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Purpose: Plantar pressure distribution is a crucial indicator in gait analysis, with significant value in clinical diagnoses and sports opti-
mization. Traditional measurement methods, however, are often limited by expensive equipment and laboratory settings. This study aimed to
develop an accurate, portable and cost-effective method using a deep learning model based on data from wearable Inertial Measurement
Units (IMU) to predict comprehensive plantar pressure distributions. Methods: We proposed a hybrid model combining a Convolutional
Neural Network (CNN) and a Bidirectional Long Short-Term Memory (BiLSTM) network. The CNN extracts local features from IMU
data; the BiLSTM captures temporal dependencies; a temporal attention mechanism optimizes the prediction of key time steps; and
body weight information is integrated to accommodate individual differences. Results: Experimental results show that in 10-fold
cross-validation, the model achieves a Mean Squared Error of 0.98 and a Structural Similarity Index of 0.89, demonstrating excellent
prediction accuracy and distribution similarity. Conclusions: This study provides a cost-effective method for plantar pressure analy-
sis, which is expected to be integrated into wearable devices for real-time gait monitoring, with applications in rehabilitation and
sports optimization.
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insole-based pressure measure systems, are typically

expensive, lack portability, and are restricted to labora-
tory environments, thereby limiting their broader applica-

1. Introduction

The analysis of plantar pressure distribution plays
an important role in both clinical practice and applied
research settings. For example, these pressure data can
be used to assess human motion function [7], monitor
foot pathologies [4], and improve footwear design to
optimize athletic performance [28]-[30]. However, tradi-
tional methods for measuring plantar pressure, such as

tion in practical settings.

In recent years, with the development of wearable
sensor technology, inertial measurement units (IMUs)
have gained widespread attention due to their port, low
cost, and ease of use [14], [22]. IMUs can capture lower
limb kinematic parameters such as segment accelera-
tions, angular velocities, and joint angles in real-time,
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providing a new approach for gait analysis [16]. Hamdi
et al. [8] concluded that IMUs can accurately capture
most of the key biomechanical variables that describe
human gait. As long as the system can effectively de-
scribe normal walking gait, it can also be used for captur-
ing other gait activities, such as running, stair climbing,
and descending. However, accurately predicting plantar
pressure distribution from IMU data remains a signifi-
cant challenge. O’Reilly et al. [20] pointed out that the
main issues currently faced by IMU systems are sensor
misalignment, bias, and white noise, which can affect the
accuracy of the data. Additionally, issues such as sensor
calibration and alignment still need to be addressed in
order to reduce data errors. Existing studies often em-
ploy statistical models or traditional machine learning
approaches, but these methods demonstrate limitations in
handling complex temporal data and capturing the non-
linear relationships between segmental kinematics and
plantar pressure distributions [18].

Convolutional Neural Networks (CNN) represent
a promising approach for modeling the relationship
between human movement and wearable sensor data.
Chhoeum et al. [6] successfully modeled the relation-
ship between plantar pressure mapping images and
knee joint angles, achieving knee joint angle estimation
from plantar pressure images while wearing three dif-
ferent types of footwear. Long Short-Term Memory
(LSTM) networks are a specialized variant of recurrent
neural networks (RNNs) designed to handle sequential
data. In paper by Xiang et al. [34], the researchers im-
plemented LSTM networks for predicting ankle joint
angles, torques, and contact forces using IMUs [34].
Similarly, Zhang et al. [39] used LSTM to accurately
predict joint moments for ankle, knee, and hip joints
based on joint angles and EMG signals from multiple
movements. In contrast, this study introduced a novel
hybrid deep learning model combining CNN, bidi-
rectional LSTM (BiLSTM), and a temporal attention
mechanism to predict dynamic plantar pressure distri-
bution from IMU data.

The aim of this study was to develop an accurate,
portable, and cost-effective method for predicting com-
prehensive plantar pressure distributions using weara-
ble IMU technology. Specifically, the model aimed to
capture the plantar pressure distribution throughout
dynamic movements, encompassing various regions
of the foot, thereby facilitating real-time gait analysis
and supporting applications in clinical diagnosis, re-
habilitation, and performance enhancement. Through
this research, we intended to provide novel technical
solutions for personalized rehabilitation, sports perfor-
mance optimization, and the development of weara-
ble devices.

2. Materials and methods

2.1. Data collection

2.1.1. Participants

A total of 25 healthy adults (13 males, 12 females;
age: 23.50 + 0.84 years; height: 174.20 + 5.50 cm;
weight: 73.3 + 10.6 kg) participated in the experiment
to collect data. The inclusion criteria for participants
were as follows: 1) no history of lower limb surgery;
2) no injury-related factors that could interfere with
the study in the past six months; 3) being free of any
neurological disorders to ensure the internal validity
of the study; 4) having a dominant right foot; 5) being
18-45 years of age; 6) exhibiting a stable gait pattern,
without noticeable limping or abnormal gait. All partici-
pants provided written informed consent for the experi-
mental procedures, and the study was approved by the
Ethics Committee of Ningbo University (TY2025033).
This study strictly adhered to the principles outlined in
the Declaration of Helsinki.

2.1.2. Experimental set-up and protocol

Before the experiment, each participant was re-
quired to be barefoot to ensure accurate plantar pres-
sure measurements and eliminate the interference caused
by different shoes [3], [40]. They were also equipped
with the Xsens Suit Configuration (Movella Technolo-
gies, Enschede, Netherlands). This suit included eight
Xsens inertial sensors, which were positioned accord-
ing to the predefined sensor placements outlined in the
Xsens Link manual [19]. The sensors were secured
using Velcro straps and designated pockets integrated
into the suit. The suit size was adjusted according to each
participant’s body shape to ensure a snug fit, maintain-
ing consistent sensor positioning and minimizing meas-
urement errors resulting from sensor displacement [23],
[38] (The IMU placement is detailed in the Supple-
mentary Files Fig. S2). Since the participants were bare-
foot, they were instructed to walk freely for 10 minutes
prior to the experiment to familiarize themselves with
the setup and ensure that no discomfort was experi-
enced due to overly tight sensor placement. To ensure
the collected data accurately reflected a natural walk-
ing pattern, the first step of the experiment involved
determining each participant’s tailored preferred walk-
ing speed (T-PWS). This approach is crucial as walking
at a self-selected speed is known to minimize gait varia-
bility, leading to a more stable and representative move-
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ment pattern for analysis. To achieve this, the treadmill’s
digital speed display was obscured from view. Partici-
pants commenced walking at a slow speed, and the
investigator gradually increased the speed in incre-
ments of 0.1 km/h until the participant reported that
they had reached their optimal T-PWS. Subsequently,
the speed was increased by 1.5 km/h and then gradual-
ly decreased in increments of 0.1 km/h to reestablish
the T-PWS. This process was repeated three times,
ensuring a variation of less than 0.4 km/h, and the aver-
age speed was computed to establish the final T-PWS
[13]. Subsequently, calibration was conducted using
the Zebris FDM system (Gait Analysis Model FDM-
-TDSL-3i, Zebris, Inc.®, Germany) and Xsens MVN
Analyze Pro software in accordance with the respective
manuals to eliminate experimental errors. Upon achieving
satisfactory calibration results, participants proceeded to
walking on a treadmill embedded with the Zebris pres-
sure plate at the previously determined T-PWS (with
a 0° incline). Data collection commenced once a stable
gait was achieved (approximately 1.5 minutes into the
trial), as the coefficient of variation for stride length
and stride time reaches its minimum under stable gait
conditions [17]. Two software were then used simulta-
neously to record plantar pressure data and correspond-
ing inertial sensor data for a duration of 30 seconds
[36]. This procedure was repeated six times.

2.2. Data preprocessing

2.2.1. Dealing with IMU Data

The IMU data were collected using Xsens MVN
Analyze Pro (2024.2) software at a sampling frequency
of 100 Hz in “On-Body Recording Mode”. Each sen-
sor captured motion across three anatomical planes
(coronal, sagittal, and transverse) and six movement
directions (Fig. 1A). Post-processing of all motion meas-
urements was conducted using the software’s “High-
-Definition Reprocessing” mode and the “No-Level”
processing scenario.

In this scenario, the pelvis segment was spatially
fixed, and all kinematic variables were expressed rela-
tive to the pelvis, which is the recommended approach
for joint angle analysis in biomechanics [25].

During this phase, the software computed the 3D
joint angles for all joints within the Xsens biomechanical
model, adhering to International Society of Biomechan-
ics (ISB) guidelines for defining the coordinate sys-
tems of the ankle, knee, and hip joints [33].

We utilized the angular velocity data obtained from
the processed lower-leg sensor to define gait events,
specifically heel strike (HS) and toe-off (TO), which
together constitute the stance phase of a single gait cycle.
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Fig. 1. Overview of the Experimental and Data Analysis Workflow:
A) experimental protocol; B) gait event detection; C) experimental flow chart
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The gait angular velocity data collected by Xsens were
processed using a third-order Butterworth low-pass fil-
ter. This filter was designed with a sampling frequency
of 100 Hz and a cutoff frequency of 20 Hz to achieve
zero-phase filtering, effectively eliminating phase delays
and ensuring accurate signal processing [2]. For HS de-
tection, after eliminating spurious noise using the 20 Hz
low-pass zero-phase lag filter, an automated Python
program was employed to reliably identified peaks in
the gyroscope signal. These peaks, as supported by
previous research, were precisely defined as HS points
[2], [9]. However, for TO detection, we observed that
the peak immediately following HS did not corre-
spond precisely to the TO point. Instead, TO occurred
with a noticeable delay relative to the subsequent peak
after HS. According to the zero-crossing detection method
proposed by Botzel et al. [2], the TO point was de-
fined as:

TOposition = peak hE‘Ight + 049
x (zero-crossing position — peak position), (1)

where the zero-crossing point was defined as the point
where the signal transitioned from positive to negative
after the initially assumed TO peak. The coefficient
0.49 was the optimal value for comprehensive multi-
speed scenarios. The TO point defined under this co-
efficient was closest to the TO point measured by the
pressure insole, with a standard deviation of 0.16. Fol-
lowing the above method, the gait events in Xsens data
were accurately identified and extracted with high pre-
cision by a custom Python program. The detailed gait
event definition process is clearly illustrated in Fig. 1B,
and the whole experimental process is illustrated in
Fig. 1C.

2.2.2. Plantar pressure

While wearing Xsens inertial sensors, participants
walked on a treadmill embedded with a pressure mat
at a 0% incline and at their PWS. The Zebris system
recorded plantar pressure distribution at a sampling
frequency of 120 Hz.

Raw XML files were exported using the Zebris FDM
software, containing detailed pressure values (unit: N/cm?)
collected by each pressure sensor during each stance
phase. A custom Python script was used to extract and
save the detailed pressure values of every frame for each
stance phase as CSV files, with each file labeled ac-
cording to its corresponding gait cycle number.

Finally, the IMU data obtained from the Xsens sen-
sors and the plantar pressure data were synchronized
using a Python script. Cubic spline interpolation was
applied to the Xsens data, and they were aligned with

the gait events, representing 0 to 100% of a complete
stance phase. To ensure dataset accuracy and com-
pleteness, trials with abnormal values or missing data
were automatically excluded from the analysis.

The experiment was repeated six times, resulting
in a total collection of 1808 entries of IMU data and
1825 entries of plantar pressure data. After prepro-
cessing, which involved removing unsynchronized
data and data with obvious outliers, 1737 matched
pairs of Xsens data and plantar pressure data were
retained as the dataset for training the model.

2.3. Building a hybrid
CNN-BILSTM architecture

This study innovatively employed a CNN-BILSTM-
-Attention deep learning model. The motivation for
this architecture was to leverage the distinct strengths
of each component for gait data analysis. We used
a CNN to automatically extract local, transient features
from the raw IMU time-series data, such as the rapid
changes during heel strike. Subsequently, a BILSTM
network was employed to model the long-range tem-
poral dependencies inherent in a full gait cycle, cap-
turing the entire sequence from start to finish. Finally,
a temporal attention mechanism was integrated to allow
the model to dynamically weigh the importance of
different time steps, focusing on the most biomechani-
cally significant moments for pressure prediction.

As a supervised learning approach, CNN-BILSTM-
-Attention is capable of capturing the temporal de-
pendencies between input and output data [21], [37].
This approach is used to predict the plantar pressure
distribution based on the corresponding lower-limb
kinematic parameters at each time step. The detailed
workflow of the model, from input to output, is illus-
trated in Fig. 2D. The input data first passes through
a single-layer 1D-CNN (kernel size of 3256 filters) to
extract 256 feature channels from 18 input channels
(Fig. 2A), followed by the Rectified Linear Unit (ReLU)
activation and BatchNorm1D to enhance stability [11].
Subsequently, the features are fed into a three-layer
BiLSTM (Fig. 2C) to capture long-term dependencies
in the time series (a detailed architecture of a single
LSTM unit is depicted in Fig. 2B). Next, a temporal
attention mechanism (Fig. 2E) weights the LSTM
outputs, focusing on critical time steps to generate
a weighted context vector [31]. Finally, the body weight
feature is transformed into a higher-dimensional repre-
sentation via fully connected layers, concatenated with
the weighted features, and passed through a decoder to
produce personalized plantar pressure predictions. The
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Fig. 2. The specific architecture, workflow and attention mechanism of the model

complete architecture of the CNN-BiLSTM-Attention
model is presented in Fig. 2D. More details are pro-
vided in the supplementary file.

2.4. Hyperparameters

Hyperparameters for the CNN and BiLSTM mod-
ules were optimized using the Optuna framework [1].
The attention mechanism was not a primary focus for
tuning, as its parameters are relatively few, and prelimi-
nary experiments indicated that classic configurations
adequately captured temporal features [31]. The final
hyperparameter configuration, selected based on achiev-
ing the lowest validation loss, is presented in Table 1.
A detailed account of the specific tuning procedures is
provided in the Supplementary File (Text S2).

Tablel. Optimal parameter configuration
of the CNN-BiLSTM-Attention model

Parameter Configuration
Batch Size 32
Epochs 35
Dropout Rate 0.17
Learning Rate 1.86e-4
Optimizer Adam

2.5. Training

We divided the entire dataset in a 7:3 ratio into
a training set (70%) and a test set (30%), ensuring the
test set remained completely independent from the
model training and validation process. On the training
set, we employed 10-fold cross-validation to evaluate
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the model. The process involved dividing the training
set into 10 non-overlapping subsets, using 9 subsets to
train the model during each iteration while the remain-
ing subset served as the validation set, this process was
repeated 10 times, ensuring that each subset served as
the validation set exactly once [15]. Through this 10-fold
cross-validation approach, we derived a final model.
Finally, we evaluated the performance of this final
model on the previously unseen test set. The primary
goal of the training was to enable the model to accu-
rately predict the distribution of plantar pressure. Dur-
ing training, we used MSE as the cost function, which
minimized the squared error between the predicted
pressure map and the ground truth pressure map to
adjust the model’s parameters and improve prediction
accuracy.

MSE ==Y (- 7", @

where N represents the number of samples, yi repre-
sents the true pressure value for the i-th sample and y,

represents the predicted pressure value for the i-th sam-
ple. The MSE was computed based on the error of each
pressure point, rather than simply summing all pres-
sure values.

In addition, we used several other evaluation met-
rics to assess the model’s performance, including Mean
Absolute Error (MAE), Root Mean Squared Error
(RMSE), Coefficient of Determination (R? Score),
Structural Similarity Index (SSIM), and Peak Pressure
Error (PPE):

1 _
MAE =D 1Y =% ®)
i=1

Using MAE, the absolute error between predicted
and true values can be calculated, giving a straight-
forward measure of the average prediction error (in units

of N/cm?).
RMSE = /%Z(yi A 4

RMSE emphasizes larger errors more than MAE,
making it more sensitive to larger deviations (in units
of N/cm?).

R2-1_ 2i%l()’i _)zt)zz )
Li—Y)

R? reflects the goodness of fit of the model. An R? value
closer to 1 indicates better model fit.

(Zlux:uy + Cl)(zo-xy + CZ)

SSIM(X,y) = .
(15 + 1y +Cy)(ox +0y +C,)

(6)

Using SSIM, the structural, brightness and contrast
similarity between the predicted and true pressure
maps can be measured. It ranges from 0 to 1, where
a value closer to 1 indicates a more accurate prediction
of plantar pressure distribution. 4 and z represent the
mean pixel values of images x and vy, respectively.

o2 and 05 are the variances of images x and y, and oy
is the covariance between x and y [32].

PPE = max(y) —max(y)|. (7)

Using PPE, the error between the predicted and true
maximum pressure values can be measured, assessing
the model’s ability to predict high-pressure areas (in
units of N/cm?).

To reduce overfitting in the neural network, we em-
ployed the ReduceLROnPlateau learning rate sched-
uler and the best model saving mechanism as part of
the early stopping strategy. Specifically, we used Re-
duceLROnNPIlateau to monitor the validation loss [27].
If the validation loss does not decrease after 5 consec-
utive training rounds, the learning rate is automatically
reduced by 50% to prevent the model from getting stuck
in local optima or experiencing vanishing gradients.
Additionally, after each epoch, we check the current
model’s validation loss and save the model with the
lowest validation loss, ensuring that the model with the
best generalization ability is used for final evaluation.
Since the learning rate continuously decreases, the
update step size for model parameters becomes small-
er as the model converges, stabilizing the training pro-
cess and leading to natural termination. This strategy
effectively reduces unnecessary training cycles, im-
proves training efficiency and ensures the optimal per-
formance of the final model.

3. Results

In Figure 3A, the angular velocity profiles of the
right lower limb segments are illustrated, including the
thigh, shank and foot. These profiles are presented along
all three anatomical axes (X, Y, and Z). The correspond-
ing joint angle trajectories of the right hip, knee and
ankle are displayed in Fig. 3B, providing a detailed de-
piction of lower limb articulation throughout the stance
phase.

As shown in the Table 2 and Fig. 4, the proposed
CNN-LSTM-Attention model performs excellently across
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Fig. 3. Features of IMU data. A) the angular velocity data of the lower limb joints. The first column shows the angular velocities
of the right thigh in the X, Y and Z axes, the second column corresponds to the right shank angular velocities in the X, Y, and Z axes,
and the third column represents the right foot angular velocities in the X, Y and Z axes; B) the joint angle data of the lower limbs.
The first column shows the right hip joint movements in adduction/abduction, internal/external rotation and flexion/extension.
The second column shows the knee joint movements in adduction/abduction, internal/external rotation and flexion/extension.
The third column shows the ankle joint movements in inversion/eversion, internal/external rotation and plantarflexion/dorsiflexion.
The black line in the figure represents the mean, while the light black area indicates the standard deviation
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all evaluation metrics. The low MAE of 0.2971 N/cm?
and RMSE of 0.9332 N/cm? indicate a small average
prediction error between the predicted and actual
pressure values. The high R? of 0.8943 signifies that
the model can explain a large portion of the variance
in the plantar pressure data, indicating a strong good-
ness of fit. Furthermore, the SSIM of 0.8911 is partic-
ularly noteworthy, as it confirms that the predicted
pressure maps have a high degree of structural resem-
blance to the actual maps, which is crucial for biome-
chanical analysis. Finally, the PPE of 4.0210 N/cm?
shows the model’s proficiency in predicting the high-
pressure regions, which are often of clinical signifi-
cance.

Table 2. The mean value and standard deviation
of MAE, RMSE, R%, SSIM and PPE

Metric Mean + SD
MAE 0.2971 +0.0101
RMSE 0.9332 +0.0314
R? 0.8943 +0.0169
SSIM 0.8911 + 0.0051
PPE 4.0210 £ 0.3476
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Fig. 4. 10-Fold Cross-Validation Average Loss Curve.
The plot displays the mean loss value at each training epoch.
The close convergence of the training and validation
loss curves indicates that the model learned effectively
without significant overfitting

The prediction visualizations (Fig. 5) further demon-
strate the model’s high performance. The predicted
pressure map is very close to the actual pressure distri-
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Fig. 5. 3D visualization of actual pressure and predicted pressure. There are 6 pairs of images in total.
The first five pairs of images show the actual plantar pressure images and predicted plantar pressure at 10, 30, 50, 70
and 90% of the stance phase, respectively. The last pair of images shows the actual image and predicted image
of the peak plantar pressure recorded during the entire stance phase
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Plantar Pressure Comparison - Subject 9, Gait Cycle 137

Actual Pressure (10%) Actual Pressure (30%)

Predicted Pressure (10%) Predicted Pressure (30%)

Actual Pressure (50%)

Predicted Pressure (50%)

Actual Pressure (70%) Actual Pressure (90%)

Predicted Pressure (70%) Predicted Pressure (90%)

Fig. 6. 2D visualization of actual pressure and predicted pressure. The image contains five pairs of figures.
The top five images represent the actual plantar pressure distributions at 10, 30, 50, 70 and 90% of the stance phase, respectively.
The bottom five images show the corresponding predicted plantar pressure distributions at 10, 30, 50, 70 and 90% of the stance phase

bution. This indicates that the model is capable of accu-
rately predicting the pressure distribution and values
during walking, while also effectively capturing high-
pressure regions and the overall load pattern.

Further analysis of the two-dimensional heat maps
(Fig. 6) confirms that the model intuitively captures the
dynamic distribution pattern of plantar pressure. Despite
this strong overall performance, these visualizations also
reveal local prediction errors in the pressure distribu-
tion. For instance, although the SSIM value reached
approximately 0.89, deviations were frequently noted
between the predicted and actual pressure values, par-
ticularly in the medial arch region, suggesting that the
model may struggle to accurately capture pressure char-
acteristics in this specific area. Moreover, discrepancies
between the predicted and actual pressure magnitudes
were also identified; the PPE value reached around 4,
corresponding to 4 N/cm?, indicating that the model was
unable to predict the absolute pressure values in certain
regions with high accuracy.

4. Discussion

This study aimed to estimate the corresponding
plantar pressure distribution and values using a CNN-
-LSTM-Attention hybrid deep learning model, based

on lower limb kinematic data recorded by IMUs. The
model leverages CNN’s ability to extract local features
from time-series data recorded by IMUs, capturing dy-
namic changes throughout the gait cycle. Additionally,
LSTM models the temporal dependencies in the data
through its recursive structure, capturing how data
evolves over time. The attention mechanism weights the
importance of different time steps, allowing the model
to focus on time steps that are more important for
prediction. This combination effectively aligns with the
biomechanical patterns in the gait cycle, specifically
the process from HS to TO. The prediction results
(MAE = 0.297, RMSE = 0.933, R? = 0.894, SSIM =
0.891) indicate that the model accurately captures the
primary characteristics of plantar pressure distribution
during the stance phase.

The model’s accuracy in predicting plantar pressure
distribution is primarily attributed to its design, including
the synergistic interaction between CNN, BiLSTM net-
works, and the temporal attention mechanism [35]. Spe-
cifically, the CNN layer extracts local features from the
IMUs data, such as variations in joint angular velocity
or transient patterns in joint angles. After convolution,
the input data are transformed into high-dimensional
features that capture local temporal dynamics within
the gait cycle, such as the instantaneous movement
characteristics during foot swing or ground contact. The
low RMSE in the experimental results suggests that
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the CNN effectively extracts key motion information
related to plantar pressure, laying the foundation for
subsequent time series modeling. The BiLSTM layer
further processes the feature sequences extracted by
CNN. The memory capability of the BILSTM enables
it to capture long-term dependencies in the gait cycle,
such as the pressure transfer process from HS to TO.
The bidirectional design enables the model to sim-
ultaneously incorporate information from both past
and future time steps, thereby ensuring a comprehen-
sive understanding of the dynamic changes occurring
throughout the gait cycle [26]. The high R? value indi-
cates that the BiLSTM successfully explains the trend
of pressure distribution changes over time, which is
crucial for predicting continuous plantar pressure dis-
tributions.

Traditional models often treat all time steps equally,
making it difficult to highlight key moments in the gait
cycle. The introduction of an additional temporal at-
tention mechanism allows the model to focus on more
important time steps within the gait cycle, bringing
a unique biomechanical perspective to the model. Spe-
cifically, in the gait cycle, certain time steps, such as
peak pressure moments, have a much greater impact
on the results than others. The adaptive weight adjust-
ment capability of the attention mechanism allows the
model to invest more “attention” at these key points,
thereby reducing prediction errors. From the visuali-
zation of the temporal attention mechanism, we found
that the model allocated higher attention values at criti-
cal moments in the gait cycle, such as HS and TO
moments. This highly aligns with the biomechanics of
plantar pressure changes, as peak plantar pressure in
the hindfoot occurs during HS, while peak pressure in
the forefoot occurs during TO. This perspective sug-
gests that the model not only achieves high prediction
accuracy but also demonstrates an understanding of
the biomechanical relationship between lower limb
kinematics and plantar pressure, thereby enhancing its
explainability.

In previous research, few researchers have predicted
plantar pressure through lower limb kinematic data. In
the study by Hazari et al. [10], a clinically applicable
regression model was developed for diabetic patients
using multivariate linear regression to predict peak
plantar pressure during walking, aiding in ulcer risk as-
sessment, achieving an R? of 0.908. However, this was
limited to peak plantar pressure, and multivariate line-
ar regression cannot capture the dynamic characteris-
tics of time-series data. Sanchez-Rodriguez et al. [24]
investigated the relationship between foot posture and
plantar pressure patterns during gait, also using multi-
variate linear regression to explore whether the Foot

Posture Index (FPI) or its individual criteria could
predict dynamic plantar pressure in different regions.
Their results showed that while certain calcaneal
frontal plane positions and talonavicular joint promi-
nence had some influence on plantar pressure predic-
tion, the ability to predict plantar pressure using this
method was relatively limited (R? = 0.111). This indi-
cates that FPI has weak predictive power, especially
in the forefoot region, with predictive effects mainly
concentrated on hindfoot and midfoot pressure. Joo et al.
[12] used pressure insoles to record plantar pressure
and an ANN model to predict corresponding gait cycle
speed based on plantar pressure. By inputting plantar
pressure data from both stance and swing phases, they
predicted speed throughout the entire gait cycle with
relatively high accuracy (R* = 0.730). In contrast, our
research focuses on predicting plantar pressure based
on lower limb kinematic data. While our prediction
target differs from previous studies, all revolve around
plantar pressure. This paper employed various metrics
to measure the model’s overall performance (MSE,
MAE, RMSE, R?, SSIM). The SSIM was innovatively
introduced to evaluate the spatial structural similarity
between predicted and actual plantar pressure maps.
This is particularly important in biomechanics, as the
spatial relationship of plantar pressure distribution
serves as a crucial indicator in clinical diagnosis. The
high SSIM value also demonstrates the model’s effi-
cient performance from a biomechanical perspective.
Additionally, during 10-fold cross-validation, we found
minimal differences between different folds, further in-
dicating our model’s high generalization capability.

Nevertheless, our research has certain limitations.
First, the dataset is limited by its small size (N = 25)
and demographic homogeneity, as the cohort consists
exclusively of healthy young adults. This restricts the
model’s current generalizability to other populations,
such as older adults. Second, the analysis was restricted
to the dominant right limb to ensure consistency, which
limits the findings’ applicability to bilateral assessments
or individuals with gait asymmetries. Third, the model
lacks anatomical foot constraints such as foot width
or arch index, which may contribute to prediction
inaccuracies in specific regions like the medial arch.
Future research could address this by incorporating
multi-segment foot models.

5. Conclusions

This study proposes an innovative, cost-effective
and portable approach for predicting plantar pressure
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distribution using IMU data. We developed a sophisti-
cated deep learning framework that integrates CNN,
BiLSTM networks, and a temporal attention mecha-
nism, effectively capturing the complex spatiotem-
poral relationships between lower limb kinematics and
plantar pressure. The final model achieved an RMSE
of 0.93, an R? of 0.89, an SSIM of 0.89, and a PPE
of 4.02, demonstrating its high prediction accuracy.
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Supplement

S1. Building a hybrid
CNN-BILSTM architecture

This study innovatively employs a CNN-BiLSTM-
Attention deep learning model. As a supervised learn-
ing approach, CNN-BILSTM-Attention is capable of
capturing the temporal dependencies between input
and output data [S1], [S2]. This approach is used to
predict the plantar pressure distribution based on the
corresponding lower-limb kinematic parameters at each
time step. The detailed workflow of the model, from
input to output, is illustrated in Fig. S1. The input data
first passes through a single-layer 1D-CNN (kernel size
of 3256 filters) to extract 256 feature channels from
18 input channels (Fig. S1A), followed by RelL U acti-
vation and BatchNormlD to enhance stability [31].
Subsequently, the features are fed into a three-layer
bidirectional LSTM (Fig. S1C) to capture long-term de-
pendencies in the time series. Next, a temporal attention
mechanism (Fig. S1E) weights the LSTM outputs, fo-
cusing on critical time steps to generate a weighted
context vector [S3], [S4]. Finally, the body weight fea-
ture is transformed into a higher-dimensional represen-
tation via fully connected layers, concatenated with the
weighted features, and passed through a decoder to
produce personalized plantar pressure predictions. The
complete architecture of the CNN-BILSTM-Atten-
tion model is presented in Fig. S1D.

Sla. 1D-CNN

CNN is a deep learning architecture specifically
designed for processing grid-like data. The key ad-
vantages of CNNs lie in parameter sharing and local
connectivity, which significantly reduce the number of
parameters, making them well-suited for handling data
with spatial hierarchies [S5], [S6].

In this study’s plantar pressure prediction model,
a streamlined and efficient CNN feature extractor is
employed, utilizing a single-layer 1D-CNN to process
Xsens kinematic data. This convolutional layer receives
18 Xsens features as input and applies a convolution
kernel of size 3 to extract local features, producing 256
feature channels. The output sequence length is pre-
served to match the input, ensuring full retention of
temporal step information. Each convolution operation is
immediately followed by a ReLU activation function to
introduce non-linearity. A subsequent BatchNorm1d

layer normalizes the 256 feature channels, which can al.-
leviate internal covariate shift within the network. This
ensures the stability of the input distribution for each
layer, significantly improving training stability and accel-
erating convergence [S7]. This lightweight design effi-
ciently extracts spatiotemporal feature patterns from
Xsens kinematic data. The extracted features then serve as
high-quality representations for the subsequent BILSTM
and attention mechanisms, forming a complete feature
extraction pipeline that bridges kinematic data with plan-
tar pressure prediction. The specific architecture of the
1D-CNN used in this study is shown in Fig. S1A.

We applied StandardScaler to standardize the Xsens
data [S8], by calculating the mean and standard devia-
tion of the data, and then transforming each data point to
ensure the transformed data has zero mean and unit
variance. The formula used is:

(S1)

Specifically, we first computed the mean (x) and
standard deviation (o) of each feature across all sam-
ples (x) and time points for each participant’s Xsens
data. This global standardization is particularly suitable
for Xsens data, as it preserves relative movement mag-
nitudes patterns across gait cycles, helping the model
in identifying motion characteristics. Additionally, since
these kinematic parameters typically follow a near-norm-
al distribution and use consistent measurement units,
global standardization ensures that all data points are
analyzed within the same reference frame [S9].

In this study, we opted to retain the original values
of the plantar pressure data without standardization. This
approach not only preserves the physical meaning and
clinical interpretability of the data but also fully lever-
ages the powerful feature extraction capabilities of the
CNN-LSTM-Attention architecture. Although the sen-
sor area is larger than the foot contact area, leading to
a significant amount of zero values in the data, our model
design specifically accounts for this sparsity feature. By
incorporating appropriate regularization (dropout rate
of 0.17) and weight decay (4.05e-6), we enhanced the
robustness of the model. Retaining the original values
simplifies the preprocessing pipeline, avoids potential
assumptions and biases, and ensures clear distinction of
high and low-pressure regions in visualizations by ap-
plying a globally fixed color scale.

Slb. BiLSTM

Long Short-Term Memory networks are a special-
ized variant of recurrent neural networks (RNNs) de-
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signed to handle sequential data. LSTMs are composed
of an input gate, forget gate, output gate, and memory
cell. The input gate controls the extent to which new
information enters the memory cell. The forgets gate
decides whether to retain or discard information from
the previous state. The output gate regulates the influ-
ence of the memory cell’s information on the current
output. The memory cell (Cell State) acts as an infor-
mation highway, allowing information to flow unim-
peded across long sequences [S10].

The core innovation of LSTM lies in its ability to
address the vanishing gradient problem commonly en-
countered in traditional RNNSs, enabling it to learn long-
range dependencies. LSTM’s gating mechanism enables
selective memory and forgetting information, making it
effective for learning from sequential data. The input
to an LSTM s typically a sequence of feature vectors
ordered in time, while the output can be a prediction
at each time step, a classification result for the entire
sequence, or a newly generated sequence.

The computational formulas for each gate, along
with ¢: and h;, in an LSTM cell in Fig. S1B are as fol-
lows:

fi=0Wy - X +Wis -hy; +by) (S2)

I =Wy - X + Wy -hy +by), (S3)

C, =tanh(W,c - X +Wc O h ;+bc),  (S4)
C=foC,+i0o 6t , (S5)

0 = G(VVXO <X +Wh0 ’ ht—l + bo) ) (86)

h, =0, ® tanh(C,), (S7)

where o is the sigmoid activation function, ® is the
Hadamard product, x: is the current input vector; Wys,
Wi, Wixe, Wyo are related to input the corresponding
weight vector; he is the state vector of the previous
cell unit’s hidden layer; Whi, Whi, Whe, Who, respectively,
are about the hidden layer weights of state vector. by, b;,
bc, bo are respective corresponding doors on the bias
vector [S11].

In this study, the BILSTM network serves as the core
component for processing sequential data, capturing the
temporal dynamics of both Xsens kinematic parameters
and plantar pressure data. The LSTM module is meticu-
lously designed with a multi-layer architecture and ad-
vanced functionalities, enabling effective learning of
temporal patterns within the gait cycle.

Slc. Architecture and features

The LSTM employs a bidirectional architecture, uti-
lizing a three-layer stacked design to establish a deeper
temporal feature extraction system. The hidden state
dimension for each direction is set to 512, resulting in
a 1024-dimensional feature representation after bidirec-
tional merging, which enhances the model’s ability to
capture complex temporal patterns. This significantly
enhances the model’s ability to capture complex tem-
poral patterns. The structure of a single-layer bidirec-
tional LSTM is illustrated in Fig. S1C.

The first BILSTM layer processes the 256-dimen-
sional spatial features extracted by the CNN, capturing
fundamental temporal relationships. The second and
third layers progressively integrate the representations
from the preceding layers, constructing a hierarchical
encoding that effectively models the deep temporal
dependencies between foot motion and plantar pressure
distribution. Additionally, the model uses a batch-first
configuration [S12], optimizing data processing for more
efficient training and seamless integration with other
network components.

S1d. Variable-length
sequence processing mechanism

The model employs a resampling strategy to
standardize sequence length (time steps = 100) for
batch processing, fully leveraging GPU parallel compu-
ting ca-
pabilities while ensuring a complete representation of
plantar pressure evolution across entire gait cycles.

The BiLSTM input consists of features extracted by
a single-layer CNN (256 channels), where this light-
weight frontend design preserves the temporal charac-
teristics of the raw motion data, providing a solid foun-
dation for subsequent deep temporal modeling.

During gait cycle standardization, a meticulously
designed data preprocessing pipeline is applied to ensure
that gait data from different participants and walking
speeds can be compared and analyzed within a unified
temporal framework. This approach effectively ad-
dresses the inherent variable-length challenge of gait
data, enhancing the robustness and interpretability of
the model.

Sle. Attention mechanism

In this CNN-LSTM-Attention model, we innova-
tively introduce a temporal attention mechanism to
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enhance the model’s ability to capture the varying im-
portance of different time steps within the gait cycle
[S3], [S4]. The temporal attention mechanism is devised
to dynamically identify critical time steps within the
stance phase, thus enhancing the accuracy of plantar
pressure distribution prediction.

Specifically, this mechanism processes the output
from the BILSTM and utilizes a two-layer fully con-
nected neural network to generate unnormalized atten-
tion scores e; for each time step:

& =tanh(W,h +b;), (S8)
where Wy, and by, are learnable parameters representing
the weight matrix and bias vector, respectively. The
attention scores are then normalized into attention
weights ¢ using a softmax function:

exp(e,)

="t S9
Z1:1 exp(ey) (9)

t

These attention weights o sum to 1, indicating the rela-
tive importance of each time step to the final prediction.
The attention mechanism then computes a context
vector ¢ through a weighted sum of the BiLSTM out-
puts:

(S10)

c= i:octht .
t=1

This context vector integrates critical temporal infor-
mation and is subsequently fed into the decoder to
generate the plantar pressure images. This approach
enables the model to focus on key moments within the
gait cycle, such as HS or TO, rather than treating all
time steps equally. Consequently, it significantly en-
hances both the accuracy and interpretability of dy-
namic pressure distribution prediction.

Furthermore, by visualizing the attention weights,
we can intuitively understand which time steps within
the stance phase contribute most to the plantar pressure
distribution prediction, providing valuable insights into
the underlying biomechanical processes. In Figure S1E,
the application of the temporal attention mechanism
within the gait cycle is illustrated. The horizontal axis
represents the time steps, while the vertical axis denotes
the attention weights. The peak values of the mean
attention correspond to moments that the model con-
siders more critical for plantar pressure prediction, such
as HS and TO phases. This visualization reveals how
the model dynamically adjusts its focus across different
time steps, thereby optimizing pressure prediction.

S1f. Integration
of individual characteristics

Considering the significant impact of individual
body weight on plantar pressure values, we propose
an effective strategy for processing and integrating
body weight data. This approach enables the model to
combine static anthropometric features with dynamic
motion data, thereby enhancing the accuracy of plan-
tar pressure prediction. By mapping individual body
weight features into a higher-dimensional space, then
extending them across each time step, and subse-
guently fusing them with the output of the LSTM
through a fully connected layer, we ensure that each
time step has a corresponding body weight feature.
This integration of body weight features enables the
model to predict plantar pressure with reference to the
individual’s weight characteristics. This method of
incorporating body weight features not only preserves
the sequential nature of the motion data but also en-
sures that each time step incorporates relevant body
weight information. As a result, the model is able to
capture the influence of individual differences on gait
pressure distribution.

S2. Hyperparameters

In this study, we employed the Optuna automated
hyperparameter tuning framework to comprehensively
optimize several key components of the model. First,
for the CNN part, we constructed a detailed search
space, including hyperparameters such as the number
of convolutional layers, kernel sizes, and output channel
counts, to ensure the model could effectively extract
local features from the Xsens time-series data. Simulta-
neously, for the BiLSTM module, we tuned the dimen-
sions of hidden units, the number of layers, and the
dropout rate. We used 10-fold cross-validation to com-
pute the Mean Squared Error (MSE) on the validation
set as the evaluation metric, guiding the hyperparameter
search. Optuna employed the TPE algorithm for efficient
sampling and integrated an early-stopping mechanism to
terminate poorly performing trials in a timely manner,
thereby ensuring computational efficiency while identi-
fying the optimal parameter combinations [S13].

Regarding the attention mechanism, its parameters
are relatively few and mainly focused on the fully
connected layers used to calculate attention weights,
such as the hidden layer dimensions and the choice of
activation function. In our preliminary experiments, we
found that using the classic Tanh activation function
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Fig. S1. The specific architecture, workflow, and attention mechanism of the model

and conventional fully connected layer configurations
sufficiently captured the temporal features. Therefore,
we did not focus on tuning the parameters of the atten-
tion mechanism. Of course, in more complex scenari-
os, further tuning of the attention module’s parameters
would be an interesting direction to explore. However,
in this study, we primarily focused the tuning efforts
on the CNN and BiLSTM modules to achieve the
optimal overall performance.

Ultimately, we selected the hyperparameter con-
figuration in Table 1 that yielded the lowest validation
loss across all trials as the best configuration and com-
pleted the final model training and evaluation based on
this configuration. This hyperparameter tuning process
not only improved the model’s generalization ability
but also provided an efficient and systematic hyperpa-
rameter optimization paradigm for subsequent similar
tasks.
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Table S1. Optimal parameter configuration
of the CNN-BILSTM-Attention model

Parameter Configuration
Batch size 32
Epochs 35
Dropout rate 0.17
Learning rate 1.86e-4
Optimizer Adam

The orange squares in the figure indicate the place-
ment of the IMU sensors.

Figure S2. IMU sensors placement
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