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Abstract 8;?

This study investigated whether deep learning can classify skiing proficiency from 028

plantar pressure distributions measured during simulator-based training and 029

whether the resulting predictions reflect longitudinal changes in skill acquisition. 030
Weight-shift images obtained from 27 participants were classified into begin-

ner, novice, and intermediate proficiency levels using a YOLO11-based image 031

classifier under a leave-one-participant-out evaluation. Longitudinal changes in 032

classification outcomes were then analyzed using linear and spline-based mixed- 033

effects models. To interpret the learned features, Eigen-CAM visualizations and 034

quantitative analyses of attention regions were performed. The proposed classi- 035

fier demonstrated reliable discrimination between beginner and novice pressure 036

patterns but showed limited generalization to the minority intermediate class. 037

Longitudinal analyses suggested that the probability of non-beginner classifica- 038
tions generally increased during practice, while the spline-based mixed-effects

S . . . . . 039

model indicated a nonlinear learning trajectory characterized by rapid early 040

improvement followed by a plateau. Furthermore, repeated-measures correla- 041
tion demonstrated a significant association between forefoot-focused attention

and the probability of non-beginner classification, suggesting that the model 042

captured biomechanically meaningful movement characteristics. These findings 043

indicate that deep learning can provide an objective measure of skill acquisition 044

in simulator-based ski training while offering interpretable visual explanations of 045

the learned movement features. 046
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1 Introduction

Virtual reality (VR)-based sports training systems provide repeatable training con-
ditions and objective performance measurements[l, 2]. Also in skiing, several ski
simulators (e.g., PRO SKI SIMULATOR, SkyTechSport, and Ski Machine) and VR-
based ski training systems|3, 4] have been developed to support off-season training
and skill acquisition.

However, learning to ski remains challenging, especially for beginners who require
continuous feedback on weight shifting and balance. Automatic proficiency estimation
enables personalized feedback without constant instructor supervision. Deep learning
has recently been applied to sports skill indicators to identify movement characteristics
associated with different proficiency levels [5, 6].

However, existing ski simulators have limitations, including fixed foot positions,
limited body tilt, and simplified ground conditions. These constraints may reduce the
usefulness of simulator data for extracting proficiency-related features[7, 8]. Conse-
quently, it remains unclear whether biomechanical information measured in simulator
environments contains sufficient information for reliable proficiency estimation.

Among sensing modalities for skiing, plantar pressure is particularly suitable
because weight shifting and balance control are fundamental skiing skills. Previous
studies have used foot-pressure sensors for performance monitoring and real-time feed-
back in both real and simulator-based environments [4, 9, 10]. Deep learning has also
been applied to plantar pressure maps for foot-type classification, pressure estimation,
gait recognition, and biomechanical analysis [11-14]. However, these studies primarily
addressed walking or clinical applications, leaving the use of simulator-derived pressure
maps for estimating skiing proficiency unexplored.

Accordingly, this study investigates the estimation of skiing proficiency directly
from simulator-derived plantar pressure maps. Unlike previous approaches based on
posture estimation, inertial sensors, or RGB images collected in real skiing environ-
ments [15-17], we use only plantar pressure distributions acquired from a low-cost ski
simulator. We further employ Eigen-CAM [18] to visualize the learned spatial features
and examine how they change during repeated simulator training. This study aimed
to answer the following research questions:

® (Can foot-pressure patterns be used to estimate skiing proficiency levels?

® (Can the proposed classifier capture longitudinal changes in weight-shifting patterns
during repeated simulator training?

® What pressure-distribution characteristics are associated with different proficiency
levels?

First, we created a YOLO11[19]-based classifier based on weight-shifting data from
27 participants using a ski simulator (Pro Ski-Simulator: POWER SKI SIMULATOR).



Second, we created feature heatmaps and compared them among three proficiency lev-
els using Eigen-CAM][18]. Third, we conducted a training experiment using VizSki[3]
with 6 non-experienced participants.

2 Related Research
2.1 Ski Skill Indicators and Motion Analysis

In actual skiing, IMUs are widely used to measure posture. They have been applied to
estimate 3D orientation in ski jumping[20-22], landing momentum|23], and ski-turning
skills such as edge angle, symmetry, and body balance[15, 16]. GNSSs have also been
used to measure skier trajectories in cross-country skiing[24], ski jumping[25], and
alpine skiing[26]. Together, IMUs and GNSSs provide information such as turn depth,
turn length, and posture.

However, in simulator-based environments, the data from these sensors is con-
strained because the user’s feet are fixed in a parallel orientation to the front, tilt is
not considered, and the environment is indoor. Moreover, the ski simulator used in
this study restricts the user’s forward movement. Given these limitations, this study
focused on foot pressure data from pressure sensors.

2.2 Foot Pressure Measurement for Ski Learning

Although IMUs are a commonly used solution for measurement in skiing, some stud-
ies have measured foot pressure data in both actual and virtual ski environments.
Michahelles and Schiele[9] implemented a skiing monitoring system that incorporated
several sensing devices, including pressure sensors. Hasegawa et al.[10] developed a
system that provides real-time auditory sonification of a user’s center of gravity. In
virtual ski training, Ono et al.[4] provided visual feedback on foot pressure.

However, existing studies primarily use pressure data for monitoring or feedback
and do not investigate whether pressure patterns can be used directly to estimate
skier proficiency. At least in actual ski situations, Wojtyczek et al.[27], and Simsek et
al.[28] indicated that balance performance was related to improved skiing performance.
Therefore, we hypothesized that weight-shifting skills could indicate a user’s experience
level, even when using a ski simulator.

2.3 Deep Learning for Sports Skill Classification

Several studies have applied deep learning to evaluate sports skills rather than merely
recognize activities. Tabrizi et al.[5] employed deep learning models to classify table-
tennis forehand strokes according to proficiency level, demonstrating that movement
patterns contain discriminative information related to skill acquisition. Similarly, Al
Golf [6] analyzed golf swings and provided self-training feedback based on extracted
movement features. These studies suggest that deep learning can support skill indi-
cators by identifying subtle differences in movement characteristics among athletes
of different proficiency levels. Ronao and Cho[29] utilized a Deep Convolutional
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Neural Network for human activity recognition using sensor data from a smart-
phone gyroscope. Similarly, recognition systems have been implemented for beach
volleyball[30].

Although these examples focused on sensor-based recognition, image-based recog-
nition systems have also been developed[17, 31, 32]. Yoon et al. [31] introduced an
object-tracking system for basketball that identifies each player and the ball holder
in video frames and constructs a passing network from the tracking data. Lv et
al.[32] developed a key-frame extraction system for weightlifting that uses a fully
convolutional network (FCN) and a CNN to estimate and classify a user’s posture.
Furthermore, Ludwig et al. [17] designed a performance estimation system for ski
jumping that employed a CNN for posture estimation and principal component anal-
ysis to estimate jumping distances from these estimates. These systems classify data
by tracking user bodies and posture in real environments.

2.4 Pressure-Map-Based Learning Approaches

Recent studies have demonstrated that plantar pressure maps can be effectively
analyzed using deep learning models for gait analysis, foot-type classification, and
plantar pressure estimation[11-14, 33]. Pressure maps preserve the spatial distribu-
tion of plantar loading, allowing convolutional neural networks to automatically learn
discriminative features from pressure images.

Singh et al.[33] transformed sensor data into image representations for deep
learning, demonstrating that spatial sensor patterns can be effectively learned using
image-based neural networks. Similarly, Mun et al.[12] estimated plantar pressure dis-
tributions using deep learning, while Zhao et al.[11] showed that plantar pressure
images can be directly classified using convolutional neural networks for foot-type
recognition.

More recently, pressure-map learning has been extended to gait recognition and
biomechanical indicators. Wu et al.[13] proposed a CNN-based framework for gait
recognition using plantar pressure maps. Moreover, Dindorf et al.[14] summarized
the rapid growth of deep learning in plantar pressure analysis for rehabilitation, gait
indicators, and clinical diagnosis. These studies suggest that pressure maps contain
rich spatial information that can be effectively exploited by modern deep learning
methods.

However, existing pressure-map studies have primarily focused on walking, reha-
bilitation, or medical diagnosis [12-14]. In contrast, skiing is substantially different
from the movement patterns observed during walking. Consequently, it remains
unclear whether the success of pressure-map learning in gait analysis can be directly
transferred to simulator-based ski training.

2.5 Research Gap and Positioning of This Study

Previous studies have demonstrated the effectiveness of wearable sensors for evaluating
skiing performance [9, 10, 15-17] and deep learning for sports skill indicators [5, 6].
However, most have focused on real-world skiing or cross-sectional skill classification



[5, 6, 15-17], providing limited evidence that Al-based evaluations can objectively
measure skill acquisition during simulator-based training.

To address these gaps, this study investigates whether plantar-pressure images
acquired using a ski simulator can serve as an objective indicator of skiing profi-
ciency and learning progress. We develop a multi-class deep learning classifier, evaluate
longitudinal changes in classification outcomes using mixed-effects models, and quan-
titatively analyze Eigen-CAM attention patterns to examine whether the learned
features correspond to meaningful changes in weight-shifting behavior. By integrat-
ing classification accuracy, longitudinal validation, and model interpretability, this
study provides a comprehensive framework for objectively evaluating skill acquisition
in simulator-based ski training.

3 System Components

3.1 Data Collection Environment

Fig. 1(a) illustrates the implemented system. Foot pressure data were collected in
a simulator-based ski training system consisting of VizSki[3], VIVE Pro, and Pro
Ski-Simulator: POWER SKI SIMULATOR as its foundational environments. The
POWER SKI SIMULATOR offers cost-effective and more space-efficient advantages
than do other simulators. However, as mentioned above, the simulator has limitations,
such as the user’s feet being fixed in a parallel position, a lack of consideration for tilt,
and the ground surface’s status.

3.2 Pressure Sensors

Since weight shifting is a fundamental skill in skiing, and previous studies have
reported improvements in balance through ski training, foot-pressure data were
selected as the primary modality for estimating proficiency. During sessions with
VizSki, the system captured the weight-shifting data of the user using pressure sensor
modules (Fig. 1(b)).

This study used pressure sensor modules with 32 pressure sensors (16 per foot).
Although the sensor positions are almost based on those of the foot part in Fig.
2, position misalignment could occur in each participant because each sensor was
independent and needed to be replaced. The pressure sensor module includes a pressure
sensor (FSR402, 13 mm circle x 56 mm, force sensitivity range of 0.2-20 N), an
Arduino Mega 2560, and an XBee WiFi (S6B) module (DIGI-XB2B-WFWT-001) to
establish a wireless connection. Obtained weight shift data from the pressure sensor
modules were exported as comma-separated values (CSV)-formatted files as 10-bit
analog input data. The plantar pressure dataset used in this study has been made
publicly available through IEEE DataPort [34].

3.3 Input Images

The obtained pressure data were processed using Savitzky-Golay smoothing and Z-
score standardization before creating heatmaps. After that, the data were normalized
to 8-bit values using min-max normalization to reduce differences in features due to
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participant weight. After normalization, the data were plotted in the positions shown
in Fig. 2 to create 256 x 256 size portable network graphics (PNG) heatmap images.
Each heatmap image was used as input to the feature-extraction network (Fig. 1(c)).

When a user plays VizSki, they must wear a head-mounted display and hold the
simulator’s handrail for safety. Because of this limitation, the user’s posture while
playing VizSki may differ from that during actual skiing. This limitation may also
affect the user’s weight-shifting patterns. The features obtained may not always align
with the weight-shifting patterns observed in actual skiing situations. However, some
studies[27, 28] indicate that ski training improves balance performance. Therefore, we
believe that classifying and visualizing weight-shifting features by proficiency level is
helpful for learning and teaching skiing.
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3.4 Neural Network

This study used the YOLOI11 classification model (yololln-cls) as the feature-
extraction network (Fig. 1(d)). YOLO11 adopts spatial pyramid pooling-fast (SPPF)
and cross-stage partial with spatial attention (C2PSA) blocks in its backbone
network[19]. We selected YOLO11 because it provides a lightweight convolutional
architecture with strong image-classification performance while preserving spatial
feature representations. Since the objective of this study was not only to clas-
sify foot-pressure heatmaps but also to interpret the learned spatial features using
Eigen-CAM[18], a convolutional neural network was preferable, as the spatial corre-
spondence between activation maps and input images is more straightforward than
with transformer-based architectures. Furthermore, the lightweight design of YOLO11
makes it suitable for future real-time deployment in simulator-based training systems.
The model was trained to classify foot-pressure heatmaps into three proficiency levels
(Beginner, Novice, Intermediate).

3.5 Explainability Analysis

Although if the classifier achieved high classification performance, classification accu-
racy alone does not reveal which regions of the foot-pressure image contributed to the
decision. To verify whether the model relied on meaningful weight-shifting characteris-
tics rather than participant-specific artifacts, an explainability analysis was conducted
using Eigen-CAM (Fig. 1(e)). Eigen-CAM visualizes the spatial regions that contribute
most strongly to the network’s classification decision [18]. Unlike Grad-CAM]35],
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Eigen-CAM does not rely on gradient information and instead extracts the principal
component of the activation tensor using singular value decomposition (SVD). The
resulting activation map highlights image regions that strongly influence the classifier
output.

To improve robustness, Eigen-CAM maps were generated for all validation images
and averaged within each participant-session pair. The averaged activation maps were
then overlaid on the corresponding mean pressure images to visualize the regions
consistently attended to by the classifier. Changes in the distribution of attention
across multiple training sessions may reveal how participants modified their weight-
shifting strategies. Therefore, Eigen-CAM can be used not only to explain classification
results but also to visualize potential learning-related changes.

4 Classification Test

4.1 Procedure

We collected weight-shifting data from 27 participants (20 males and 7 females). Table
1 details the attributes of the participants and their corresponding class assignments
based on these experiences. In this phase of the experiment, participants were classified
into three experience levels based on the number of days they had skied: 0 d (beginner),
1-5 d (novice), and 6 d or more (intermediate). The intermediate group contained
only four participants, resulting in class imbalance. This imbalance was mainly due to
recruiting snowplow skiers specifically to minimize the impact of variations in turning
techniques, not the parallel skiers.

Table 1 Participants of The Classification Test

Class Skiing Experience  Participants (Male/Female) = Mean Experience
Beginner None 12 (8/4) 0
Novice 1-5 days 11 (9/2) 2.5 days
Intermediate above 6 days 4 (3/1) 19 days

Participants completed an informed consent form before participating in the exper-
iment. In the experiment, the participants engaged in measurement sessions after
the practice session. In the measurement session, participants played the VizSki on
a ski simulator for 1 min. For safety reasons, they were required to hold onto the
handrails attached to the simulator. Consequently, the participants were advised to
move their bodies without exerting force to maintain a natural weight shift. Partici-
pants were required to complete the measurement session three times. Among them,
the second and third measurements were used for classification. To evaluate whether
weight-shifting patterns can be classified within participants, images from the first 40
s of each session were used for training, and those from the final 20 s for validation.
Experiments in this section were conducted as part of a study approved by the insti-
tutional ethical committee (JAIST Life Science Committee, ID: Human 04-056). This
procedure was in accordance with the committee’s guidelines and regulations.



Because training and validation data were obtained from the same participants
and sessions, the evaluation primarily measures participant-non-independent clas-
sification performance rather than generalization to unseen participants. However,
to evaluate classifier performance, this study created both participant-dependent
and participant-independent models. In the participant-independent model, the
Leave-One-Participant-Out (LOPO) method was used. In contrast to the participant-
dependent model, images from all 60 s of each session were used for training (26
participants) and validation (one participant) per fold.

4.2 Result

We acquired 59,292 input images from 54 sessions with 27 participants.

In the participant-dependent model, we used 10 classifiers (seed 0-9) and averaged
their classification accuracies to assess robustness. 39,528 (beginner: 17,568; novice:
16,104; intermediate: 5,856) images captured during the initial 40 s of the experiment
were designated as training data, and the remaining 19,764 (beginner: 8,784; novice:
8,052; intermediate: 2,928) images from the latter 20 s served as validation data.

In the participant-independent model, we used 27 classifiers based on the Leave-
One-Participant-Out (LOPO) method and calculated the average classification accu-
racy. 57,096 images from 26 participants were designated as training data, and the
remaining 2,196 images from one participant were used as validation data for each
model.

Both models used YOLO11 (yololln-cls). The AdamW optimization algorithm
was used to train these classifiers with a learning rate of le-4. The batch size was set
to 128 to ensure the minority class (intermediate) images were included.

4.2.1 Level Classification

Fig. 3 shows the confusion matrices for proficiency-level classification in both models.
The label counts are the sums of the classification results across all folds. Table 2 sum-
marizes the classification performance obtained using both participant-dependent and
participant-independent (LOPO) evaluations. The participant-independent (LOPO)
model showed moderate performance for the Beginner and Novice classes (F1 = 0.681
and 0.674, respectively), performance for the Intermediate class remained poor (F1 =
0.028), indicating limited generalization to unseen participants, particularly for minor-
ity classes. The poor LOPO performance for the intermediate class was likely due
to severe class imbalance (only 4 participants) and inter-participant variability. The
participant-dependent evaluation demonstrated that the proposed architecture can
reliably distinguish pressure patterns within individuals.

4.2.2 Attention Analysis of Foot Pressure Patterns

Figure 4 presents the class-wise mean Eigen-CAM visualizations. The intermediate
group exhibited a slightly broader attention region extending toward the forefoot com-
pared with the beginner group, although the overall activation patterns remained
largely similar across proficiency levels. However, the differences between novice and
intermediate participants and between beginner and novice participants were less
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Table 2 Evaluation metrics for each class
Dependent (Accuracy: 0.959) LOPO (Accuracy: 0.604)
Class Precision Recall F1-Score Precision Recall F1-Score
Beginner 0.963 0.966 0.965 0.661 0.703 0.681
Novice 0.962 0.967 0.964 0.642 0.709 0.674
Intermediate 0.941 0.916 0.928 0.041 0.022 0.028

apparent. This observation is consistent with the lower separability of these two
classes, particularly in the participant-independent evaluation. Therefore, while the
feature visualization suggests that weight distribution is relevant to proficiency esti-
mation, additional data from more experienced skiers are required to identify robust
proficiency-specific features.

5 Exploratory Analysis of Training Progress

The classification experiment showed that the proposed classifier could distinguish
weight-shift patterns associated with the predefined proficiency groups. Based on this
result, we investigated whether changes in classifier outputs correspond to changes
in participants’ weight-shift patterns during repeated simulator training. Rather than
evaluating skiing proficiency directly, this analysis examines how the learned feature
representations respond to longitudinal changes in foot-pressure patterns.

10



(a)Beginner (b)Novice (c)Intermediate

Fig. 4 Class-wise mean Eigen-CAM visualization results

5.1 procedure

To investigate longitudinal changes in weight-shift patterns, six beginner participants
(three males and three females) from the classification experiment were measured
repeatedly during simulator training. Participants completed an informed consent form
before participating in the experiment. As in the experiment in Section 4, the partici-
pants engaged in measurement sessions after the practice session. In the measurement
session, participants played the VizSki on a ski simulator for 1 min. Participants were
required to complete the measurement session three times. Among them, the second
and third measurements were used for classification. To evaluate whether weight-
shifting patterns can be classified within participants, images from the first 40 s of
each session were used for training, and those from the final 20 s for validation. We
conducted these measurements two or three times per week, for a total of eight mea-
surements (note: we suspended the experiment for subject 6 midway due to injuries
outside the experiment). Experiments in this section were conducted as part of a study
approved by the institutional ethical committee (JAIST Life Science Committee, ID:
Human 04-056). This procedure was in accordance with the committee’s guidelines
and regulations.

5.2 Results
5.2.1 Longitudinal Changes in Classification Outputs

We obtained 101,016 images from 92 sessions involving 6 participants. Of these,
33,672 images from the latter 20s of the experiment served as the validation data. We
employed 10 classifiers in a classification test and calculated the average classification
accuracy to assess robustness.

Figure 5(a) illustrates the temporal changes in classification outputs for each par-
ticipant. In the initial training/validation sessions in Section 4, most samples were
classified as Beginner, consistent with the participants’ original labels. As train-
ing progressed, several participants (Subjects 1, 2, 4, and 5) exhibited progressively
higher proportions of samples classified as Novice or Intermediate continuously or
temporarily.
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Fig. 5 Training status based on the classification result

To summarize the overall improvement across participants, we compared the non-
beginner classification rate between the origin and final training sessions. The mean
non-beginner classification rate increased by 0.113 (95% bootstrap CI: [0.002, 0.240]).
Although the average classification rate increased, the Wilcoxon signed-rank test
(V =3, p=0.156) did not reach statistical significance. The effect size was moderate
(Hedges’ g = 0.56, 95% CI: [0.117, 1.186]), suggesting that some participants exhib-
ited meaningful improvements, although substantial inter-individual variability was
observed.

5.2.2 Statistical Analysis of Longitudinal Trends

While the paired comparison summarized the overall change from the beginning to
the end of training, it did not characterize the trajectory across intermediate sessions.
Therefore, we fitted linear and spline-based mixed-effects models to evaluate the lon-
gitudinal trend throughout the training period. We first fitted a linear mixed-effects
model with session as a fixed effect and participant as a random intercept:

Yij = Bo + B1sij + bi + €45 (1)

Session was treated as a fixed effect, while participant was included as a random

intercept to account for repeated measurements. In addition, because visual inspection

suggested that learning trajectories might be nonlinear, we additionally fitted a spline-
based mixed-effects model using cubic B-splines (4 degrees of freedom):
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K
vij = Bo+ Y _ BrBr(sij) +bi + i (2)
k=1

Bjdenotes the cubic B-spline basis functions and b; represents the participant-
specific random intercept. The statistical significance of the session effect was assessed
using Wald tests on the fixed-effect coefficient. Models were estimated using maxi-
mum likelihood, and their goodness of fit was compared using the Akaike Information
Criterion (AIC).

Table 3 shows the comparison result of the linear and spline mixed-effects mod-
els. The non-beginner classification rate showed no significant linear increase across
sessions (8 = 0.006, p = 0.432). However, the likelihood ratio test showed the spline
mixed-effects model provided a better fit than the linear model (LR = 9.36, p = 0.025).
It indicates that the longitudinal change was nonlinear rather than monotonic. The
spline model also increased the marginal R? and the conditional R?, suggesting that
nonlinear session effects explained additional variation beyond participant-specific
differences.

Table 3 Comparison of the linear and spline mixed-effects models

Marginal  Conditional

Model Fixed effect Random effect LogLik  AIC R? R?
Linear Session Participant 25.34 -42.67 0.005 0.569
Spline  Cubic B-spline (4 df) Participant 30.02 -46.04 0.076 0.650

The estimated trajectory by the spline-based mixed-effects model in Fig. 5(b)
exhibited three characteristic patterns: an initial increase in the non-beginner classi-
fication rate in the early training sessions, a relatively stable plateau in the middle
sessions, and fluctuations in the later sessions. These findings suggest that partici-
pants tended to improve rapidly during the initial stage of training, then stabilize,
after which individual differences became more pronounced.

Next, to better understand the biomechanical changes underlying the classifier-
derived learning trajectory, we additionally analyzed representative foot-pressure
variables using linear mixed-effects models. A linear mixed-effects model with par-
ticipant as a random intercept was fitted for each biomechanical variable, and the
statistical significance of the session effect was assessed using Wald tests on the
fixed-effect coefficient.

Table 4 shows the summary of mixed-effects model analyses in foot-pressure. The
reported p-values correspond to Wald tests of the session effect with the Benjamini-
Hochberg method. Mean CoP shifted anteriorly over training, while CoP path length,
forefoot pressure ratio, and lateral CoP variability increased. These findings sug-
gest that participants progressively adopted larger and more active weight-transfer
strategies rather than simply reducing postural sway.
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Table 4 Summary of mixed-effects model analyses for biomechanical variables.

Metric B P Interpretation

Mean CoP X position +0.341 0.120 No significant change

Mean CoP Y position —2.052 < 0.001 Forward CoP shift

SD of CoP (X) +0.869 < 0.001 Increased lateral CoP variability
SD of CoP (Y) —0.174 0.287 No significant change

CoP path length +363.0 < 0.001 Longer CoP trajectory

Convex hull area +122.2 0.020 Larger CoP sway area

95% ellipse area +63.5 0.490 No significant change
Left-right symmetry error  +0.709 < 0.001 Increased left-right asymmetry
Left pressure ratio —0.0075 < 0.001 Reduced left-foot loading
Right pressure ratio 40.0075 < 0.001 Increased right-foot loading
Forefoot pressure ratio +0.0186 < 0.001 Increased forefoot loading

Heel pressure ratio —0.0246 < 0.001 Reduced heel loading

Mean total pressure —197.0 < 0.001 Reduced overall pressure

6 Discussion

6.1 Interpretation of the results

The results presented in Fig. 3 suggest that plantar pressure distributions contain
biomechanically meaningful information related to skiing experience. Because weight
transfer between the left and right feet and between the forefoot and heel is essential
for balance and turning, pressure distributions appear to capture important movement
characteristics even without posture information.

The class-wise mean Eigen-CAM visualizations (Fig. 4) revealed largely similar
attention patterns across proficiency levels, with only a modest expansion of attention
toward the forefoot in the intermediate group. Although these visual differences were
subtle, the accompanying mixed-effects analyses of biomechanical variables (Table
4) demonstrated systematic longitudinal changes in plantar-pressure characteristics,
including anterior CoP displacement, increased forefoot loading, and changes in CoP
trajectory. Together, these findings suggest that the classifier relied on distributed
biomechanical characteristics rather than a single localized pressure region.

In the training experiment, several beginners showed a gradual increase in the pro-
portion of samples classified as higher proficiency levels (Fig. 5). The mixed-effects
analyses (Tables 3 and 4) further indicated that these changes were accompanied by
systematic modifications of plantar-pressure behavior, including an anterior shift of
the center of pressure, increased forefoot loading, and longer CoP trajectories. These
findings suggest that participants progressively adopted more active weight-transfer
strategies during simulator training rather than maintaining the initial pressure dis-
tribution. However, because the present study was conducted using a ski simulator,
these biomechanical changes should be interpreted as simulator-specific movement
adaptations rather than direct evidence of improved on-snow skiing performance.

The classification experiment used a participant-non-independent evaluation proto-
col, in which training and validation samples were obtained from the same participants
but across different time segments. This design was selected because the number of
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participants was limited and the primary objective of this study was to investigate
whether proficiency-related patterns existed in foot-pressure distributions. Conse-
quently, the reported classification accuracy should not be interpreted as an estimate
of generalization performance for unseen users. Instead, it indicates that the classifier
can consistently distinguish pressure patterns within the collected dataset. Although
participant-independent evaluation is essential for developing a general-purpose pro-
ficiency estimator, participant-dependent evaluation remains useful for investigating
whether meaningful pressure patterns exist within individuals and whether those
patterns change throughout repeated training sessions.

6.2 Limitation

First, this study included no expert skiers, such as athletes or instructors, and pro-
ficiency levels were based on self-reported skiing experience. Consequently, future
studies should recruit certified skiers to establish more reliable proficiency labels and
improve the classifier’s robustness.

Second, the proficiency groups used in this study provided only coarse boundaries,
particularly between the novice and intermediate classes. Future work should adopt
standardized certification systems, such as the International Technical Skill Test, to
define more objective proficiency criteria.

Third, because training and validation data included the same participants, the
classifier may have learned participant-specific characteristics. Future work should
evaluate the model using participant-independent protocols, such as leave-one-
participant-out cross-validation, to assess generalizability to unseen users. In addition,
temporal models such as LSTM were not used because the number of independent
participants was limited, and consecutive pressure frames were highly correlated. To
reduce model complexity and focus on interpretable spatial pressure patterns, this
study adopted a YOLO11-based image classifier; temporal modeling is left for future
work.

7 Conclusion

This study investigated the feasibility of estimating skiing proficiency from foot-
pressure patterns acquired in a low-cost simulator-based training environment.
Heatmap images generated from pressure-sensor data were classified using YOLO11,
and the learned features were visualized with Eigen-CAM.

The results provide three principal findings. First, participant-dependent eval-
uation demonstrated that plantar pressure heatmaps contain sufficient information
to distinguish predefined proficiency groups with high accuracy, indicating that
weight-shifting patterns reflect skiing proficiency (RQ1). Second, longitudinal analy-
ses suggested that the classifier outputs changed systematically throughout repeated
simulator training, indicating that the learned representations captured changes in par-
ticipants’ movement patterns over time (RQ2). Third, Eigen-CAM and quantitative
attention analyses indicated that the classifier relied on biomechanically meaningful
pressure-distribution characteristics rather than arbitrary image regions, supporting
the interpretability of the proposed approach (RQ3).
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However, this study was limited by the small sample size, self-reported profi-
ciency labels, and participant-dependent evaluation. Future work will collect data
from certified skiers, establish objective proficiency criteria, improve participant-
independent performance measures, and develop a real-time feedback system based
on extracted foot-pressure features. Overall, this study demonstrates the potential of
plantar-pressure-based deep learning for Al-assisted coaching in simulator-based ski
training.
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