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Abstract

Background & Objective: Continuous monitoring of walking fatigue is essential for clinical
rehabilitation and occupational safety, yet traditional methods are often invasive or rely on large-scale
datasets for deep learning, which are scarce in biomechanics. This study aims to develop a data-efficient
framework for predicting continuous fatigue trajectories in unseen individuals by leveraging a database
of physiologically anchored features and optimized coefficients.

Methods: We pooled data from 42 healthy adults walking to fatigue. Eight optimum Kinect-derived
stride features were identified using the Grey Wolf Optimizer (GWO) and anchored to Borg RPE and
sEMG. We proposed a predictive pipeline that uses a 200-second initial gait signature to identify similar
individuals in a database. Three transfer learning strategies—Nearest Person, K-Nearest Neighbors
(KNN), and a novel Fuzzy Fusion—were evaluated under a leave-one-subject-out (LOSO) protocol and
validated on three external participants.

Results: The 200-second gait signature achieved 100% identification accuracy (Cohen’s d =3.22, p <
0.0001). In LOSO cross-validation, the Fuzzy Fusion method significantly outperformed other
strategies, achieving a mean Fidelity Score of 90.88% (MAE = 9.12%). External validation on unseen
participants confirmed these results, with Fuzzy Fusion maintaining a high Fidelity Score of 89.39%,
reducing error by up to 49.15% compared to the Nearest Person approach.

Conclusions: The proposed GWO-anchored Fuzzy Fusion framework provides a robust, data-efficient
solution for continuous fatigue monitoring. By utilizing a brief initial observation to unlock
personalized predictive models, this approach circumvents the data bottleneck of deep learning and
offers a practical route for low-cost, real-time physiological assessment.

Keywords: Walking Fatigue; Kinect Sensor; Grey Wolf Optimizer; Fuzzy Fusion; Data-Efficient
Learning; Gait Analysis.
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1. Introduction

Human walking fatigue is a complex physiological phenomenon that significantly impacts gait
kinematics, increases the risk of falls, and reduces overall physical performance [1-3].
Accurate and continuous monitoring of fatigue progression is crucial for various applications,
including rehabilitation, sports science, and occupational safety [4—7]. Traditional methods for
assessing fatigue often rely on subjective self-reports, such as the Borg Rating of Perceived
Exertion (RPE) [8-11], or invasive physiological measurements like electromyography
(sEMG) [12-14]. While these methods provide valuable insights, they are often discontinuous,
labor-intensive, and not suitable for real-time, low-cost, and unobtrusive monitoring in
ecological settings [15—18]. Furthermore, subjective measures are inherently susceptible to
inter-individual variability in perception, while invasive methods impose practical constraints
that limit their deployment in everyday or field-based scenarios. This highlights a critical need
for objective, continuous, and accessible methods for fatigue assessment.

Recent advancements in sensor technology, particularly markerless motion capture systems
like Microsoft Kinect, have opened new avenues for gait analysis. The Kinect sensor, with its
ability to capture 3D joint positions without requiring body-worn markers, offers a cost-
effective and user-friendly solution for biomechanical assessment [19-21]. Indeed, the utility
of Kinect in medical applications, such as automated hip joint mobility assessment, has been
well-demonstrated [22]. Beyond controlled laboratory settings, the non-invasive and affordable
nature of the Kinect sensor makes it a particularly compelling platform for longitudinal and
real-world fatigue monitoring, where traditional motion capture infrastructure is neither
practical nor scalable. This accessibility makes it an attractive tool for continuous monitoring
outside of controlled laboratory environments.

Predicting and identifying human walking fatigue, especially the continuous trajectory of
fatigue progression, presents a significant challenge. While deep learning (DL) approaches
have shown remarkable success in various domains, their application in biomechanical studies,
particularly those involving human movement and physiological states, is often hampered by
the inherent scarcity of large, diverse datasets [23—25]. Training robust deep learning models
typically requires vast amounts of labeled data, which are difficult and expensive to acquire in
clinical or sports science settings. Consequently, models trained on limited datasets are prone
to overfitting and may lack generalizability to new, unseen individuals [26-28]. This data
bottleneck is especially pronounced in fatigue research, where collecting sufficiently long and
physiologically meaningful walking trials from a large cohort is both time-consuming and
physically demanding for participants. This limitation necessitates the exploration of data-
efficient methodologies that can leverage smaller datasets effectively.

Optimization algorithms, such as the Grey Wolf Optimizer (GWO), have proven to be highly
effective in identifying optimal parameters in complex systems across diverse fields, ranging
from engineering design to energy systems [29]. The robustness and efficiency of GWO in
converging to optimal solutions make it a compelling candidate for extracting meaningful
features and coefficients from biomechanical data [30-33]. Its ability to navigate high-
dimensional search spaces without requiring large training corpora positions GWO as a
particularly suitable tool for the data-constrained domain of human fatigue modeling.

Our previous work laid the foundation for this study by identifying an interpretable eight-
feature Kinect model capable of reproducing physiologically anchored walking-fatigue
trajectories with high fidelity [34].

This discovery study utilized GWO to identify the optimum stride Kinect-features that best
reconstruct a physiologically validated fatigue trajectory, demonstrating the power of GWO in
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robust high-dimensional discovery and stable feature ranking. However, that work — like the
broader literature — remained confined to characterizing fatigue within already-observed
individuals, leaving a fundamental and clinically critical question unanswered: can the
continuous fatigue trajectory of a previously unseen individual be reliably predicted without
collecting a full trial from that person? This gap represents one of the most significant barriers
to deploying fatigue monitoring systems in real-world settings, where it is neither practical nor
safe to wait for a complete fatigue episode before providing an assessment. Building upon this
foundation, the current study directly addresses this challenge by proposing a novel data-
efficient framework that predicts the complete continuous walking fatigue trajectory of a new
individual by leveraging a database of previously characterized fatigue profiles. Unlike deep
learning approaches that demand large labeled datasets, or subject-specific models that offer
no generalization, our approach transfers knowledge across individuals through alignment-
based similarity search combined with GWO-anchored coefficient transfer strategies —
namely Nearest Person, K-Nearest Neighbors (KNN), and a sophisticated Fuzzy Fusion
method. This methodology not only overcomes the fundamental data scarcity limitation of
existing approaches, but also introduces a principled and interpretable mechanism for cross-
subject fatigue prediction that is grounded in physiologically meaningful features. The result
is a practical, low-cost, and generalizable solution for continuous fatigue monitoring that brings
objective real-world deployment meaningfully closer.

2. Methods

2.1. Overview of the Predictive Pipeline

This study introduces a novel pipeline designed to predict an individual's continuous walking-
fatigue trajectory from a repository of previously discovered per-participant coefficient
magnitudes and stride-level feature trajectories. The pipeline re-uses the feature extraction,
Dynamic Time Warping (DTW)-based time normalization, and resampling procedures
established in our discovery study [34]. The experimental protocol and equipment setup from
that study — including the treadmill configuration, sensor placement, and stopping criteria —
are summarized in Figure 1 for reference. The eight gait features extracted from the Kinect v2
skeleton data, along with their anatomical locations on the body, are illustrated in Figure 2.
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Fig. 1 Summary of the experimental protocol and equipment setup used in the discovery study. The center panel
shows the treadmill and Kinect v2 sensor placement with key measurements. The left panel outlines the test
initiation procedure and the right panel describes the conditions under which the test was terminated [34].
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Fig. 2 Body joint landmarks detected by the Kinect v2 sensor and the eight gait features extracted for fatigue
analysis: (a) spine angle (a1) and hip sagittal angle (02) in the sagittal plane; (b) knee angle (a3) and step height
(H) from a lateral close-up view; and (c) toe-out angle (04) from a top-down perspective.
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The pipeline then applies an alignment-based similarity search and a coefficient-transfer
scheme, evaluated under a strict leave-one-subject-out (LOSO) protocol to ensure robust
generalization.

2.2. Participants and Dataset

The predictive experiments utilized a pooled dataset comprising the original discovery cohort
of 33 participants and newly recorded trials collected under the same protocol, resulting in a
total of N=42 participants for final evaluation. The final cohort consisted of 42 healthy young
adults (25 men, 17 women; age 19-23 years; mean age 20.57 £ 1.15 years; BMI 24.04 + 3.79
kg-m™, range 17.9-32.5 kg-m%; BMI < 35 kg-m™). All participants reported at least 20 min
of daily walking and had no cardiovascular, metabolic, or musculoskeletal disease. All
participants provided written informed consent, and the study received institutional ethics
approval (IR.SEMUMS.REC.1403.308). Inclusion/exclusion criteria and demographics were
consistent with the discovery study, focusing on healthy young adults, habitual walkers, with
a BMI < 35 kg-m™, and no cardiovascular, metabolic, or musculoskeletal diseases. A fixed-
duration pilot set of 15 repeat recordings (200 seconds each) was also used to assess within-
versus between-subject similarity, forming a 15 x 15 similarity matrix for initial validation.

2.3. Experimental Setup and Reference Fatigue Trajectory

Data acquisition and fatigue induction protocols mirrored those of the discovery study.
Participants walked at a comfortable, self-selected pace on a treadmill while a Kinect v2 sensor
recorded 3-D joint positions. Borg Ratings of Perceived Exertion (RPE) were recorded during
each trial, serving as the empirical reference fatigue trajectory. All Borg RPE time series were
aligned and time-normalized to a common 0-100% Fatigue Progression Time (FPT) using
Dynamic Time Warping (DTW) prior to analysis, ensuring a standardized representation of
fatigue progression.

2.4. Stride Features and Resampling

We employed the same eight stride-resolved Kinect-derived features identified as optimal in
the discovery stage. These features include hip sagittal angle, right knee angle, left/right knee
angular velocities, step height, spine angle, and toe-out. For each recording and each feature,
stride-level values were linearly rescaled to a 0—100 range using the recording’s dynamic range.
Subsequently, these values were uniformly resampled (interpolated) to a common grid of
P=100 points, representing 0—-100% FPT. We denote the resampled trajectory of feature f for
repository (database) recording » as X.s(p) and for the query (held-out) recording as X,.r(p),
where p = 1, ..., P. Each repository recording r also provides previously discovered per-feature
coefficient magnitudes c, s (positive magnitudes retained from the discovery stage), which were
optimized using the Grey Wolf Optimizer (GWO) as detailed in our prior work [34].

2.5. Normalization of Query Features Prior to Similarity Computation

Before computing similarity, each query feature trajectory was rescaled to match the dynamic
range of the candidate repository record. This step ensures that comparisons are made on a
common scale. Specifically, when comparing the query to repository record r, each X, s was
linearly rescaled using the stored minimum and maximum values of X5, such that the rescaled
query occupies the same 0-100 range as X, This normalization is crucial for accurate
alignment and similarity assessment.
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2.6. Alignment-Based Similarity

To account for potential temporal offsets between trials, similarity was computed by aligning
the P-length query vector within each repository trajectory and evaluating the squared
alignment error. For a repository record r, feature f; and an integer shift s (ensuring the aligned
window remains valid), the shifted mean-squared error (MSE) is defined as:

P
1
MSE,,(5) = 5 ) [Xrp (0 +5) = Xo D) (M)
p=1
where shifts s that would place indices outside the repository trajectory are treated as out-of-
bound. Each shifted MSE is then converted to an alignment-level similarity by inversion:

BoundaryValue , if shift s is out of bound
AlignmentSim,¢(s) = SIM_SCALE otherwise ()
MSE; £(s) ’

2.7. Aggregation Across Features and Selection of Best Alignment

To aggregate feature-wise alignment errors into a single shift-level value for repository record
r, the stored GWO-optimized coefficient magnitudes ¢,r were used as feature importance
weights. For each shift s, the weighted MSE was computed as:

8
CT‘,f MSEr’f (S)

WeightedMSE, (s) = ——— 3)
C
Zle nf

The corresponding combined alignment similarity is then:

SIM_SCALE
WeightedMSE,.(s)

A single scalar participant similarity index for repository record r is obtained by selecting the
best alignment, which corresponds to the maximum combined similarity across all valid shifts:

“4)

CombinedSim,.(s) =

SimIndex, = max CombinedSim,(s) %)
S€or

These SimIndex,values are subsequently used to rank repository records for coefficient
transfer strategies.
2.8. Coefficient-Transfer Strategies

Given the participant similarity indices SimIndex, for all repository records, coefficient
magnitudes for the query participant are estimated using three distinct strategies:

2.8.1. Nearest-Person (K=1)

This strategy selects the repository record »* with the highest similarity index and directly
assigns its stored coefficient magnitudes to the query participant:
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2.8.2. K-Nearest Neighbors (KNN)

For KNN, the top-K repository records, ordered by SimIndex, (7, ...,7x), are selected. The
query coefficient magnitudes are then computed as a similarity-weighted average of their
stored magnitudes:

K
z]_=1 Simlndexrj Crif
Wy = (7)

f K
E SimIndex,
j=1 !

This study evaluated KNN for K values ranging from 2 to 9.

2.8.3. Fuzzy Fusion (Database-Wide Fuzzy Weighting)

This advanced method applies across the entire repository, not limited to a local neighborhood.
Each participant similarity index SimIndex, is mapped to a fuzzy membership scalar m, via a
three-band Gaussian Mamdani mapping. This mapping uses centers {20, 50, 80}, a spread o
=15, and singleton outputs {0.1, 0.5, 1.0}. Specifically, for each repository record », Gaussian
membership functions are computed:

(SimIndex, — 20)?

Hrow () = exp(———— ®)
(SimIndex, — 50)2
Hnmed(r) = exp(— — ©)
(SimIndex, — 80)?
Unigh (1) = exp(— g2 (10)
These are then defuzzified to obtain m,-
I’LLOW(T) 0.1+ .uMed(r) 0.5+ .uHigh(r) 1.0
m = (11)

Hrow (T) + UMed (T‘) + .uHigh (T‘)

Fuzzy fusion then produces the estimated coefficients by weighting all repository coefficient
vectors by m;:

m. C
Zr T (12)

W, =
f Z‘l" m‘l"

This approach generates a smoothly blended coefficient vector that reflects the continuous
similarity structure of the entire database, contributing to enhanced robustness and
generalization.
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2.9. Reconstruction of Predicted Fatigue Trajectory

Given the fused coefficients Wy and the query participant’s normalized features X, ¢(p), the
predicted continuous fatigue trajectory on the p grid is reconstructed as a weighted sum of the
features:

8
F(p) = Z wrXer@), p=1,..,P. (13)
=1
Per-feature contribution traces Wy X, ¢ (p) were retained for visualization and interpretability.

2.10. Evaluation Protocol and Metrics

Predictive performance was rigorously assessed under a strict Leave-One-Subject-Out (LOSO)
testing protocol. For each held-out recording (the query):

1. The query participant was excluded from the repository.

2. Query features were normalized to each candidate repository record’s dynamic
range.

3. SimIndex, was computed for all remaining records using the entire held-out time
series.

4. Fused coefficients were derived using each transfer strategy (Nearest, KNN with K
in {1-9}, and Fuzzy).

5. The reconstructed fatigue trajectory F(p) was compared to the DTW-normalized
Borg reference Fgorg(p)-

The primary error metric used was the Euclidean distance between the predicted and actual
fatigue curves, normalized by dividing by 100. This metric quantifies the average deviation of
the predicted curve from the ground truth, with lower values indicating better performance. For
clarity and intuitive interpretation in the results section, this error will also be presented as a
Fidelity Score (100 - Error), where higher values indicate greater accuracy in reconstructing
the fatigue trajectory.

2.11. External Validation

To further assess the generalizability and robustness of the proposed methods, an external
validation was performed using data from three additional participants who were not part of
the original 38-participant database. For each of these new participants, their fatigue curves
were reconstructed using the Nearest Person, KNN (with K=7 as the best-performing KNN
variant from the LOSO analysis), and Fuzzy Fusion methods. The predicted curves were then
compared against their actual fatigue trajectories using the same error metric described in
Section 2.10. This independent validation provides crucial evidence of the model's
performance on unseen data, simulating real-world application scenarios.
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3. Results

3.1. Validation of 200-Second Gait Signature for Participant Identification

To ascertain the efficacy of a short, 200-second walking trial in identifying individual gait-
fatigue signatures, a 15 x 15 similarity matrix was generated by comparing 200-second test
runs against full fatigue runs from a database of 15 participants. The analysis revealed a clear
and statistically significant distinction between self-similarity (a participant matching their own
record) and cross-similarity (a participant matching another's record).

As summarized in Table 1, the mean self-similarity was 96.88% (SD = 1.63%), while the mean
cross-similarity was substantially lower at 83.33% (SD = 5.72%). Notably, the lowest self-
similarity observed (93.76%) remained higher than the highest cross-similarity (88.84%),
indicating no overlap between the two distributions. A Welch's t-test confirmed an extremely
significant difference between self-similarity and cross-similarity (¢ = 23.01, p < 0.0001).
Furthermore, the calculated Cohen's d of 3.22 signifies an exceptionally large effect size,
underscoring the strong discriminative power of the 200-second gait signature. Crucially, the
identification accuracy was 100%, meaning that for every participant, their 200-second test run
yielded the highest similarity score with their own full fatigue run in the database.

Table 1 Statistical Comparison of Self-Similarity vs. Cross-Similarity from 200-Second Gait Signatures.

Metric Selfzii;nli;lrity Cros(;iiznlli)l)a rity Statistical Test (Welch's t-test)
Mean (%) 96.88 83.33 t=23.01,p<0.0001
(Sot/oa)“dard Deviation 1.63 5.72 Cohen's d = 3.22
Median (%) 97.46 86.96

Min (%) 93.76 60.78

Max (%) 98.96 88.84

These results unequivocally demonstrate that a 200-second walking trial is sufficient to reliably
identify individuals within the database based on their unique gait-fatigue features, providing
a robust foundation for the subsequent coefficient transfer process.

3.2. Leave-One-Subject-Out (LOSO) Cross-Validation of Fatigue Curve
Reconstruction

The performance of the three coefficient-transfer strategies (Nearest Person, KNN with varying
K, and Fuzzy Fusion) was rigorously evaluated using a Leave-One-Subject-Out (LOSO) cross-
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validation protocol across 38 participants. The primary metric, Mean Absolute Error (MAE),
was derived from the Euclidean distance between the predicted and actual DTW-normalized
fatigue curves, divided by 100. For enhanced interpretability, we also present a Fidelity Score
(100 - MAE), where higher values indicate better reconstruction accuracy.

Table 2 Performance of Coefficient Transfer Strategies in LOSO Cross-Validation (N=38).

Mean Fidelity Score . Acc <
< B0,
Method MAE  (100-MAE) (DEXE) ?ﬁdA‘E;‘ (RDKS; 10% Ag{ = E)A)
(%) (%) (MAE)
g:fsr(fst 13.95 86.05 4.49 14.25 14.64 18.42% 0.00%
:(Iil;) 13.16 86.84 3.97 13.23 13.73 23.68% 0.00%
gg) 13.45 86.55 4.93 12.94 1431 18.42% 0.00%
:ﬁiﬁ) 13.45 86.55 452 13.48 14.17 21.05% 0.00%
:(Iil;l) 13.75 86.25 4.68 13.97 14.50 21.05% 0.00%
&111:) 13.46 86.54 438 13.85 14.13 21.05% 2.63%
:;111\71) 12.94 87.06 3.76 13.26 13.46 23.68% 0.00%
zgf:) 13.37 86.63 4.14 13.43 13.98 21.05% 0.00%
g(l\f;) 13.49 86.51 4.03 13.81 14.06 21.05% 0.00%
iﬁifoyn 9.12 90.88 2.70 9.07 9.50 71.05% 5.26%

As presented in Table 2, the Fuzzy Fusion method consistently demonstrated superior
performance across all metrics. It achieved the lowest Mean MAE of 9.12% (corresponding to
a Fidelity Score of 90.88%), significantly outperforming the Nearest Person method (MAE =
13.95%) and the best-performing KNN variant (K=7, MAE = 12.94%).

The standard deviation of MAE for Fuzzy Fusion (2.70%) was also considerably lower,
indicating greater consistency and robustness across participants. For better visualasion all
participants errors are bring as heatmap error in Figure 3.
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Fig. 3 Heatmap of Reconstruction Fidelity across the Participant Database.The heatmap illustrates the error
distribution for all 38 participants under the Leave-One-Subject-Out (LOSO) protocol.

Furthermore, Fuzzy Fusion achieved an impressive 71.05% of predictions with an MAE of
10% or less, and 5.26% with an MAE of 5% or less. In contrast, the best KNN method (K=7)
only achieved 23.68% for MAE < 10% and 0% for MAE < 5%This highlights the enhanced
precision of the Fuzzy approach.

Comparative analysis using Cohen's d revealed large to very large effect sizes when comparing
Fuzzy Fusion to other methods. For instance, the Cohen's d for Fuzzy vs. Nearest Person was
1.47, and for Fuzzy vs. KNN (K=7) was 1.25. These substantial effect sizes underscore the
practical significance of the performance gains achieved by Fuzzy Fusion.

Error Distribution across Different Coefficient Transfer Methods
354

254

Mean Absolute Error (Percentage Points)

Fig. 4 Boxplot of Error Distribution across Different Coefficient Transfer Methods in LOSO Cross-Validation.

Figure 4 visually corroborates these findings, illustrating that the error distribution for Fuzzy
Fusion is not only centered at a lower value but also exhibits a significantly narrower
interquartile range and fewer outliers compared to all other methods. This graphical



representation clearly identifies Fuzzy Fusion as the most accurate and robust strategy for
reconstructing individual fatigue trajectories.
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3.3. External Validation on Unseen Participants

To further validate the generalizability of the proposed methodology, three participants not
included in the original database were subjected to the same prediction pipeline. Their fatigue
curves were reconstructed using the Nearest Person, KNN (K=7), and Fuzzy Fusion methods,
and the MAE was calculated against their actual fatigue trajectories. The results, summarized
in Table 3, provide compelling evidence of the model's performance on truly unseen data.
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Table 3 Performance of Coefficient Transfer Strategies on External Validation (N=3 Unseen Participants).

Method Mean MAE (%) Fidelity Score (100-MAE) (%) Individual MAE (%)

Nearest Person 20.87 79.13 14.20, 30.05, 18.35

KNN (K=7) 19.33 80.67 13.37,27.01, 17.61

Fuzzy Fusion 10.61 89.39 9.26,10.97, 11.60

11 For these three unseen participants, Fuzzy Fusion achieved a mean MAE of 10.61% (Fidelity
12 Score = 89.39%), demonstrating a substantial improvement over both Nearest Person (Mean
13  MAE =20.87%) and KNN (K=7, Mean MAE = 19.33%). Specifically, Fuzzy Fusion reduced
14 the mean error by 49.15% compared to the Nearest Person method and by 45.11% compared
15  to the best KNN (K=7). Furthermore, the individual MAE values for Fuzzy Fusion were
16  remarkably consistent (ranging from 9.26% to 11.60%), especially when contrasted with the
17  wide variability observed in the Nearest Person method (14.20% to 30.05%). This stability in
18  prediction for unseen individuals highlights the superior robustness and generalizability of the
19  Fuzzy Fusion approach.
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4. Discussion

This study presents a novel and data-efficient approach for the continuous prediction of human
walking fatigue trajectories, addressing a critical gap in low-cost, unobtrusive physiological
monitoring. By leveraging an existing database of GWO-optimized fatigue coefficients and
employing advanced similarity-based transfer learning strategies, we have demonstrated a
robust method for estimating individual fatigue progression without the need for extensive
subject-specific calibration or large datasets typically required by deep learning models.

The initial validation of the 200-second gait signature proved to be a cornerstone of our
methodology. The ability to unequivocally identify individuals based on a short walking trial,
as evidenced by 100% identification accuracy and an exceptionally large Cohen's d of 3.22, is
highly significant. This finding suggests that each individual possesses a unique and consistent
gait-fatigue signature that can be reliably captured within a brief observation period. This has
profound implications for real-world applications, as it enables the system to rapidly identify a
new user and access their most relevant fatigue profile from the database, thereby facilitating
near real-time fatigue monitoring. This data-efficient identification mechanism circumvents
the need for lengthy baseline measurements or complex model training for each new individual,
which is a major advantage in practical settings.

The rigorous Leave-One-Subject-Out (LOSO) cross-validation provided compelling evidence
for the superiority of the Fuzzy Fusion method. With a mean MAE of 9.12% (Fidelity Score
of 90.88%), Fuzzy Fusion significantly outperformed both Nearest Person and all KNN
variants. The substantial reduction in error, coupled with a lower standard deviation, highlights
the enhanced accuracy and consistency of the fuzzy approach. The large effect sizes (Cohen's
dup to 1.47) further underscore the practical significance of these improvements. This superior
performance can be attributed to the inherent design of Fuzzy Fusion, which intelligently
blends information from the entire database based on continuous similarity memberships.
Unlike discrete methods like Nearest Person or KNN, which rely on a limited number of 'hard'
neighbors, Fuzzy Fusion creates a smoothly weighted average of coefficients. This allows it to
better account for the continuous spectrum of inter-individual variability in fatigue responses,
leading to more generalized and robust predictions, especially when an exact match for a new
individual is not present in the database [35, 36].

The external validation on three unseen participants further solidified the generalizability and
real-world applicability of our Fuzzy Fusion model. The consistent and low MAE (mean
10.61%) for these independent subjects, along with the remarkable stability of predictions,
demonstrates that the model is not merely overfitting to the training database but can effectively
generalize to new individuals. The significant percentage reduction in error (up to 49.15% over
Nearest Person) for these unseen cases provides strong evidence that this approach can be
reliably deployed in diverse populations, even when their specific fatigue patterns are not
explicitly stored in the database. This is a crucial aspect for any technology aiming for
widespread adoption in clinical or sports monitoring.

The choice of GWO-optimized coefficients, derived from our previous work [34], is central to
the physiological grounding of this predictive model. By anchoring the fatigue trajectory
reconstruction to physiologically validated measures like Borg RPE and sEMG, the model
ensures that the predicted fatigue is not merely a kinematic correlation but reflects actual
physiological changes [37-39]. The stability and robustness of GWO in identifying these
coefficients, as noted in our earlier discussions, further contribute to the reliability of the
transferred knowledge. This approach stands in contrast to purely data-driven methods that
might identify statistical correlations without a clear physiological basis, making the results
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more interpretable and clinically relevant [40—42]. The successful application of GWO in other
complex optimization problems, such as solar cell efficiency [29], further attests to its
capability in extracting meaningful parameters from intricate systems.

This study effectively addresses the challenge of data scarcity in biomechanical research,
particularly for continuous fatigue monitoring. While deep learning models often struggle with
limited datasets, leading to overfitting and poor generalization [43, 44], our similarity-based
transfer learning approach provides a viable alternative. By leveraging a well-characterized
database and intelligently transferring GWO-optimized coefficients, we have developed a
system that is both data-efficient and highly accurate. This methodology opens new avenues
for personalized fatigue assessment, where a brief initial assessment can unlock a personalized
predictive model based on a repository of similar individuals. This paradigm shift can
accelerate the development of practical, low-cost, and continuous fatigue monitoring solutions,
ultimately enhancing safety, performance, and well-being in various domains.

5. Conclusion

This study successfully developed and validated a novel data-efficient methodology for the
continuous prediction of human walking fatigue trajectories. By integrating a robust 200-
second gait signature for individual identification with GWO-anchored feature coefficients and
an innovative Fuzzy Fusion transfer learning strategy, we have established a highly accurate
and generalizable system. The Fuzzy Fusion method demonstrated clear superiority over
traditional Nearest Person and KNN approaches, achieving a mean Fidelity Score of 90.88%
in internal cross-validation and maintaining a high Fidelity Score of 89.39% when tested on
entirely unseen participants.

These results signify a major advancement in addressing the "data bottleneck" in biomechanics.
While deep learning models often require thousands of samples to generalize, our framework
achieves high-fidelity reconstruction using a modest repository of physiologically grounded
profiles. The use of the Fidelity Score as a performance metric underscores the model's ability
to capture the nuanced, non-linear progression of fatigue with over 90% accuracy in most cases.
This approach provides a practical, low-cost solution for real-time monitoring, enabling
proactive interventions in rehabilitation and sports science. Future work will focus on
expanding the database to include pathological gait patterns, further enhancing the clinical
utility of this high-fidelity monitoring system.
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