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Abstract

With the rapid technological advancements in wearable devices, motion and health man-
agement have significantly improved, enabling the measurement of various biometric data
with compact equipment. Our research focuses on motion measurement but, in general,
full-body motion estimation requires motion capture systems or multiple inertial sensors,
making it necessary to directly measure movement itself. In this study, we propose esti-
mating full-body posture using inverse kinematics based on trunk posture and limb-end
information collected through wearable devices. To enhance estimation accuracy in this
underdetermined problem, we employ Physics-Informed Neural Networks (PINNs), which
efficiently learn using physical laws as a loss function, along with a high-precision inverse
kinematics model of a digital human. Through this approach, we enable high-accuracy
full-body posture estimation even with wearable devices in underdetermined scenarios.

Keywords: motion sensing; pose estimation; inverse kinematics; physics-informed neural
networks; digital human model

1. Introduction

Advancements in wearable sensors have made it easier to measure body movements
and health conditions, allowing various biometric data to be monitored using compact
devices [1-3]. Furthermore, advancements in Al technology have made it possible to
analyze these data and gain a more accurate understanding of body movements and
health conditions. In particular, motion measurement plays a crucial role in various fields,
including rehabilitation, sports science, and entertainment.

We have also been developing signal processing techniques and sensor fusion algo-
rithms aimed at high-precision human motion analysis using wearable sensors [4,5]. Our
research focuses on the measurement of body movements; however, full-body motion
estimation generally requires a motion capture system or multiple inertial sensors, mak-
ing it necessary to directly measure the movements themselves. Additionally, Inverse
Kinematics (IK), a fundamental problem in robotics, can be used to estimate the angles of
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intermediate joints based on the position information of the end effector. However, this is
an underdetermined problem, meaning multiple possible solutions may exist.

This study proposes a method for estimating full-body posture using an inverse
kinematics-based estimator, leveraging torso posture and limb-end data collected from
wearable devices. To improve estimation accuracy in this underdetermined problem, we
incorporate Physics-Informed Neural Networks (PINNs), which efficiently learn physical
laws as loss functions, along with a high-precision inverse kinematics model for digital
humans. This approach enables high-accuracy full-body posture estimation using wearable
devices, even in underdetermined scenarios.

The wearable sensor envisioned in this study is a neckband-type device. It functions as
an IMU to detect neck and upper body posture and is also expected to acquire front-facing
images of the human body via an embedded camera. A suitable example of such a sensor
is the “THINKLET” developed by Fairy Devices Inc. (Bunkyo-ku, Tokyo, Japan) [6], which
is compact and lightweight, making it unobtrusive even in demanding environments such
as construction sites or caregiving settings. This device is capable of recording Full HD
video at 30 Frames Per Second (FPS), and it can measure device orientation at a frequency
of 100 Hz using its built-in IMU. Unlike motion capture systems, wearable sensors do not
restrict the measurement space and can be deployed at relatively low cost—typically a few
hundred dollars—allowing for simultaneous monitoring of multiple individuals.

Several prior studies have explored wearable sensors that leverage first-person vi-
sual information, such as Rogez et al.’s “First-person Pose Recognition Using Egocentric
Workspaces” [7] and Deshpande et al.’s “Novel First Person View for Human 3D Pose
Estimation” [8]. The former is based on depth estimation, while the latter employs YOLOv7-
based pose recognition. Both approaches rely on advanced Al-based image processing
techniques. From the perspective of embedded signal processing, the authors have previ-
ously developed techniques specifically tailored for wearable sensor applications [4,9,10].
Viewed from this standpoint, conventional methods pose challenges for real-time imple-
mentation and battery life constraints. To address these issues, the present study seeks to
utilize a simple and implementation-friendly architecture—namely, a Multilayer Perceptron
(MLP). In order to enhance both training efficiency and estimation accuracy, the approach
integrates PINNS.

PINNa are increasingly being applied in various fields where traditional analysis has
been conducted using differential equations. For example, the application of PINNs to
kinematic wave theory utilizes hydrological and hydraulic physical phenomena to describe
flood and traffic flow dynamics [11]. The application of neural network-based IK solutions
has been widely explored in the robotics field [12-14]. Additionally, there are examples of
neural IK methods being used for human motion analysis [15], but the fusion with PINNs
remains a relatively unexplored research area.

The scope of this study is illustrated in Figure 1. As illustrated in the figure, this study
focuses on inverse kinematics within the broader field of kinematics, aiming to develop an
appropriate posture estimation model that enables more human-like posture representation.
In this study, the 3D spatial position of the end-effector, which is used as input, is treated as
a measurable quantity. This assumes hand recognition is performed using a first-person
camera mounted on a wearable device. The approach is based on Google Research’s
MediaPipe [16] and is being developed as a separate study within this project.
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Figure 1. Overview of the research target. By using a known 3D hand position, incorporating human
structural characteristics through PINNs, and representing nonlinear IK with a MLP, this study aims
to achieve high-precision full-body posture estimation with minimal input data.

2. Methods
2.1. Concept of High-Precision Posture Estimation from Limited Information

The proposed system consists of three main components: wearable sensors, a digital
human model, and a PINN. The wearable sensors are used to collect base posture and
limb-end position data from the subject. The wearable sensor in this setup is assumed to
incorporate an IMU and a first-person view camera. The IMU measures the orientation
of the coordinate system, while the first-person view camera captures the end-effector
position using tools such as MediaPipe Hand Detector. The digital human model serves as
a high-precision inverse kinematics model to estimate possible full-body postures based
on the collected data. The PINN incorporates physical constraints into its training process,
allowing it to refine the estimated postures by learning from both the sensor data and the
underlying physics. The system overview is illustrated in Figure 2.

Inference process

Positions of /" Posture of Estimated
Wearable | end-effector [ K function | middle limbs | Digital human | full-body posture
-
sensors as MLP model

Training process

Training MLP as
PINN with FK Using digital human’s FK in the loop on training

Figure 2. Overview of the proposed system for full-body posture estimation. The system integrates
wearable sensors, a digital human model, and a PINN to achieve accurate posture estimation from
torso and limb-end data.

The following subsections describe the details of the IK network designed in this study,
the application of the PINN to the IK network, and the utilization of the digital human
model, proposing a method to achieve high-accuracy full-body posture estimation even
with small data.

2.2. Inverse Kinematics Network (IK-N) Based on MLP

IK is a mathematical process used to determine the joint angles of a robotic arm or a
digital human model based on the desired position of the end effector (e.g., hand or foot).
In this study, we utilize an MLP network to perform IK calculations. The MLP takes as
input the torso posture and limb-end positions and outputs the estimated joint angles for
the full-body posture.
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Typically, IK is defined in the field of robotics as a problem of determining the end-
effector position and joint angles based on the robot’s geometric constraints, as suggested
by the term “kinematics.” This can be formulated as follows:

0= fIK(Pee)- 1)

Here, 6 represents the postures of middle-limbs, fix(-) is the inverse kinematics
function, and pe. is the end-effector position. In the case of simple joint structures like those
inrobots, fik(-) can be analytically determined. However, for complex joint structures, such
as those found in the human body, analytical solutions become challenging. Therefore, we
consider approximating this function using machine learning techniques. Additionally, one
of the advantages of using machine learning is that it can exclude infeasible solutions among
redundant solutions by using an appropriate dataset. In this study, fix(-) is represented
using a 4-layer MLP, where each layer has 32 dimensions, as shown in Figure 3. The
network size was experimentally determined to obtain appropriate outputs. As this study
focuses on conceptual validation of the proposed approach, the hyperparameters have
not yet been fully optimized. In anticipation of future embedded implementation—where
techniques such as model distillation and pruning may be applied—the current settings
were chosen to provide the MLP with a minimal level of nonlinear expressive power
required for the task.

Input Layer Hidden Layer

/2NN
(OO
PN RN N
QPO @SLA
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Output Layer
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Figure 3. Overview of the Inverse Kinematics Network (IK-N) based on MLP. The MLP takes
torso posture and limb-end positions as input and outputs estimated joint angles for full-body
posture estimation.

Potential IK network candidates include more complex Deep Neural Networks
(DNNs) [17-19], as well as the integration of Recurrent Neural Networks (RNNs) [20,21]
and Transformer models [22] for representing motion. However, as mentioned earlier, this
study aims to develop technology that can be integrated into wearable devices. Therefore,
a simple network architecture using MLP is adopted to balance the expressive power of
nonlinear mappings in neural networks with computational cost. By incorporating physical
laws using the PINN described later, we confirm that even MLP has sufficient expressive
power for IK.

The MLP is trained using a dataset of known joint angles and corresponding end
effector positions, allowing it to learn the mapping between these inputs and outputs. The
network architecture consists of multiple hidden layers with activation functions such as
ReLU or tanh, enabling it to capture complex relationships in the data. The output layer
provides the estimated joint angles, which can then be used to reconstruct the full-body
posture of the digital human model.



Electronics 2025, 14, 3055

50f 15

2.3. Physics-Informed Neural Networks for IK Network Refinement

PINNSs are a type of neural network that incorporate physical laws into the training
process. They are designed to solve Partial Differential Equations (PDEs) and other physics-
based problems by embedding the governing equations as constraints in the loss function.
This allows the network to learn not only from data but also from the underlying physics,
leading to more accurate and robust predictions.

In this study, we use PINNSs to refine the estimated full-body postures obtained
from the inverse kinematics model. The PINN is trained using both the sensor data
and physical constraints, such as joint limits, dynamics, and kinematic consistency. The
loss function of the PINN includes terms that penalize deviations from these physical
constraints, ensuring that the estimated postures are not only accurate but also physically
plausible. By combining the predictions of the IK model with the PINN, we achieve
high-accuracy full-body posture estimation even in underdetermined scenarios.

The training scheme of the PINN is illustrated in Figure 4.

Weight update

Training dataset IK-network (MLP)

End effeptor’s /A “\'l“ “ Estimated
po:’mon V' \"V/ $ ’ / “‘( posture
° X\ A'A @‘0“ A’A 4'i 6
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posture Loss migration
0 L=aly+ (1—a)lg

Physics information by precise digital human model

PINN loss (Kinematics error) FK by digital human
Lg = Ipee —Peell®  [| Pée = frx(87)

Normal loss (posture’s error)
Lg=ll6" -6 |

Figure 4. PINN training scheme. Physics information is obtained by the precise digital human model
and the effect of the PINN is controlled by the parameter «. This scheme not only minimizes posture
error but also efficiently achieves human-like movement.

The MLP is designed to learn to estimate joint angles from torso posture and limb-end
positions through standard supervised learning. The loss function Ly at this stage is set to
minimize the Mean Squared Error (MSE) between the estimated joint angles and the actual
joint angles.

- iIIG* 0| @)
- N\T i — Yill
Nz':l :

where 6; is the actual joint angles, 8*; is the estimated joint angles, and N is the estimatid
middle-limbs. However, this alone does not guarantee that the estimated postures will
be physically plausible, as the IK problem is underdetermined and may yield multiple
solutions. Therefore, it is necessary to learn the physical constraints using PINNs.

In the PINN training process, we incorporate physical constraints into the loss function.
The PINN’s loss function L is defined as follows:

1 M * 2 M 2
= 31 L = el = 55 Lk (8) = i ®
i=1 i=1
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where p,,; is the actual end-effector position, p;, ; is the estimated end-effector position
obtained from the forward kinematics function frg(-) using the precise digital human
model, and M is the number of end-effectors.

The final loss function of the PINN is defined as a weighted combination of the two
loss functions:

L=aLg+(1—a)lg (4)

where « is a hyperparameter that controls the balance between the two loss functions.
This hyperparameter « allows us to adjust the influence of the physical constraints on the
training process, enabling the network to learn both the mapping from torso posture and
limb-end positions to joint angles and the physical laws governing human-like motion.
If o is close to 0, the influence of physical constraints becomes strong, and the estimated
postures are physically plausible. Conversely, if « is close to 1, the influence of physical
constraints weakens, and the estimated postures are based more on the sensor data.

2.4. Digital Human Model for In-the-Loop IK-N Training

Digital human models are systems used to analyze human body shapes and move-
ments in conjunction with motion capture systems. It provides a detailed and accurate
representation of human anatomy, including joint structures, muscle dynamics, and kine-
matic constraints. In this study, we employ DhaibaWorks [23], a high-precision digital
human model that allows for accurate inverse kinematics calculations. This model serves
as the basis for estimating full-body posture from the data collected by wearable devices.
Therefore, by passing through a digital human model rather than simply using the esti-
mated body segment data obtained from skin surface markers measured through motion
capture, we can acquire more natural and appropriate posture and movement. This ap-
proach takes into account the internal variations in joint centers and the range of motion
occurring within the human body. Thus, rather than relying solely on estimated body
segment data derived from skin-surface marker information captured via motion capture,
incorporating a digital human model enables more accurate and human-like posture and
movement. This approach accounts for internal joint center variations and the range of
motion occurring within the body. Specifically, the joint angles required for PINN are
obtained using a digital human model. This means that the solution space of IK-N, imple-
mented via an MLP, is constrained by joint angles that are both feasible and appropriate for
human motion.

The accuracy of the digital human model used in this study has been investigated in
prior research. The model employed in DhaibaWorks can estimate full-body dimensions
based on a limited number of anthropometric inputs. For the upper limb, which is the
focus of this study, the estimation error is approximately 3%, demonstrating highly precise
calibration capabilities [24]. This level of accuracy is particularly significant in multi-
degree-of-freedom and redundant human body measurements. As a result, the impact of
error introduced by the digital human model on overall system angle estimation remains
minimal. From the perspective of anthropometric analysis, the constraints imposed by
the digital human model help yield the most probable solution consistent with human
anatomical limitations.

The digital human model is integrated into the PINN training process shown in
Figure 5, allowing the network to learn from both the sensor data and the physical con-
straints imposed by the model. The realization of such a system is made possible by
the non-proprietary nature of the DhaibaWorks digital human model developed by the
co-authors, which allows for flexible customization.
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Figure 5. Digital Human Model (DhaibaWorks) for in-the-loop IK-N training. The digital human
model can be integrated into the MLP training system as a set of physical laws representing human-
like motion, enabling in-the-loop training. For more details on DhaibaWorks, please refer to [23].

This allows for the visualization of the final estimated results, providing insights into
the accuracy and physical plausibility of the estimated full-body postures. In the next
section, we conduct experiments to verify the accuracy improvement achieved by PINN
and visualize the estimation results using the digital human model.

3. Results

Here, we present experimental results to verify the effectiveness of the proposed
method. The experiments aim to evaluate the accuracy improvement of the IK-N using
PINNs and visualize the estimation results using a digital human model. Therefore,
by adjusting the parameter «, we control the effectiveness of PINN and examine the impact
of incorporating physical laws.

3.1. Validation Experiment of IK-N Using Simple Motions

As a preliminary step, we verify that the proposed method functions as an inverse
kinematics solution through experiments involving simple motions. We conducted repeated
trials of a simple motion in which the hand moves back and forth in front of the body. This
setup assumes that the fingertips are clearly visible in the first-person perspective camera
of the wearable sensor. Furthermore, by focusing on linear hand movements, the relevant
joint motion is limited to the elbow, thereby simplifying the evaluation process.

For concept validation, we use fingertip position data obtained from a motion cap-
ture system as input. To further validate generalization performance, experiments were
conducted using a different subject from the one whose data were used for training the
IK-N model.

We focus on evaluating the estimated motion of the right elbow as a representative
example. The results estimated by the proposed method are shown in Figure 6.

The experimental results demonstrate that the flexion and extension of the elbow are
accurately estimated without any issues. The correlation plot further confirms the high
estimation accuracy, with a coefficient of determination of R? = 0.98.

The estimation accuracy is lower when the elbow is fully flexed, i.e., at small joint
angles. This is attributed to the absence of such extreme flexion cases in the training data.
As this study represents a conceptual proposal, the collection of additional training data
for further accuracy improvement remains a topic for future work.
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Figure 6. Example of estimating simple extension motion of the right elbow joint: (a) Time-series data
of ground truth and estimated values. (b) Correlation plot of ground truth and estimated values.

3.2. Generalizability to Diverse Motions and Design Hyperparameters of the PINN Loss Function

In this section, we evaluate the inference capability of the model, not on the simple
motions verified during baseline experiments but on more complex movements represen-
tative of typical human activities. When introducing new loss components as part of the
PINN framework, it is necessary to determine the relative weight of the PINN loss in the
overall training process, which constitutes a hyperparameter. We conduct training using
multiple configurations of this hyperparameter and analyze its influence empirically.

The motion addressed in this section simulates the act of driving screws into a wall us-
ing an impact driver. The motion data were recorded using the wearable sensor THINKLET,
which serves as the target device in this study, while ground-truth measurements were
obtained using the OptiTrack motion capture system Ptime41. To evaluate generalization
performance, we conducted experiments with a different subject than the one used in the
previous section’s simple motion tests.

The hyperparameters for training are set as follows: « is set to 0.0, 0.5, 0.99, and 1.0;
the learning rate is set to 0.001; and the number of epochs is set to 50. The evaluation
is conducted by observing how much the Mean Squared Error (MSE) used in each loss
function decreases. The results of the experiments are shown in Figure 7.

The results show that the loss function Ly of the IK-N decreases significantly, indicating
that the MLP is effectively learning to estimate joint angles from torso posture and limb-end
positions. The PINN loss function Lk also decreases, especially when « is set to 0.5 or 0.99,
indicating that the physical constraints are being effectively incorporated into the training
process. In the case of @ = 0.0, the PINN does not contribute to the loss reduction, as it does
not consider physical constraints. In contrast, when & = 1.0, the PINN focuses solely on the
kinematics error, leading to a slower convergence compared to @ = 0.99. This suggests that
a balanced approach, such as « = 0.5 or & = 0.99, is more effective in achieving accurate
full-body posture estimation.

The estimated full-body postures are visualized using the digital human model,
as shown in Figures 8 and 9. The green and red bodies illustrate the true and estimated
values, respectively.

In Figure 8, where a0 = 0.0, the estimated posture shows significant misalignment of
the hands, indicating that the IK-N alone is not sufficient to achieve accurate full-body
posture estimation without considering physical constraints.
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Figure 7. Trends of loss reduction during training. The red line represents the IK-N loss function Ly,

and the blue line represents the PINN loss function Lg. The effect of PINN varies according to the
value of «. In (a), where kinematics is not considered, Lx does not decrease at all. In (b), with « = 0.5,
the kinematic results are improved by PINN. In (c,d), with & = 0.99 and a = 1.0, respectively, it is
observed that convergence is faster with « = 0.99, which considers position errors, than with « = 1.0,
which does not consider position errors at all.

(@) t=12s (b)t=24s (c)t=28s (d)t=29s (e)t=36s

Figure 8. The experimental results of IK-N without PINN (« = 0.0). The green and red bodies
represent the true and estimated poses, respectively. The parameter t indicates the elapsed time in
the experiment. Without PINN, the overall hand position error is significantly larger.

(@t=12s (b)t=24s (o)t =28s (d)t=29s (e)t;36s

Figure 9. The experimental results of IK-N using PINN (« = 0.99). The green and red bodies represent
the true and estimated poses, respectively. The parameter t corresponds to the same timing as in
Figure 8. By utilizing PINN, the estimation accuracy of the elbow joint has improved, leading to a
highly precise reconstruction of the hand position.

In contrast, in Figure 9, where a = 0.99, the estimated posture is much closer to
the true posture, demonstrating that the incorporation of physical laws through PINN
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significantly improves the end-effector position error. This indicates that the proposed
method effectively estimates full-body postures from torso and limb-end data, achieving
high accuracy and physical consistency.

The overall average estimation error from this experiment is presented in Figure 10.
The estimation error was normalized based on the maximum value of the motion and
compared accordingly. The resulting error rates were 17.3% without PINN and 9.8% with
PINN, demonstrating a 7.5-point improvement through the introduction of PINN.

===~ Ground Truth of right hand trajectory
Trajectory of IK-N without PINN
Trajectory of IK-N with PINN

W IK-N without PINN
e IK-N with PINN

Normarized mean average error [mm]

() (b)

Figure 10. Comparison of mean average error between IK-N model with and without PINN. (a) The
normalized mean errors and their corresponding standard deviations. (b) Each right-hand trajectory
used in this analysis.

The results of the experiments confirm that the proposed method, which com-
bines inverse kinematics with PINNSs, effectively improves the accuracy of full-body
posture estimation.

4. Discussion
4.1. Synergistic Integration of MLP and PINN for Efficient Posture Estimation

We adopted an MLP architecture for our network design based on several key consider-
ations. First, from the perspective of embedded system deployment, MLPs are significantly
easier to implement on wearable sensors than other network types, and their inference
requires lower computational cost. Second, since the network is trained using human
motion data, which involves relatively high data collection costs, it is crucial that the model
can learn effectively from limited data. Third, because PINNs incorporate complex physical
phenomena into the loss function during training, the network itself does not require
sophisticated feature extraction capabilities. It is sufficient that the model has enough
expressive power to capture nonlinear dynamics.

These requirements are well addressed by using an MLP. Although the MLP is a
classical network architecture, it continues to be utilized in modern developments such as
the MLP-Mixer [25]. Despite its simple structure, it can serve as a highly versatile model
when applied appropriately. This chapter discusses its particularly favorable compatibility
with PINNS.

While recent architectures such as CNNs and Transformers can learn IK even without
incorporating PINNSs, they typically require deeply trained feature extraction layers to
model unknown phenomena, followed by the training of inference modules. Consequently,
such models must search over vast solution spaces, demanding complex architectures and
large-scale datasets. In contrast, while MLPs do not possess advanced feature extraction
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capabilities, they offer sufficient nonlinear inference capacity. On their own, this may
not be adequate; however, when paired with PINNSs the physical constraints encoded in
the loss function compensate for the lack of complex feature extraction by narrowing the
solution space. Thus, meaningful results can be achieved without a deep network structure.
Moreover, MLPs offer advantages in terms of architectural simplicity and the ability to
learn from limited data, making them particularly favorable for deployment on wearable
devices and for situations where motion data collection is costly and constrained.

To illustrate the advantages of using an MLP in the problem setting proposed in this
study, we begin with a simplified example. Ultimately, the IK problem can be reduced
to determining joint angles relative to a reference coordinate system, given known link
lengths and the positional relationship between the origin and the end-effector. We use the
function f : (x,y) — 6 = arctan(y/x) as an example of the type of nonlinearity involved
in this learning task.

Figure 11 presents the experimental results of learning this mapping using three
network architectures: MLP, DNN, and Transformer. The corresponding learning curves
and training costs are presented in Figure 12. These experiments were conducted using
an Core 19-10920X @ 3.50 GHz (Intel Corporation, Santa Clara, CA, U.S.) and an Quadro
RTX5000 (NVIDIA Corporation, Santa Clara, CA, U.S.).
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Figure 11. Comparison of simple angle estimation problem using MLP, CNN, and Transformer
architectures. Despite its simplicity, MLP demonstrates comparable expressive power for nonlinear
phenomena relative to more complex inference models. Due to its sequence-based learning mecha-
nism, the Transformer requires approximately ten times more data to stably represent discontinuities.

1.0 1 MLP
(Training time = 11.365)
0.8 CNN
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Figure 12. Learning curves and training time for simple angle estimation using MLP, CNN, and Trans-
former architectures. The MLP achieves training speeds approximately twice as fast as CNN and
eight times faster than Transformer, while maintaining sufficient nonlinear expressive power for
effective implementation within the PINN framework.

In this simplified problem setting, all three architectures—MLP, DNN, and Transformer—
converge within approximately 20 epochs. However, the training time per epoch differs signifi-
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cantly: the MLP requires only 0.11 s per epoch, while the Transformer takes 0.88 s. Thus, the MLP
demonstrates roughly eight times faster training speed.

This outcome is consistent with widely recognized understanding: CNNs and Trans-
formers generally possess strong inference capabilities, while MLPs—with their simpler
architecture—can learn efficiently even from limited data and exhibit faster training speed.

In conclusion, since PINNs are employed in this IK learning approach, the goal is
not to extract governing physical laws of unknown phenomena from large-scale data.
Instead, it is to transfer the physics defined in the loss function directly into the network,
ensuring reproducibility. Accordingly, the key requirement is to adequately represent the
nonlinearity inherent in inverse kinematics, which can be sufficiently achieved using an
MLP (a simple form of DNN) within the PINN framework.

In summary, the following points highlight the advantages of using MLP and PINN:

*  Simple Architecture: Since the goal is to deploy the model on wearable systems,
a simple structure is desirable for embedded implementation.

¢ Small-Data Learning: Given that the target domain is human motion, data collection is
costly; the combination of PINN and MLP enables effective learning with limited data.

*  Sufficient nonlinear representation capacity: The MLP possesses sufficient nonlinear
expressive power for effective integration with PINNs.

4.2. Analysis of the Mechanism of Estimation Accuracy Improvement

In this section, we analyze the mechanism of estimation accuracy improvement
achieved by the proposed method. The proposed method combines inverse kinemat-
ics with PINNSs to estimate full-body postures from torso and limb-end data. In typical
robotic systems with clearly defined joint structures, IK can be solved analytically. However,
in the case of human bodies, the joint structures are highly complex. This not only makes
it difficult to solve IK analytically but also introduces degrees of freedom that cannot be
fully represented, such as in the shoulder joint. In fact, the shoulder joint is highly variable
depending on the movement of the scapula and the position of the arm, making it a very
challenging problem that has been extensively studied in the literature [26-28]. In recent
years, dedicated IK models for shoulder joints have also been proposed, highlighting the
complexity of this challenge [29]. Therefore, the IK problem in human bodies is often
underdetermined, meaning that there are multiple possible solutions for a given set of
end-effector positions.

In such a problem setting, the combination of machine learning methods that allow for
nonlinearity and PINNSs that can constrain the solution space to the vicinity of “human-like
motion” is effective. This is because the joint structures of the human body have redundant
degrees of freedom and are very complex from the perspective of anatomical structure.
However, from the perspective of human motion, the solution space is constrained to some
extent, and PINNs can learn such physical constraints. This allows the model trained with
a high-precision digital human model to learn efficiently in about 50 epochs and enables it
to perform maximum likelihood estimation of human-like motion.

4.3. Advantages and Limitations of Proposed Method

In this study, we proposed a method for estimating full-body posture using inverse
kinematics based on torso posture and limb-end data collected from wearable devices.
By incorporating PINNs and a high-precision digital human model, we achieved high-
accuracy full-body posture estimation even in underdetermined scenarios. The results
demonstrated the effectiveness of the proposed method, showing significant improvements
in accuracy and physical consistency compared to baseline methods. The proposed method
has several advantages over traditional approaches. First, it can handle underdetermined
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scenarios where the number of sensors is limited, making it suitable for wearable devices.
Second, by using PINNs, the method can incorporate physical laws into the estimation
process, leading to more accurate and physically plausible results. Third, the use of a digital
human model allows for the visualization of the estimated postures, providing insights
into the accuracy and physical plausibility of the results.

However, there are some limitations to the proposed method. First, the method relies
on the accuracy of the digital human model, which may not perfectly represent all individ-
uals. Second, the method requires a sufficient amount of training data to learn the mapping
between torso posture, limb-end positions, and joint angles. Third, the computational cost
of training the PINN may be high, especially for complex digital human models. Future
work will focus on addressing these limitations and exploring the practical applications
of the proposed method in various fields, such as healthcare, sports, and virtual reality.
The proposed method has the potential to revolutionize the way we estimate and analyze
human postures, enabling more accurate and efficient applications in various domains.

5. Conclusions

In this study, we proposed a method for estimating full-body posture using inverse
kinematics based on torso posture and limb-end data collected from wearable devices. By
incorporating PINNs and a high-precision digital human model, we achieved high-accuracy
full-body posture estimation even in underdetermined scenarios. The results demonstrated
the effectiveness of the proposed method, showing significant improvements in accuracy
and physical consistency compared to baseline methods. The proposed method has several
advantages over traditional approaches, including the ability to handle underdetermined
scenarios, incorporate physical laws into the estimation process, and visualize the estimated
postures using a digital human model. However, there are some limitations to the proposed
method, including reliance on the accuracy of the digital human model, the need for suffi-
cient training data, and the potential high computational cost of training the PINN. Future
work will focus on addressing these limitations and exploring the practical applications
of the proposed method in various fields, such as healthcare, sports, and virtual reality.
The proposed method has the potential to revolutionize the way we estimate and analyze
human postures, enabling more accurate and efficient applications in various domains.

Furthermore, we aim to integrate the system into wearable sensors not only by incor-
porating kinematic constraints into the PINN loss function, but also by adding dynamic
constraints. Techniques such as hyperparameter tuning, model distillation, and pruning
are applied to enhance efficiency. Since the chosen network is an MLP, the feasibility of
embedded implementation is exceptionally high, and we seek to demonstrate the practical
utility of a PINN-MLP-embedded system.
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