedback on risk factors is essential to the
athlete’s neuromuscular control ability and thus greatly reduces injury risks [19, 24, 29]. The knee adduction
moment (KAM), which measures the knee joint loading, is considered a primary ACL injury risk factor and
an effective bio-feedback metric [7, 19, 55]. Reducing KAM during training can achieve more effective injury
prevention.

Accurate KAM measurement requires a biomechanical analysis system combining motion capture (MoCap) and
force plates [15], but the complex setup and needs of on-body reflective markers limit its real-world deployment.
Markerless MoCap systems simplify the setup requirements [21, 58]. Though achieving accurate estimation,
these systems cannot apply for on-field training due to limitations in field-of-view and occlusion. Mobile sensing
solutions are better suited for on-field scenarios, including pressure insole-based [30] and IMU-based [11, 54]
ones. While comfortable, current pressure insole-based solutions lack durability under constant heavy loads in
high-risk conditions. IMU-based methods are more stable and achieve effective estimation in daily conditions
[27, 59]. However, recent IMU-based work performs badly in high-risk tasks [54].

We dive into details to find out the main obstacle hindering the performance of IMU-based methods among high-
risk tasks. The key limitation is insufficient body information and inadequate encoding of biomechanical
principles in modeling KAM. As a physical quantity represents torque, KAM’s computation requires not only
motion information, but also body information including mass and moment of inertia. Moreover, as is discussed
in Sec. 3, the mapping from motion to KAM is highly non-linear and complex, which involves sophisticated
physical constraints. Current IMU-based solutions only utilize the motion information and treat the mapping as
a black box in an end-to-end manner without much physical prior. This critical insufficiency results in current
inferior performance in KAM estimation. From the literature, we notice that we can complement the body
information via one-time RGB-D camera scanning [30], which can be achieved in an off-field manner. In
addition, leveraging the principle of inverse dynamics (ID) can better decipher the complex mapping to
KAM and guide the modeling [22].
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Fig. 2. System Overview.

In light of this, we present ACLGuard, a physics-aware KAM monitoring system for ACL injury prevention. Fig.
1 illustrates our system setup. To provide body information without on-field camera capture, we introduce one-
time off-field RGB-D registration. We utilize seven IMUs attached to lower limbs for on-field motion monitoring.
We additionally design modeling algorithms based on the ID principle. Fig. 2 shows our system overview. Two
main challenges need to be addressed to realize such a system:

e Extracting kinematics and body features. Estimating kinematics features from IMUs is difficult in high-risk
tasks due to fast and abrupt body changes. Moreover, to cover the high variations of movement patterns, a large
amount of data is required. In addition, from the ID principle, the body features we needed are essentially the
mass matrix, which is motion-dependent and requires continuous monitoring by motion capture. Extracting
representative features from one-time off-field RGB-D capture to provide information regarding mass matrix is
challenging.

e Effective ID-guided modeling on imperfect features. Given the real-world measurement constraints,
the above features might be imperfect and inaccurate, making it difficult to use physical equations explicitly.
Moreover, large KAM variations across tasks and subjects caused by motion and landing differences impose
difficulty in data-driven methods. Hence, designing a modeling scheme with physics-awareness under such
limitations needs additional considerations.

Towards the first challenge, we propose a Biomechanical Information Retrieval module with hybrid deep
learning architecture. Specifically, in response to the fast and abrupt motion changes, we design a hybrid
neural network architecture with two parallel branches, capturing both short-term motion features and general
kinematics patterns. To overcome the data scarcity issue in high-risk conditions, we propose to pretrain the
module on large open-source motion capture datasets with synthesized IMUs. In terms of the body features, we
identify the representative quantities, namely Body Segment Parameters (BSPs) including segment mass, center
of mass and moment of inertia. We then utilize BSPs to supervise the extraction of the most representative body
feature toward mass matrix with respect to ID principle analysis from the one-time RGB-D registration.

For the second challenge, we design a Physics-aware KAM Modeling module, which encodes the ID principle
into the models. Inspired by the three necessary physical quantities in the ID principle, we design a multi-task
learning framework with auxiliary tasks on Mass Matrix, Center of Pressure and Ground Reaction Force to
prevent potential error accumulation of explicit physical equation usages on imperfect features. We enhance the
framework with a multi-head self-attention mechanism to better fuse the features learned from these tasks. Toward
the highly variable KAM patterns in ACL injury prevention training, we additionally enhance the framework
with a knee adduction angle-guided Mixture-of-Expert (MoE) design to better capture these variations.

We collaborate with an ACL injury research center and enroll 10 athletes as well as 9 non-athlete subjects,
comparable to existing dataset size in related ACL injury prevention works [18, 54]. We collect data with four
typical types of high-risk tasks (cutting, pivoting, double- and single-leg jump-landing) in ACL injury prevention
training [4, 24, 55]. We closely work with biomechanical experts in high-risk task selection, the correctness and
safety of task execution. Our dataset includes variations in knee movements when performing tasks, making
it closer to real prevention training scenarios. Evaluations demonstrate the effectiveness of ACLGuard, with
an average root mean square error (RMSE) of 0.176 Nm/kg and a normalized root mean square error (NRMSE)
of 11.5%, largely outperforming previous IMU-based solutions by reducing over 60% error and comparable to
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the Markerless MoCap solution but with on-field monitoring potential and a much simpler setup. The accuracy
we achieved is regarded as a reasonably good level in terms of joint moment estimation in related work in the
biomechanical field [31].

We summarize our contributions in three folds:

o We introduce ACLGuard, a novel physics-aware KAM monitoring system for on-field ACL injury prevention
training. Our system enhances IMU sensing with one-time RGB-D registration method, enabling physics-
aware kinetic analysis with motion and one-off visual feature inputs.

e We propose a novel physics-aware KAM modeling framework inspired by the principle of inverse dynamics,
achieving effective physical principle encoding into data-driven models based on attention-enhanced
multi-task learning. We additionally designed biomechanical information retrieval module to improve the
kinematics and inertial feature extraction.

o We evaluate ACLGuard using our collected dataset consisting of 10 athletes and 9 non-athlete subjects.
The evaluation results demonstrate an average RMSE of 0.176 Nm/kg and NRMSE of 11.5%, achieving
comparable results to markerless motion capture solutions but with on-field monitoring potential and a
much simpler setup. The code is open-sourced in the following link: https://github.com/aclguard/ACLGuard

2 BACKGROUND
2.1 ACL Injury Prevention

The ACL is a crucial component of the knee joint, playing an essential role in resisting anterior tibial translation
and internal-external rotation of the tibial to ensure knee stability. Under abrupt and high-intensity pulls, the
ACL may get injured or even torn up. ACL injuries occur most often during sports that involve sudden stops,
directional changes, jumping or landing, such as soccer, basketball, and handball, where the ligament’s ability to
resist extreme loading is challenged [5].

To prevent ACL injuries, various programs have been proposed to train athletes to reduce risk factors. Among
them, augmented training with biofeedback has been proven effective in reducing risk factors. This kind of
program will monitor essential biomechanical metrics during athletes’ movement, and feedback to them for
posture correction to prevent potential injuries. Multiple feedback metrics have been validated for ACL injury
prevention [5, 19, 23, 41], among which KAM is considered as a better choice since it has been strongly recognized
as the main risk factor of ACL injuries [40, 53, 60].

In terms of feedback scheme, studies [6, 41] have shown that with real-time feedback, the biomechanical metrics
of athletes are improved when they perform squatting. Compared to kinematics feedback, kinetics feedback
can significantly better help the athletes adjust KAM to the target safe region [19]. Moreover, to reduce KAM,
individualized methods are suggested to be tailored for different athletes, as the response of KAM to instructions
could diverse a lot among different subjects. With customized feedback and corresponding instruction, instant
reductions in KAM are observed in [5], ranging from 13.4% to 17.1%.

Given the importance of ACL injury prevention and the effectiveness of KAM biofeedback training, we are
motivated to design a system that can monitor KAM during training activities for ACL injury prevention.

2.2 Knee Adduction Moment

Knee adduction moment (KAM) is the moment of the knee joint in the frontal plane, which is widely used to
indicate the loading of the knee joint. It is considered a primary risk factor for ACL injury, as studies have
shown a significant correlation between injury risk and KAM value during high-risk tasks like jump-landing and
cutting [26, 42, 45, 55]. The potential reason behind is that ACL is not well-equipped to resist adduction moments,
as its primary function is to prevent anterior tibial translation and rotation. If KAM exceeds the capacity of the
stabilizers, ACL will have a high risk of rupture [60].

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 9, No. 4, Article 231. Publication date: December 2025.


https://github.com/aclguard/ACLGuard

ACLGuard: Physics-Aware Knee Loading Monitoring System for Anterior Cruciate Ligament Injury Prevention Training « 231:5

~
: : | Equations of motion U =) joint Kinetics
Inverse Kinematics = ~~
e BodyPositionData ! ||/ ointKinematics |[! . MassMatrix! | Centerof [ . Ground |
' i i g Reaction |
1 N | oL Pelvis coord. ! | ! Force 1
| Y, i » VB o I i
: Global coord. : : 0 Hip joint coord. : :
1 g i R & Knee joint coord. J '
] ZAX T ] i
i { | & Ankle joint coord. 1 !
\ B )

Inverse Dynamics

i :
T
Ef'." A i © Py

@

Segmental Moment Center of W/
‘ ' Mass  Oflnertia  Mass KAM calculation involves Inverse Kinematics and Inverse Dynamics,
LA B()dy Information and Body Information is a necessary supplement.

Fig. 3. Design Rationale lllustration. ACLGuard combines body information and joint kinematics to estimate KAM based on
learning key components in inverse dynamics principle.

The measurement of KAM is a non-trivial task, as it not only correlates with joint motions, but also biome-
chanical structures of individual subjects. The fundamental principle to calculate KAM is inverse dynamics,
which requires body anatomical measurement, high-precision motion tracking and external force measurement
[15]. The detailed inverse dynamics principle will be illustrated in the Sec. 3. The typical way of obtaining these
information is through 3D motion capture and ground reaction force measurement system. However, its high
setup complexity and measurement area limitation hinders the usage in real on-field monitoring scenarios. We
therefore try to provide a more convenient measurement of KAM while preserving the accuracy in out-of-lab
training circumstances.

3 DESIGN RATIONALE

To compute joint moments like KAM, the current biomechanical analysis goes through the procedure of inverse
kinematics and inverse dynamics [15], which is shown in Fig. 3. Our system’s design is largely inspired by these
two principles.

3.1 Inverse Kinematics

In detail, such analysis procedure starts with inverse kinematics, which resolves human locomotion in joint
space through decoding movements in the Cartesian space based on the kinematic chain of musculoskeletal
models. The main idea of inverse kinematics is to solve the corresponding joint angle based on the coordinates
of the musculoskeletal system’s end effectors in world space. Each joint angle can be determined based on its
successor’s position and overall understanding of the kinematic chain. The procedure of inverse kinematics is a
complicated non-linear mapping [15].

Given the fact that inverse kinematics procedure is highly non-linear and requires prior knowledge of the
kinematic chain, in our system design, constructing the mapping from motion to joint space kinematics is a
non-trivial task. Inspired by the chain architecture and related work [64], we utilize a deep learning-based feature
extractor with hierarchical GRUs to predict joint angles based on their position in the kinematic chain. And as the
end effectors’ positions, which are the ankle joints in our case, are of paramount importance in constructing the
whole kinematic chain, we propose to predict contact information additionally to improve the overall kinematics
feature extraction. Moreover, in the ACL injury prevention scenario, the short-term changing patterns of joint
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kinematics are essential in capturing peaks of KAM, we propose a CNN-based feature extraction as well to better
capture changes in a local perception view.

3.2 Inverse Dynamics

After obtaining kinematics in the joint space, joint moments should then be computed based on the joint space
motion as well as external force measurements with respect to the following Newtonian dynamic equation [34]:

M(@)§+C(q.q) +G(q) =T+ JLF (1)

where g, ¢ and § are the joint space kinematics, and M,C and G are correspondingly mass matrix, Corio-
lis/centrifugal and gravitational effects. The Coriolis and gravitational terms are matrices that describing the
earth rotation and mass’s impact on the body segments. These terms are relatively stable in daily conditions.
On the right-hand side, r stands for the joint moments and ]IZ F term presents the impact of external force on
the system, in our case, the Ground Reaction Force (GRF). Note that this is a segmental equation so multiple
equations will be established in the human musculoskeletal system. For a human body system with N degree of
freedoms (DoFs), we will have N equations here. In addition, we can have 3 more equations to model the human
body as a whole by:

Ma= Z Fe! )

1

where a is the acceleration of the system root in Cartesian space, and the right-hand side is the sum of all GRFs.
From the above equations, we can see that we need to model not only the motion in the joint space, but also the
body inertial properties of the musculoskeletal system (mass matrix) for KAM modeling. While the GRF term also
makes an influence, there are some redundancies as we have N DoFs but N + 3 equations in total, where the three
more equations come from Eq. 2 that describing external force’s impact. If we only get one leg contacting the
ground, which is common in highly dynamic conditions, we can obtain joint moments only with information on
joint motions and body inertial properties. And for double-leg contacting conditions, some works are reporting
a strong correlation between motion pattern and GRFs [48], making the inference of force information from
motion information possible.

Inspired by the above equations, we propose to obtain body inertial properties and leverage the inverse
dynamics principle to bridge the information and prior gap in existing IMU-based methods. However, the body
inertial properties needed in the equations of motion is the mass matrix, which is a motion state-dependent
variable. Without continuously monitoring the body movement as well as skeletal structure, it’s hard to accurately
and directly obtain this feature. By exploring the definition of mass matrix [33], we find that the concept of mass
matrix can be disentangled as joint-space motion-related features as well as Body Segment Parameters (BSPs).
The BSPs are motion state-independent variables including segment mass, Center of Mass (CoM) and moment of
inertia, which can potentially be captured through only one-time body measurement. We therefore propose to
capture BSPs for body inertial information, fulfilling the requirements of ID without a complicated setup.

In the meantime, since we are not able to obtain absolutely precise kinematics and body inertial information,
and also need to infer external force from motion, it will be quite inaccurate if we try to solve the physical
equations directly due to error accumulation. Motivated by the above-mentioned ID principles and the recent
success of deep learning-based physics modeling [10], we design physics-aware multi-task learning architecture
for final KAM regression. According to the illustrations above, we can see that both the mass matrix term and
the GRF term are essential components in the computation of KAM, but we do not have direct access to these
features. Notice that both of these components have a strong correlation with joint motion as well as body inertial
properties in principle, which may be modeled through deep learning, we therefore design auxiliary tasks with
respect to these two terms for better encoding of ID principle into our framework.
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4 SYSTEM DESIGN

Next, we will introduce the detailed designs of ACLGuard. It mainly consists of two parts: Biomechanical
Information Retrieval (BIR) module and Physics-aware KAM Modeling (PKM) module. The workflow of
the system is shown in Fig. 4.

4.1 Biomechanical Information Retrieval

To achieve good KAM monitoring, we need to provide comprehensive and accurate biomechanical features for
completing the dynamics analysis. As we have discussed in Sec. 3, we should capture both joint kinematics as well
as BSP for inverse dynamics. In a real-world ACL injury prevention training scenario, acquiring joint kinematics
and BSP accurately faces difficulties, leading to our following designs.

4.1.1 Kinematic Features Extraction. Getting accurate joint kinematics from inertial sensors is challenging given
the difficulty in understanding the human lower-limb kinematic chain from a Cartesian space perspective.
Especially, in a highly-dynamic movement scenario, the mapping from sensor readings to kinematics will be
extremely nonlinear and complex.

The reasons for kinematics feature extraction difficulty in highly dynamic conditions are in two folds: Firstly,
the general joint movement patterns are difficult to be captured correctly due to the frequent contact pattern
changes in highly dynamic conditions. Secondly, joint kinematics in ACL injury prevention conditions include
many fast and abrupt changes, requiring estimations on not only general body movement pattern, but also
short-term and abrupt body changes.

In light of this, we propose a hybrid RNN-CNN model to capture both the general joint angles pattern
information as well as subtle and short-term joint kinematic changes as our feature for KAM prediction. Since
our main target is knee adduction moment, which is majorly determined by lower limbs, in our design we focus
on capturing lower body kinematics. Inspired by [64], we adopted a hierarchical GRU architecture to capture
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the general lower limb joint kinematic patterns. Specifically, we design the module with consecutive 4 blocks
of 2-layer GRUs, with each block predicting the segmental kinematic information along the kinematic chain.
The architecture is shown in Fig. 5. The rationale is that, to calculate upper level kinematic along the kinematic
chain, we need to first solve the lower level kinematic, then combine it with motion signal captured on the
upper-level node based on the inverse kinematic principle [15]. The first GRU block will be used to estimate
leaf node kinematics, which are two ankle joints. Then the second GRU block will regress both leaf and middle
joints along the kinematic chain, namely ankle, knee and hip joints” kinematics, and the third GRU block will
integrate all joints’ information and try to predict root (pelvis) motion. In addition to general motion estimation,
we use the last GRU block to predict whether the subject is contacting the ground or not for better end effector
position analysis. Since the contacting condition is correlated with body inertial features like segment center of
mass, we here add inertial features in addition, which will be illustrated later, for better prediction of the contact
information.

Besides general pattern estimation through hierarchical GRU, we additionally design a ResUNet1D-based
feature extraction branch to capture short-term motion variations [17, 50]. Though GRUs are powerful in terms of
time series feature capturing, they may be insufficient in modeling some of the features within a local perception
field [13]. To provide a better perception of short-term changes on the motion time series, like sudden directional
change or joint instability, which are common in high dynamic training scenarios, we design a 4-layer UNet1D-like
backbone for such feature extraction. The reason for using UNet instead of traditional CNNs is that the jumping
connections of UNet can preserve more details of raw inputs while maintaining powerful feature extraction
ability given by deep network structure, making the model more sensitive to subtle motion changes [35]. To
overcome overfitting issues and empower better convergence, we additionally add residual connections into our
UNet architecture.

Unlike general movement patterns, the impact of short-term motion variations are mostly joint-specific. For
instance, the major influence of subtle left lower limb variation will be on left knee adduction moment, while
general posture of both legs determines the overall pattern of KAM. Therefore, we split three ResUNet blocks
with left, right leg and both legs IMUs as inputs to extract features with different emphases on short-term motion
variations of different body parts. For left/right knee adduction angle and moment estimation, we fuse GRU
feature with features extracted from ResUNet branch with the corresponding leg’s IMUs to let the model focus
on detailed motion of the that leg. As for GRF, CoP and Mass Matrix regression, the ResUNet feature we used is
from the branch with both left and right leg’s IMUs, in order to provide a more balanced focus on both lower
limbs. For better features capturing from signals, we use the Extended Kalman Filter on accelerometer data and
gyroscope data to generate rotation matrix as additional inputs into both GRU and ResUNet branches.

To empower our model with a better general joint kinematics estimation ability, we pretrain the GRU-branch
with the AMASS dataset [36] with synthesized IMUs as inputs as well as fitted joint kinematics as labels using
Nimblephysics engine [62]. AMASS dataset is a large-scale motion capture dataset that include accurate kinematic
labels of various activities. By pretraining on this dataset, the model can obtain a more robust kinematic estimation
capability. To make the IMU synthesis closer to the real-world sensor readings, we randomize the IMU positions
and add Gaussian noises to the synthesized IMUs. After the pretraining, we finetune the GRU-branch to better let
the model capture the patterns in high dynamic conditions. Then the module is trained together with the other
modules for the final KAM prediction. The workflow of this feature extraction module is shown in Fig. 5.

4.1.2  Body Segment Parameters Prediction. As mentioned in Sec. 3, besides kinematics information, we need
body inertial information for better fulfillment of the inverse dynamics procedure. BSPs, namely segment mass,
center of mass (CoM), and moment of inertia, are good target features that we can focus on to obtain body inertial
information. Accurate obtaining of these parameters requires sophisticated anthropometric measurements like
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CT or MRI [44], which are quite time-consuming and inconvenient for daily training usage. Recent papers [30]
demonstrate that estimating these variables accurately from visual body scan is possible.

Another fact is that BSPs are essentially correlated with segment lengths, widths as well as volumes, therefore,
it is possible to estimate BSPs if we can obtain accurate shape and volume measurement of each segment part
given body weight is known. Inspired by this, we propose to use a one-time RGB-D registration method for
capturing BSPs as shown in Fig. 6, making the measurement easy and practical in a daily training scenario. We
utilize the point clouds generated by the RGB-D camera to estimate BSPs, which contain geometric measurement
information in 3D space, as well as the total body mass for the regression of BSPs.

However, constructing the mapping from a point cloud of the whole body to the BSPs of each segment part
requires prior knowledge of joint and segment positions. However, existing methods to extract joint positions
will incur potential errors, leading to imprecise BSPs estimation. To avoid such error accumulation, we propose
an end-to-end approach here with data-driven models. Specifically, we utilize a 3-layer multi-layer perceptron
(MLP) to capture segmental information automatically without explicit joint positioning. To provide the posture
prior, we only need to sort all coordinate points within the point clouds along with three axes. Note that even if
we only construct half of the point clouds of the whole body, our method can still restore the whole body metric
with the assumption that the front half of the body shares similar features as the back one. The evaluation results
in Fig. 11 demonstrate the effectiveness of this approach. By automatically analyzing point cloud data using
MLP, we can obtain features regarding the body shape. Additionally, we design another MLP to project the body
weight into feature space and fuse with the body shape for BSPs estimation. And to extract inertial features from
BSPs supervisions for further KAM regression, we utilize another MLP before the next stage. With such a design,
we are able to obtain body inertial features in a simple setup and without training area constraints.

4.2 Physics-aware KAM Modeling

With sufficient biomechanical information retrieved, next we will illustrate our physics-aware KAM modeling
framework.

4.2.1 Inverse Dynamics-based Multi-task Learning. In order to achieve an accurate KAM modeling based on the
information we’ve obtained, we design a multi-task learning framework with respect to the principle of inverse
dynamics.

From the equation we introduced in Sec. 3, we need to know about GRF term JI A and Inertia Matrix M(q) to
get joint moments:

r=M(q)§+h(q.q) —JI A (3)
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here we combine gravitational and Coriolis effect term into one term h(q, ). Note that this term is relatively
stable due to the near fixed impact of earth rotation and mass on the body.

The Mass Matrix M(q) represents the inertial effect of the multi-body system of humans, which can be
determined by each segment’s BSP as well as the joint-space kinematics. Though determined, the transformation
from BSP and joint motion to mass matrix is rather complex and requires prior knowledge of the human
musculoskeletal system. Moreover, slight errors in joint motion estimation may result in erroneous mass matrices
in deterministic calculation systems, leading to a negative impact accumulation on KAM prediction. Therefore,
instead of using the deterministic approach, we use a data-driven approach and design an auxiliary task on
regressing Mass Matrix from motion features as well as BSP features.

The GRF term J! A represents the external force exerted on the multi-body system. The A gives the amplitude
of GRF while the Jacobian J; determines how the contact point force will impact the whole system, which is a
matrix whose shape is 3N X M that maps GRF into the joint space (N is the number of contact points and M
is the number of DoFs). Though there is no deterministic way to calculate A from motion, many recent works
have demonstrated a strong correlation between human motion and GRF amplitude, and the potential to infer
GRF amplitude from IMU sensors using data-driven approaches [25, 48, 56]. Moreover, from GRF’s dimension
of the physical quantity, we can infer that it is not only determined by motion, but also by masses encoded in
BSP features. We hence propose an auxiliary task to regress GRF amplitude from motion and BSP features. In
terms of the Jacobian Matrix, it can be determined based on the contact point locations as well as joint-space
kinematics of the current state. From a similar reasoning as the Mass Matrix regression, we choose not to use a
direct computational approach to calculate the Jacobian due to potential errors in kinematic and contact point
estimation. And note that the dimension of Jacobian Matrix J; € R3*M is rather large, leading to difficulty in
regression. Instead we use a surrogate variable, Center of Pressure (CoP), as an auxiliary task, which contains the
essential contact points related information encoded in the Jacobian matrix with fewer dimensions for a better
multi-task performance. Specifically, CoP is the point where the GRF on the body can be considered to act as a
single force. By determining both CoP and GRF value as well as combining the body kinematic status, we are
able to model the whole GRF term’s impact, including both Jacobian matrix and GRF amplitude. We utilize both
motion and BSP features for the CoP auxiliary task as well since the contact position information is determined
by joint space kinematics and body skeletal information.

With the above-introduced auxiliary tasks, the model should be able to capture essential mapping information
for KAM estimation. The corresponding multi-task learning design is demonstrated in Fig. 4. The rationale for such
ID-based multi-task learning framework is that the shared representation it learned from these biomechanically-
related auxiliary tasks can potentially reveal the biomechanical structure of human body and therefore help
estimate KAM significantly. For the modeling of these three tasks, we design two GRU-based blocks to capture
the related temporal features from the inputs, given its ability to model non-linear and complex correlations.
Each GRU block contains one-layer GRU and one linear layer for feature extraction and dimensionality reduction.
Since GRF and CoP describe the same term from different perspectives (value and direction), we choose to use
the feature embedding extracted from the same GRU block. Each branch receives the concatenation of BSP
and motion features extracted from BIR module and proceeds to further analysis. The final regressions are all
performed using 2-layer MLP in these auxiliary tasks. Note that for different regression tasks, we use different
feature extractors to avoid feature-wise cross-talk, since the features required for GRF term and Mass Matrix
term are rather different.

4.2.2  BSP and Kinematics-guided Mixture-of-Experts KAM Regression. On top of the learning of three auxiliary
tasks based on ID principles, we can next construct our KAM regression model. Given all the essential information
and features we have provided, the regression is still difficult.
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There are two main obstacles that limit the regression performance: Firstly, KAM pattern varies a lot due
to the nature of highly dynamic movements in ACL injury prevention training. A subtle movement pattern
change, like a slight knee adduction, will lead to a great KAM fluctuation, increasing the difficulty in balancing
between providing enough fitting capacity and preventing potential overfitting. Moreover, though in principle
BSP information is complementary to the motion information, the near-static characteristics of BSP may barely
lead to an improvement in KAM estimation. For different trials of the same subject, the BSP features are the
same since there is only one depth input. It is quite challenging to maximize BSP features’ utilization in a neural
network model.

Towards the first obstacle, we divide into the changing patterns of KAM and find that the variation of knee
adduction angle contributes to a large portion of variance in KAM peaks and patterns due to the biomechanical
correlation. Research demonstrates that knee adduction angle has a strong correlation with KAM patterns [52].
The rationale is that, KAM is enlarged when the direction of ground reaction force is not parallel with the tibia,
and such non-parallelism is often caused by adduction movement of knee joint, which directly leads to adduction
angle change. Therefore, we are inspired to let the model focus on the changing pattern of knee adduction angle.
Though we have kinematics-guided feature extraction in the BIR module, the features are more focused on the
general body posture instead of certain joint angle. We therefore design additional prediction branches on left
and right knee adduction angles to make the model’s attention on the adduction pattern of knee joints.

Moreover, since the KAM patterns in ACL injury prevention are rather unstable and varying compared to
normal activities like walking, the mapping from motion to KAM curve is rather complicated, which requires
deep models. However, heavy overfitting will happen given the mismatch between the large model capacity
and limited data size. To better utilize the prior that knee adduction angles are strongly correlated with KAM
patterns, we propose to utilize a Mixture-of-Experts (MoE) design in the KAM regression, to capture the complex
mapping from different perspectives guided by priors while preventing potential overfitting. In detail, there are
six MLP-based experts, each is a 3-layer MLP. The final output of the MoE module is weighing of all the experts
based on the switch, which is a 2-layer MLP with softmax. Instead of directly concatenating the feature learned
by knee adduction angle regression, we utilize its output as part of the input of the MoE switch, so that the MoE
can automatically allocate experts to learn different KAM patterns by knee adduction angle prior information.

Towards the second obstacle, to maximize BSP’s utilization, we review the BSP’s impact on knee adduction
moment. In principle, BSP can reflect the biomechanical structure of a human body, determining if a subject is
tall and thin, or short and fat. And based on the biomechanical structure of subjects, their movement patterns can
be clustered to some extent, as human motion patterns are largely determined by the biomechanical structure.
Therefore, we propose to make a better BSP utilization through two designs. We add feature-wise linear modulation
of BSPs on top of the motion feature instead of direct concatenation to make a better feature fusion.[46] The
rationale is that comparing to full attention of the feature, such technique can fuse features with less parameters,
preventing the network from potential overfitting. We also use BSPs as part of the input to our MoE switch.
The rationale for such BSP-enhanced MoE design is that KAM is naturally correlated with body parameters like
weight and height, which may have pattern clustering phenomenon among subjects with similar biomechanical
structures. MoE can capture such clustering by different experts, and therefore provide better generalizability.

Apart from the above-mentioned BSP and knee adduction angle-guided MoE design, we further propose to
enhance the final KAM regression with cross-attention. Note that we have mentioned that we split the left and
right lower limbs’ motion features, in KAM regression we also split the right and left leg to prevent potential
cross-talk inside the regressor, since the range of KAM of the left leg and right leg might differ due to the control
ability of dominant and non-dominant leg. However, we still need to fuse the information from both legs as well
as all the features extracted from the ID-guided multi-tasking. The rationale is that, when the knee adduction
moment is abnormal for one leg, the other leg might be in an unstable posture for dynamic body mass center
control during sports training [37]. To optimize the feature fusion, we propose to use a multi-head cross attention
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module on top of the concatenated features. We utilize the corresponding lower limb’s feature as key and value
while the other leg’s feature as query to emphasize the potentially important temporal positions in the other leg’s
perspective. We also design a residual connection on top of the attention module to preserve as much information
in the original features.

To better train our neural network, we design different loss functions atop our PKM module. Specifically, the
following are the loss functions:

0.5 [ly; — f(x:)I? Ny = fx)ll <6,
O* (lyi = fx)l =05%6) ,llyi = f(x)ll > 6

We adopt the weighted smooth quadratic loss here as our main regression function for KAM regression and
all the other auxiliary tasks. Note that y; here is the ground truth label and f(x;) is our prediction. § controls
the quadratic region of the loss, and «; is the weight. The rationale for using this loss is that the convergence
with general MSE loss may be affected by pattern outliers, leading to inferior performance in most cases. In our
KAM regression, the @; value is set to be the absolute value of ground truth, i.e. ||y;||, to emphasize the high-risk
region with higher absolute KAM values which we should pay more attention to. The § value we used in KAM
regression is 0.5. In other auxiliary tasks, the ; and § values are 1.0.
In addition to this, we further utilize frequency loss function in KAM regression:

Lrreq(yi, f(x:i)) = IFFT(y;) — FFT(f (x;))l| (5)

Here the FFT function means the real fast Fourier transform on the given time series. The motivation for using
this loss is that, smooth quadratic loss on the time domain focuses on lower frequency components of the KAM
curve in prior, and potentially ignores the higher frequency part. For instance, there are peaks or the points with
sudden directional changes on the KAM curves, which are important for regression error reduction. We guide
the model to emphasize these points by using this frequency loss. Apart from this, in order to avoid experts
collapsing in our MoE architecture, we use entropy loss on the switch:

Limain(Yi, f(x1), o) = a; * { 4)

N
Lentropy(switch;) = — Z switch; - log (switch;) (6)

i=1
so that the switch will consider all the experts’ outputs in a near-equal manner. The final loss function will then

be:

L= Z (aLimain(KAM;) + a Lreq(KAM;) + BLyain(knee adduction angle;)
ie(L,R)

3 7)

+ Lentropy(SWitChi)) + Z Lmain(OUtaux,—)

i=0
where the « is set to 5 and the f is 3 to increase the weight on main KAM as well as knee adduction angle
regression, and Out,,, refers to the output of each auxiliary task prediction.

5 EVALUATION

In this section, we will introduce our evaluation, including both study setup and results.

5.1 Study Setup

We first illustrate our enrollment and data collection details, followed by ground truth and training details.
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Fig. 7. High-risk Tasks Illustration. AD stands for knee adduction and AB stands for knee abduction.
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Table 1. Participants Statistics.

Stats Athletes Non-athletes
Population 10 9
Age (years) 24.7 (2.0) 24.2 (1.1)
Height (cm) 169.8 (7.9) 174.8 (10.2)
Weight (kg) 61.2 (10.6) 63.8 (10.6)
Body Mass Index (kg/m?) 21.2 (3.0) 20.9 (2.8)
Gender Female: 5 Male: 5 Female: 3 Male: 6
Tegner Score 6.1(0.3) 4.0 (1.2)

Statistic representation: Mean (SD).

5.1.1 Participants. We recruited 19 participants, including 10 athletes and 9 non-athlete subjects on the basis of
research protocols approved by the institutional review board. Written informed consent is obtained from all
subjects. Participants who score over 5 in the Tegner scale are considered as athletes with respect to the standard
in biomechanics research [9, 16]. All the participants have no reported knee pain symptoms or injury history. We
briefly present participant-related statistics in Table 1.

5.1.2 Devices. We utilize Microsoft Azure Kinect [38] as our RGB-D camera, and seven Noraxon Ultium Motion
IMUs [2]. In terms of the biomechanical system, we utilize Vicon motion capture system [3] as well as Bertec
force plate [1] to capture the motion and GRF data. We synchronize IMUs and the biomechanical system at a
sampling rate of 200Hz, while the GRF data is captured at a sampling rate of 1000Hz to capture detailed kinetic

information.
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5.1.3  Procedure. Before each data collection session, the participants receive a comprehensive overview of this
study and a detailed instruction. Then they will go through the one-time body scan registration, wear the sensors
on their body with the help of the researcher. After that the participants will be taught the high-dynamic tasks
first and then perform them one by one.

e One-time RGB-D Registration. The participants are asked to stand still in a T-pose in front of the RGB-D
camera. The distance between the user and the camera is around 1.5 meters. The reason is that the field-of-view
of Microsoft Azure Kinect in around 1.5 meters will cover the whole bodies of all our subjects. The subjects are
wearing tight T-shirts and sports shorts for more accurate BSP estimation, which are also common practice in
sports training settings.

e On-body Sensors Setup. For the reflective marker setup for the motion capture system, we place 34 markers

on the participants’ body, mostly based on the Rajagopal human model’s sample marker placement [47]. In

terms of the inertial sensor setup, we place seven sensors on the participants’ lower limb body parts via elastic
bands. We set one IMU on each lower limb segment and one on the pelvis, and adjust the position on thighs for
soft-tissue artifacts reduction [63]. In detail, we set: pelvis IMU at the center of the waist; thigh IMUs at the
middle of iliotibial bands, which are the centers of thighs in the side view; shank IMUs at the position that is

just below tibial tuberosities, and facing the front side of the shanks; foot IMUs at the arches of the feet. Such a

lower limb IMU setup set is a common practice for on-field monitoring of sports training with respect to the

recommended Noraxon IMU setup. The sensor placing illustration is shown in Fig. 8.

High-dynamic Tasks. Four typical high-dynamic tasks will be performed by participants six times each,

including double-leg jump-landing (DJ), single-leg jump-landing (S]), cutting (CT) and pivoting (PT)

with respect to common ACL injury prevention training tasks [24, 55]. The participants are asked to perform
all tasks on the force plates. We additionally ask participants to perform two trials with more knee abduction

(AB) and other two trials with more knee adduction (AD) to involve more movement variations that will

happen in real-world scenarios. Due to the difficulty in controlling the knee position during PT, we only ask

the participants to make such movement variations during the other three tasks. The demonstration of the

tasks is shown in Fig. 7.

5.1.4 Ground Truth. Based on the captured motion trajectories and GRF, we calculate the KAM with OpenSim’s
inverse dynamics tool [15], which is a widely accepted ground truth standard in biomechanics. In detail, we use
the Rajagopal model as our base human model and scale the model based on the static measurement test of each
participant. And for the auxiliary tasks, the ground truth value of mass matrix as well as BSPs are also obtained
from OpenSim. The GRF and CoP ground truths are obtained directly from the force plate measurement.

5.1.5 Training Setting. We implement our neural network models with Python 3.10 and PyTorch 2.5 [43]. All the
evaluation experiments are conducted on NVIDIA GeForce RTX 4090 GPUs. We utilize the leave-one-subject-out
scheme for all of our evaluations, with the test subject’s data unseen during training. We set the initial learning
rate to be 1e-3 for the training of joint kinematic features’ GRU branch as well as the BSP modeling before the
overall training. The rest training procedure is performed also with an initial learning rate at 1e-3 and a cosine
annealing warm restarts scheduling scheme, while the finetuning learning rate of GRU branch is 5e-4. We use
AdamW [32] as our main optimizer. The sequence lengths of inputs vary based on different trial lengths. The
details of the model parameters are provided in the open-sourced code repository.

5.1.6  Benchmark and Baseline. To demonstrate the performance of ACLGuard, we compare with the reported
results in state-of-the-art Markerless MoCap method [58] as well as IMU-based method [54] in high-risk scenarios.
To the best of our knowledge, there is no related work that combines IMU sensing as well as one-time RGB-D
registration for KAM estimation in this scenario, so we refer to the state-of-the-art IMU-based related work
and adopt a similar MLP structure as our baseline to evaluate on our dataset. In detail, the baseline model is a
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Fig. 9. Sample Prediction and Ground Truth.

Table 2. Overall Performance.

KAM
Benchmark RMSE (Nm/kg)]
Markerless Mocap [58] 0.16
ACLGuard 0.18
IMU-based [54] 0.53

three-layer MLP, with hidden sizes of 100 and 20 and hyperbolic tangent function as activation with respect to
the paper.

In addition to the above work that is most relevant to our scenario and setup, we additionally compare ACLGuard
with two models presented in other state-of-the-art work that also leverage IMUs to estimate human kinetics
metrics like joint moment and ground reaction force. We refer to [56] which designs a 6-layer Transformer-based
architecture for ground reaction force estimation, and [39] which proposes a temporal CNN (TCN) design for
joint moment estimation as our baselines as well.

5.1.7  Evaluation Metric. To evaluate the accuracy of KAM estimation of ACLGuard, we utilize two main metrics,
the root mean square error (RMSE) and normalized root mean square error (NRMSE). These two metrics are
commonly used in related papers [54, 58, 63]. The calculation formula for RMSE is as follows:

1 n
- D= )2
i=1

where y; is the ground truth value and g; is the prediction value. The unit of KAM is N - m/kg since we normalize
the joint moment value by the subject’s body weight, which is standard practice in joint moment prediction.

As the absolute value of KAM is non-intuitive to be understood, we additionally utilize NRMSE in our evaluation.
The calculation formula of NRMSE is:

RMSE =

RMSE
max(y) — min(y)

where y is the ground truth value of KAM. NRMSE presents a view of percentage error in KAM regression
task. As the KAM range will vary from different people, we utilize subject-wise normalization in this NRMSE
calculation. In the overall and ablation evaluation, we report both RMSE and NRMSE for comparison, while in
robustness and subject-wise study, we utilize NRMSE only as it can compare subject-wise performance in a more
fair manner.

NRMSE =
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Fig. 10. KAM Estimation Performance of Each Subject. The athletes and non-athletes are shown in red and blue correspond-
ingly. The middle line show the median NRMSE of each subject.

5.2 Overall Performance

5.2.1 Baseline Comparison. From the Table. 2, we can see that ACLGuard can achieve a comparable error
level with the existing state-of-the-art Markerless Mocap method in high-risk conditions. In addition, it greatly
outperforms existing IMU-based solutions by reducing over half of the error level. This result demonstrates
the effectiveness of our system, as we are able to achieve an acceptable performance without the limitations of
occlusion and out-of-view in vision methods.

Meanwhile, Table. ?? shows that ACLGuard performs better than all the baseline methods evaluated on our
dataset. Notably, ACLGuard’s performance surpasses the best performing Transformer architecture among all the
baselines by reducing more than 25% mean RMSE and decreasing NRMSE level to our 10% as well as achieving
smaller inter-subject standard deviation, showing the benefit of our designs. To give a more intuitive view of our
prediction performance, we provide sample prediction curves of each movement task conducted in Fig. 9, where
we can see that our system can not only predict the overall curve changing well, but also estimate the peaks at
an accurate level. Related works have discussed that around 10% NRMSE level is of a reasonably good level of
accuracy in terms of joint moment estimation [31], which can show that our system’s performance is acceptable
for potential real-world usage.

5.2.2 Subject-wise Performance. In addition, we here present our system’s performance on each individual
subject. The results are shown in Fig. 10, which uses box-plots to demonstrate the trial-wise error distribution
within each subject. The subjects are divided into two groups with respect to whether they meet the criterion of
athlete or not based on the Tegner scale. To mitigate the impact of KAM value range difference among different
subjects, we utilize NRMSE in this evaluation. From the results we can see that, our system can achieve a relatively
consistent estimation performance across different subjects with all the subjects’ mean NRMSE level is around
10%, while the intra-subject error rate variation is a bit high, which may be due to the varying movement tasks
and large movement variations we introduced in our data collection protocol. Notably, the variation in athletes
population is slightly smaller than the normal control group, while the mean error level is similar, which may be
a result of athletes’ stronger capability in controlling their movement in high-risk tasks while the non-athletes
will have a larger variation in high-risk movement patterns. Overall speaking, the subject-wise performance
shows the robustness of our system’s performance among different testing subjects.
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Table 3. Benchmark Comparison.

KAM
RMSE (Nm/kg)| NRMSE (%)]
ACLGuard 0.176 (0.030) 11.5 (1.65)
Transformer [56] 0.239 (0.035) 15.4 (2.09)
TCN [39] 0.261 (0.031) 17.1 (2.55)
MLP [54] 0.293 (0.031) 19.1 (2.25)

Stats representation: Mean (SD). Best results are in Bold.
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Fig. 11. Performance of BSP Estimation.

5.3 Modular Evaluation

Next, we evaluate the effectiveness and contribution of system modules we’ve designed. We illustrate the
effectiveness of our estimation on BSPs utilizing point clouds captured by RGB-D camera, and presents the
ablation studies of all the designed modules.

5.3.1 Performance of BSP Estimation. The demonstration of RGB-D based BSPs estimation accuracy is demon-
strated in Fig. 11. We present three separate scatter figures to show the regression accuracy of three parameters
of BSPs: segmental mass, segmental CoM and moment of inertia. The red line is provided as a reference line of
predictions and ground truths are the same. We collectively demonstrate the performance of the segments of all
subjects in these figures. From the results we can see that, all the BSPs are predicted with a strong correlation
against the ground truth value. For segmental mass estimation, the ground truth from OpenSim is a linear scaling
of the total mass measured in principle, which leads to a strong linear correlation as we also have total mass
as well into our BSP estimation module. In terms of CoM and Moment of Inertia, the mappings in OpenSim
from the marker and mass measurement to them are more complicated, which involves locating bony landmarks
and conducting distance measures in the musculoskeletal model, leading to a larger variability in the error rate.
Nevertheless, the overall prediction performance is still good for all segments and all subjects, demonstrating the
effectiveness of the BSP module.

5.3.2  Benefit of BSP Module. Next we will explain the benefit of BSP module. We perform an ablation study by
replacing genuine BSP inputs with pseudo BSPs of the subjects. The result is shown in Case 2 of Table. ??. We
can see that by comparing Case 1 and 2, both the RMSE and NRMSE increased, demonstrating the effectiveness
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Table 4. Ablation Studies

KAM
Case BSP KFE MTL MoE RMSE (Nm/kg)(l) NRMSE (%) (])
1 v v vV 0.176 (0.030) 11.5 (1.65)
2 X v v 0.187 (0.028) 12.2 (2.03)
3 v vV x 0.189 (0.032) 12.3 (1.91)
4 v v X x 0.270 (0.063) 17.8 (4.33)
5 X X v 0.213 (0.036) 13.9 (2.17)

| indicates a lower error.

BSP: Body Segment Parameters Prediction.

KFE: Kinematic Feature Extraction.

MTL: Inverse Dynamics-based Multi-task Learning.
MoE: BSP and Kinemaitcs-guided Mixture-of-Experts.

of the BSP estimation module. In addition, for NRMSE part, the standard deviation level also increased a bit,
showing that BSP module can help stabilize the overall prediction performance. It is worth mentioning that,
though erroneous BSP information is provided in this ablation study, the system might inferred related physical
constraints through inverse dynamics-based multi-task learning procedure.

5.3.3 Benefit of KFE Module. By comparing Case 2 and 5, we are able to decode the effectiveness of the KFE, or
kinematic feature extraction module. For the ablation study conducted in Case 5, we remove the feature extraction
module for both kinematic as well as BSP part, only keeping the raw IMU and one-time RGB-D registration data
as input to ensure the information is the same. We can see that comparing to Case 2, Case 5 has an increase in
both mean RMSE and NRMSE. Such benefit comes with the motion feature extraction ability provided by both
pretrained GRU-based and ResUNet-based architecture.

5.3.4 Benefit of MoE Module. In addition, we evaluated the benefit of BSP and kinematics-guided MoE module
by comparing Case 1 and 3. In Case 3 we replace the MoE module with a simple MLP for ablation study. We can
see that both the mean RMSE and NRMSE increased, showing the gating scheme and MoE design can effectively
reduce the overall estimation error level.

5.3.5 Benefit of MTL Module. We also validated the benefit of MTL module by comparing Case 3 and Case
4. In Case 4 we remove the whole physics-aware KAM modeling module. We can see significant performance
degradation after removing the MTL module, in terms of both mean error level and variation level. This can
be explained by the rationale that ID calculation will require parameters including GRF, CoP and Mass Matrix.
By predicting these auxiliary tasks, the backbone of neural network will learn a better hidden space to model
kinetic metrics from motion and body features. With such a MTL design, the system are able to make better use
of captured motion signals and body measurements towards the KAM estimation.

5.4 Multi-task Learning Dynamics

In this section, we will provide training dynamics and performance of the inverse dynamics-based multi-task
learning module of our system.

As the nature of multi-task learning will involve potential training instability, we here demonstrate the mean
evaluation loss curve on all test subjects in Fig. 13. We can see that in all three auxiliary tasks, the evaluation loss
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Fig. 13. Multi-task Learning Accuracy. y-axis corresponds to the axis of gravity.

all drop smoothly as the training converges. The mass matrix regression converges most quickly while the GRF
converges slower. However, after the training goes to around 60 epochs, all three auxiliary tasks converges. This
demonstrates the effectiveness of our training procedure in these tasks.

Moreover, we here provide the estimation accuracy of these auxiliary tasks in the final model. As the mass matrix
is high dimensional (N X N, where N is the DoF of the whole human body) and its value is not intuitive enough,
we here only provide the prediction result of GRF and CoP. We can see that, the largest GRF estimation error is
on the y-axis (the axis of gravity.), which is only around 3N, and the CoP estimation errors of all three axes are
around 5cm. These error levels are quite small, especially in highly dynamics scenarios, where the value of these
parameters may change drastically, showing the effectiveness and benefits of our system’s MTL design.

5.5 Robustness Analysis

To investigate the system’s effectiveness under different subject-wise or activity-wise conditions, we conduct a

robustness study with respect to five impact factors in real-world scenarios, including types and variations of
movements, subject demographic characteristics and sensor setups.

5.5.1 Impact of Movement Types. One major impact we want to investigate is that of different movement types.

During our data collection, we ask all subjects to perform four major types of high-risk tasks that commonly
practiced in ACL injury prevention training, namely double-leg jumping (D]), single-leg jumping (S]), cutting
(CT) and pivoting (PT). Notably, from Fig. 14a and 14b, we can see a relatively smaller mean error and standard
deviations for DJ and CT trials, while larger mean error level as well as variations in SJ and PT. This is due to
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the fact that S] and PT can be comparatively more dynamic and of higher landing impact than the other ones,
leading to more variations and larger value ranges compared to DJ and CT. However, the mean error level of SJ
and PT are not significantly higher compared to the other ones, with around 10% NRMSE. Given the higher value
range of SJ and PT, we think the system’s overall performance is still robust against different movement types.

5.5.2 Impact of Subject Groups. Next we consider the impact of subject groups. We divide all the subjects
into athlete group and non-athlete group with respect to their Tegner scale, and report their trial-wise mean
NRMSE and standard deviations with respect to their movement tasks in Fig. 14a. We can see that apart from
the previously discussed performance differences in movement types, there is a slight mean error level increase
but not significant in non-athlete group comparing to athlete group in three tasks, which echos our previous
discussion in Sec. 5.2.2. But overall, both the error means and variations are of the same level, demonstrating the
robustness of our system against different types of users.

5.5.3 Impact of Movement Variations. To make our evaluation closer to the real-world prevention training
scenario, we asked the participants to perform tasks with three different types of movement variations as
described in Sec. 5.1: land with natural knee position, land with knee abduction and land with knee adduction.
Due to the task difficulties, we only ask subjects to perform such movement variations in DJ, S] and CT tasks,
and report task-wise and movement variation-wise performance in Fig. 14b. From the figure, we can see that
the error rate is relatively same in both adduction and abduction poses for DJ and SJ tasks. While for CT task,
abduction and especially adduction pose will lead to some increment in error rate. The reason for this might
be due to potential knee instabilities in such movement variations during CT. And in S] task, the mean error
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Fig. 15. Impact of Sensor Shifting.

rate is generally higher due to the inherent task difficulty as the subject need to keep balance, which covers the
performance differences due to movement variations. In D] task, the overall body movement is more stable, which
leads to a more consistent error rate under different posture variations. Nevertheless, even for the adduction pose
in SJ task, the error rate is still below 15%, demonstrating the system’s robustness against movement variations.

5.5.4 Impact of Subject Body Measures. We move on to discuss another two potential subject-wise factors, which
are the heights and the weights of subjects. We here analyze the impact of these two factors and see if they will
impact the robustness. The results are given in Fig. 14c and 14d. We can see that the performances of our system
are around the same level for different height and weight groups, while the larger heights and weights seem to
give slightly bigger mean error rates and standard deviations. The reason behind this might be that those subjects
will have a larger impact load onto the ground in highly dynamic tasks, which leads to some error increment.
However, the error levels are still of the same level and acceptable in general.

5.5.5 Impact of Sensors Reattachment. We further conduct one robustness study, which involves three subjects
performing the same experiments in two days, with all the IMU sensors reattached to certain body parts. Since
we cannot ensure the placement of wearable sensors to be exactly the same across different trainings, we use
such a performance comparison to demonstrate our system’s robustness to the setup differences caused by sensor
reattachment. We don’t include all data of that testing subject from both days when evaluating reattachments.
From the result we can see that, there are some but no significant changes in the error levels across setups for the
first two subjects, and only a slight increase of NRMSE of T2 and T3 in second day’s setup, but all six trials’ mean
error rate is in an good region around 10%, which is acceptable and demonstrates the system’s robustness on
sensor reattaching setups.

5.5.6 Impact of Sensors Shifting in Real-world Settings. To further investigate the impact of real-world deployment
issues, we here demonstrate another robustness study regarding the influence of sensor placement shifting on our
system, which is shown in Fig. 14f. We consider two main cases of sensor shifting: downward slipping (Down_1
and Down_2 in the Figure), which is the most common shifting case that happen after multiple high dynamic
movements like jumping and cutting; rotary shifting (Rot_1 and Rot_2 in the Figure), which will appear when
there are heavy soft-tissue artifacts during training. Number 1 and 2 in the label refer to the extent of shifting, in
which setup 2 is more deviated from the normal setup position. The schematic diagram of the wearing setups
is provided in Fig. 15b. Since the shifting will mostly happen in thigh and shank, in this experiment the setup
changes are performed in thigh and shank of both legs.
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Table 5. System Latency.

Device BIR Module PKM Module Total
CPU 138.3 ms 37.2 ms 175.5 ms
GPU 34.0 ms 3.9 ms 37.9 ms

In this evaluation we collect two subjects’ data, and don’t include all data of that testing subject from the training
set when evaluating. Since there will be no ground truth motion capture system in the out-of-the-lab settings,
we here provide an alternative strategy to validate the system’s robustness. We simultaneously set and record
IMUs in both normal and shifting setups, and compare the prediction results of both setups to demonstrate the
model’s robustness against different IMU setups. The metrics provided here is relative NRMSE comparing to
the prediction of normal setup to demonstrate the system’s prediction consistency. We can see that for both
the downward slipping cases, the relative NRMSE is only around 3%, demonstrating that the system is robust
against the case that the IMU band slip down a bit. Comparatively, the estimation differences to normal setup
of rotary cases are larger, showing that the relative attitude of IMU to the segment will indeed influence the
system’s performance to some extent. To demonstrate our system’s robustness in a more intuitive manner, we
here provide the sample KAM estimation curves in Fig. 15a.

5.5.7 Impact of Body Variability in RGB-D Initialization. We additionally explore the impact of body variation
factors on RGB-D initialization and BSP estimation part. Since we utilize vision-based methods, there might be
potential influence from clothing, shooting conditions and etc. We here investigate two main factors, which is
the clothing change and shooting angle difference, by additionally collecting one-time RGB-D registration of
two subjects that are involved in our main dataset but with different clothing or shooting angle setup. During
main dataset collection, we ask the subjects to wear tight clothes for better BSP estimation. We here ask the test
subjects to wear loose T-shirts for shooting. For evaluating the shooting angle difference, we shoot from the
front-left side of the subject instead of the front side to see its impact. Fig. 16 demonstrates the mean R? Score
and standard deviations of two subjects’ BSP estimations. We can see that, for the Segmental Mass and CoM
estimation, the impact of both clothing and shooting angles are small, while for moment of inertia, the shooting
angle change degrades the BSP estimation while the impact of clothing change is also not that significant. This
can be explained by the shooting angle change will largely alter the distribution of point clouds, leading to a
relatively poor estimation performance. Nevertheless, the R* Score is still around 90%, showing the robustness of
our BSP estimation module.
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5.6 Model Inference Analysis

In real-world deployment scenario, the model will be run on the coach’s laptop and showing the KAM curve
after one training trial, normally several seconds, and the coach will accordingly give instructions to the athlete
for adjusting their postures and movement patterns. Such a scenario requires the model to have a relatively low
inference delay. Hence we here evaluate the inference latency of our system. The results are shown in Table. 5.
Since the lengths of input sequences may vary depending on the trial duration, we here present the latency by
normalizing the real delay into the number of milliseconds per one-second sample. We test the inference delay
on AMD EPYC 7542 CPU and NVIDIA GeForce RTX 4090 GPU. We can see that the inference latencies on CPU
and GPU are less than 200 ms per each one-second sample, indicating the potential of real system deployment in
on-field scenario.

6 RELATED WORK
6.1 KAM Estimation in Normal Activities

Various solutions have been proposed to estimate KAM in normal daily activities. A vision-based system developed
by Boswell et al. [8] uses 2D video analysis together with an automatic body landmark detection module to
predict KAM during walking. The camera is placed right behind the users when they are walking on a treadmill.
The system can achieve a Mean Absolute Error (MAE) of 0.53 and R? of 0.78. Tan et al. [57] propose to combine
the smartphone camera and IMU to predict KAM in gait. The cameras are placed at the back and right side of
the user, and eight IMU sensors are attached to their certain body parts. Its RMSE is 0.49 %2BW-BH, where BW
and BH are body weight and height. However, camera-based solutions are limited to certain areas, denying the
deployment in wild scenarios. Therefore, wearable solutions based on IMU are proposed. Jung et al. [28] presents
a system consisting of 9 IMU sensors to predict KAM during gait. A multi-model is designed to use data from
IMU attached to lower limbs, whose RMSE is evaluated to be 6.84 Nm. Wang et al. [61] develop a real-time KAM
feedback system. The system achieves an R? of 0.95 in KAM estimation during walking by leveraging two IMU
sensors firmly affixed onto ankles. Another system introduced by Bernd et al. [54] leverages IMUs to estimate
knee abduction moments during various locomotion tasks. For normal tasks of walking and moderate running,
the RMSE could achieve 0.18 + 0.06 and 0.37 + 0.14 Nm/kg. The RMSE increases to 0.80 + 0.46 Nm/kg when the
running speed is faster, indicating that KAM estimation in rapid movement is much more challenging. A recent
system proposed by Yang et al. [63] leverage both IMUs and sEMG to estimate knee adduction moment and
muscle force during walking for gait retraining. The reported NRMSE can achieve 9.95% in terms of walking KAM.
However, the sSEMG sensor may have potential signal quality degradation issue in highly dynamic conditions [14],
which may lead to performance degradation in injury prevention training scenario. All of the above-mentioned
KAM estimation in normal activities may have issues in highly dynamic conditions due to the movement nature
[54], therefore many methods have been proposed to achieve better estimation results in high-risk activities.

6.2 KAM Estimation in High-risk Tasks

Prior studies have also put efforts into KAM monitoring for high-risk tasks. Templin et al. [58] evaluated a
novel 3D markerless motion capture system in kinematics and kinetics estimation. The researchers conducted
drop vertical jump tasks with 127 athletes. The reported RMSE for knee abduction moments was 0.16 Nm/kg.
Annamaria et al. [21] examined the ACL Quick Check system in lower limb joint kinematics and kinetics when
performing double-leg squats. The system consists of cameras and plantar pressure insoles. Compared to the
ground truth calculated by ID, the mean RMSE of KAM was 0.42 N/kg. The camera settings limit these solutions
to certain areas. Moreover, both of them only validated the systems on one type of high-risk task. Wearable
solutions based on IMUs have also been proposed, taking advantage of their mobility in free-area. Serena et
al. [11] focus on knee joint moments estimation in vertical drop jump task. Three IMUs are attached to one
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leg for estimation. The proposed system achieved a mean RMSE of 0.04 Nm/kg. Although the performance is
acceptable, the system is only evaluated on one type of high-risk task performed by non-athlete subjects. The
system developed by Bernd et al. [54] is also validated on high-risk tasks like pivoting and cutting. Compared to
normal tasks, the performance degrades sharply on these two high-risk tasks. The RMSEs of predicted KAM
value in pivoting and cutting are reported to be 0.62 +0.19 and 0.92 + 0.54 Nm/kg respectively. In comparison, our
system successfully estimates KAM in four typical high-risk tasks performed by both athletes and non-athlete
subjects. Meanwhile, the proposed system could be potentially deployed for on-field ACL prevention training
scenarios with acceptable performance.

7 DISCUSSION

Population Diversity. Though we have included our dataset with both athletes as well as normal subjects with
respect to the Tegner scale, we did not study the impact of specialized sports types on the athletes. In addition,
the age distribution of our dataset does not vary a lot, even if it is within the common age group of athletes.
Since age and sports types will impact the ACL injury rate as well as their movement patterns, these factors
may influence our system’s performance. In the future, we will include a more diverse evaluation population to
investigate the impact of these factors on our system.

Feedback Design. This paper demonstrates that ACLGuard can be used as a system to augment ACL injury
prevention training by monitoring KAM. However, we haven’t designed and evaluated the feedback scheme of
KAM and its impact on the training effectiveness. But with a low complexity algorithm and accurate estimation
performance, this system has the potential to deploy in real mobile devices and adapt to different biofeedback
strategies like visual-based or audio-based. We will design and evaluate different feedback strategies on top of
ACLGuard in the future to validate their effectiveness.

Wearing Comfort. In this paper, we set up the IMUs with elastic bands. In order to make them relatively stable
to the body, the elastic bands need to be tightly tied. We conduct a short user feedback study on the participants.
One of them feels a bit uncomfortable due to the tightness, while three athletes and one non-athlete subject say
that they worry that such a system may affect their sports performance. In the future, we will try to re-design
the form factor of the wearables into a smart fabric-based system, to capture joint motions and kinetics with a
more user-friendly wearing experience.

Setup Requirement. In our system setup, the distance between the RGB-D camera and the human body is around
1.5 meters due to the field-of-view of Microsoft Azure Kinect in that distance can cover the body of all our subjects.
Note that once the RGB-D camera can capture the whole body, the distance should be acceptable for our setup,
but not strictly 1.5 meters. In addition, the number and placement of IMUs may also affect performance. Recently,
some works demonstrate that with incomplete set or placement variation of IMUs, good kinematics estimation
can still be achieved [64-66]. Hence, we believe that our system can perform well after some adaptations under
these conditions. In the future, we will further evaluate the influence of RGB-D camera distance and different
settings of IMUs on our system’s performance.

Validation Scale. In this paper, we evaluate our system on our self-collected dataset with 19 subjects in total,
including 10 athletes and 9 non-athlete subjects. Though the size of the dataset is comparable to other related
research in biomechanics field [ 12, 18], the sample size of is still relatively small for justifying the system’s
deployability in a more real-world condition. However, as the person-wise performance of our system is relatively
stable (see Fig. 10), we believe our system has a potential generalizability in a larger scale. Further exploration
and validation will be left as a future work.
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8 CONCLUSION

This paper presents ACLGuard, a physics-aware system for KAM estimation, designed to enhance ACL injury
prevention during high-risk tasks. We observe that existing IMU-based solutions fall short due to insufficient
body information and lack of ID principle encoding, and design a system integrating both motion and body
information with respect to ID principle. Towards the challenge in obtaining body information and extracting
related features, we propose a Biomechanical Information Retrieval module with a hybrid CNN-RNN module for
kinematic feature extraction model and a MLP-based BSPs feature extraction model. For the challenge of KAM
modeling based on ID principle with imperfect features, we present a Physics-aware KAM Modeling framework,
encoding ID principle into attention-enhanced multi-task learning framework. Evaluation shows ACLGuard
achieves an average RMSE of 0.176 Nm/kg and NRMSE of 11.5%, comparable to markerless motion capture
systems while enabling on-field usability with a simpler setup. These results highlight ACLGuard’s potential in
real-world on-field training scenarios.
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