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Abstract

Excessive cumulative hip joint loading and harmful compensatory gait patterns
during daily activities often remain undetected outside the biomechanics lab-
oratory, limiting timely adjustment of rehabilitation strategies and potentially
accelerating disease progression in patients with hip osteoarthritis (HOA). Wear-
able inertial measurement units (IMUs) could enable continuous monitoring of
hip joint loading, but accurate estimation must generalize across individuals,
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pathological gait patterns, walking environments, and gait modifications. We
recruited 84 participants (34 with osteoarthritis, 19 healthy older adults, and 31
healthy young adults) who performed normal and modified walking trials (fast
and slow walking, toe-in and toe-out gait, wide and narrow step widths, increased
lateral trunk sway, and dual-task walking) on an instrumented treadmill or over-
ground force plates while wearing inertial measurement units (IMUs) and optical
motion-capture markers. We developed a novel, personalized deep learning frame-
work to estimate continuous hip adduction moment (HAM) and hip flexion
moment (HFM) waveforms from input IMU signals at the trunk, pelvis, thigh,
and shank. Personalization using only baseline walking data achieved RMSEs of
0.48 and 0.52 %BW·BH with waveform correlations of 0.96 and 0.94 for HAM
and HFM, respectively. During independent overground evaluation, the personal-
ized model achieved RMSEs of 0.92 and 0.77 %BW·BH with correlations of 0.91
and 0.93. Predicted peak moments and stance-phase moment impulses preserved
gait-dependent differences across the evaluated gait modifications. By enabling
individualized, low-burden hip-loading assessment across diverse gait patterns,
this framework may help identify harmful compensatory strategies earlier, inform
timely rehabilitation adjustments, broaden access to biomechanical monitoring
outside specialized laboratories, and provide a technical basis for future wearable
biofeedback and personalized rehabilitation assessment.

Keywords: Hip osteoarthritis, rehabilitation, wearable sensors, inertial measurement
units, gait biomechanics, hip joint moments, deep learning, few-shot personalization

1 Introduction

Hip osteoarthritis (HOA) is a chronic, progressive, and highly disabling degenerative
joint disease characterized by the gradual deterioration of articular cartilage, leading
to severe pain and mobility impairment[1–3]. With a global pooled radiographic preva-
lence of approximately 8.55% that increases significantly with age[4], HOA stands as a
leading cause of global disability among the aging population and poses a substantial
socioeconomic burden[5, 6]. Consequently, there is an urgent clinical need for effec-
tive conservative treatments to mitigate symptoms and potentially slow functional
and structural deterioration [7]. Abnormal dynamic joint loading during locomotion
is recognized as a fundamental mechanical driver of HOA progression and symptom
severity[8], while gait kinematic factors and excessive daily cumulative hip loading
are also identified as critical prognostic factors predicting the subsequent radiographic
progression[9].

Individuals with HOA often adopt compensatory gait strategies, including altered
walking speed, reduced step length, modified pelvic motion, and increased ipsilateral
trunk lean during the affected stance phase[2, 10, 11]. Such adaptations may reduce
mechanical demand in one dimension while introducing altered loading patterns else-
where in the musculoskeletal system. Additionally, abnormal hip joint loading may
persist even after total hip replacement and may not be identifiable through rou-
tine clinical examination or static radiographic measures alone [12]. These challenges
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highlight the need for individualized gait assessment to identify patient-specific move-
ment strategies and guide targeted rehabilitation [13, 14]. Of particular interest are
the hip adduction moment (HAM) and hip flexion moment (HFM). HAM has been
used to assess frontal-plane cumulative loading and structural progression [9, 15],
whereas HFM characterizes sagittal-plane muscular demand and has been associ-
ated with patient symptoms [8, 10]. Reliable estimation of stance-phase HAM and
HFM waveforms may therefore support evaluation of gait modification strategies and
rehabilitation-related changes in hip loading.

Conventionally, hip joint moments are estimated using optical motion capture
(OMC) systems combined with force plates (FP) and inverse dynamics. Although these
systems provide well-established laboratory measurements, their cost, setup require-
ments, limited capture volume, and dependence on instrumented environments restrict
their use in routine clinical and ambulatory applications. Instrumented treadmill test-
ing can capture consecutive strides but may be challenging for patients with pain,
balance deficits, or limited mobility, and treadmill walking may differ from natural
overground gait[16]. Conversely, overground force-plate assessments typically capture
only a few valid foot contacts and may require repeated trials or conscious foot place-
ment, potentially altering natural gait[17]. As a result, laboratory assessments provide
only brief and highly controlled snapshots of gait that may not represent the vari-
ability in hip loading and compensatory strategies encountered during daily activities
or rehabilitation, limiting opportunities for timely and individualized rehabilitation
adjustment. Wearable inertial measurement units (IMUs) therefore offer a portable,
low-cost, and low-burden means of extending hip-moment assessment from specialized
laboratories to routine clinical and ambulatory settings.

Deep learning enables joint kinetics to be estimated directly from multidimensional
IMU time series without requiring a complete analytical musculoskeletal modeling
pipeline [18]. Recent studies have moved beyond isolated discrete outcomes toward
complete joint-moment waveform estimation, preserving the magnitude, timing, and
temporal evolution of joint demand [19–27]. Waveform reconstruction also enables
clinically interpretable features, such as peak magnitude, peak timing, and stance-
phase moment impulse, to be derived for gait assessment, phase-specific feedback,
and assistive-control applications. Mundt et al. evaluated representative architectures,
including MLPs, LSTMs, and CNNs, for three-dimensional lower-limb kinematic and
kinetic estimation from measured and simulated IMU data during walking[20]. More
recent studies broadened the task scope: Altai et al. evaluated XCM and related
time-series models[24], Molinaro et al. employed a TCN[22], Hossain et al. developed
a CNN-RNN ensemble[25], Wang et al. proposed a TCN-BiLSTM[23], Liang et al.
demonstrated single-IMU estimation[27], and Tang et al. introduced a TCN-xLSTM
architecture[26]. Collectively, these approaches have demonstrated promising joint-
moment waveform estimation across level walking, speed variations, ramps, and stairs.
However, they have been evaluated predominantly in healthy cohorts and conventional
locomotor tasks, leaving their performance in unseen individuals with OA and during
rehabilitation-related gait modifications insufficiently established.

3



For wearable deep learning systems to support HOA rehabilitation, they must
remain accurate under cross-subject and cross-condition distribution shifts. Cross-
subject variation arises from differences in anthropometry [28, 29], disease presentation
[30], and patient-specific lower-limb coordination strategies [10], which may cause
pathological gait patterns of a new patient to differ substantially from the training
distribution. Cross-condition variation results from rehabilitation-related gait modifi-
cations, such as changes in walking speed, foot progression angle (FPA), step width,
and trunk lean, to alter targeted hip-loading metrics [13, 14, 31, 32]. A clinically use-
ful estimator should therefore generalize to new individuals while retaining accuracy
across gait modifications.

Few-shot personalization offers a potential solution by adapting a population-level
model using a small amount of calibration data from the target individual[33–37].
Related studies have demonstrated data-efficient user adaptation in wearable activ-
ity recognition [34, 35] and continuous biomechanical signal estimation, including
IMU-based lower-limb kinematics and muscle-activation waveforms [36, 37]. Collect-
ing calibration data for every rehabilitation-related gait modification would remain
burdensome and clinically impractical. We therefore investigate a baseline-only per-
sonalization strategy, in which a population-level model is adapted using only a
few habitual walking cycles and then applied to gait conditions excluded from
subject-specific calibration. We hypothesize that baseline walking would provide suf-
ficient information to calibrate relatively stable subject-specific characteristics, such
as anthropometric scaling, sensor alignment, and habitual intersegmental coordina-
tion, while pretraining across diverse gait modifications would support generalization
beyond the calibration condition.

Accordingly, we developed a few-shot personalization framework for IMU-based
estimation of stance-phase HAM and HFM waveforms. We recruited 84 participants,
including individuals with OA, healthy older adults, and healthy young adults, and
collected synchronized IMU, OMC, and force data during normal walking and gait
modifications, including fast and slow walking, toe-in and toe-out gait, wide and nar-
row step widths, increased lateral trunk sway, and dual-task walking. The proposed
model was trained and internally evaluated using the treadmill cohort and externally
evaluated using an independent overground cohort. For each unseen participant, the
model was personalized using only baseline walking cycles and then evaluated on
the remaining baseline cycles and gait-modification conditions excluded from subject-
specific calibration. We hypothesized that baseline-only personalization would improve
waveform accuracy relative to the subject-general model and improve estimation of
peak moments and stance-phase moment impulses across normal and modified gait.

2 Methods

2.1 Subjects

Eighty-four individuals participated in this study, including 34 participants with OA,
19 healthy older adults, and 31 healthy young adults (Table 1). The treadmill cohort,
used for population-model training and internal evaluation, comprised 63 participants
(29 male and 34 female; age: 44.4±14.9 years; height: 1.66±0.08 m; mass: 65.9±11.3
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Table 1: Participant Characteristics for Treadmill and Overground Cohorts

Participant Group Gender (M/F) Age (years) Height (m) Weight (kg) Baseline Speed (m/s)

Treadmill Walking
Healthy Young Adults (n = 19) 11/8 23.8 ± 2.0 1.71 ± 0.07 64.6 ± 11.0 1.17 ± 0.09
Healthy Older Adults (n = 19) 9/10 55.2 ± 6.1 1.63 ± 0.07 63.3 ± 12.0 0.80 ± 0.12
Participants with OA (n = 25) 9/16 51.9 ± 7.6 1.65 ± 0.07 68.8 ± 10.9 0.70 ± 0.15

Overground Walking
Healthy Young Adults (n = 12) 7/5 24.9 ± 2.4 1.69 ± 0.09 65.7 ± 10.0 –
Participants with OA (n = 9) 0/9 48.3 ± 13.8 1.57 ± 0.05 50.9 ± 6.6 –

Data are presented as mean ± standard deviation. –: Not available.

kg; BMI: 23.8± 3.2 kg/m2), including 25 participants with lower-limb OA, 19 healthy
older adults, and 19 healthy young adults. The independent overground cohort, used
exclusively for external personalization and evaluation, comprised 21 participants (7
male and 14 female; age: 35.0 ± 14.9 years; height: 1.64 ± 0.09 m; mass: 59.3 ± 11.3
kg; BMI: 22.0± 2.9 kg/m2), including nine participants with hip OA or developmen-
tal dysplasia of the hip (DDH) and 12 healthy young adults. No participant in the
overground cohort was included in population-model training or internal evaluation.

Participants were recruited through the outpatient clinic of Shanghai Sixth Peo-
ple’s Hospital and the outpatient clinic of Kyoto University Hospital. For participants
with OA, the inclusion criteria were persistent joint pain on most days during the
preceding month, radiographic evidence of OA, and the ability to walk independently
without an assistive device. Participants enrolled in the treadmill experiment were
additionally required to complete the treadmill walking protocol safely. Hip OA and
DDH diagnoses in the overground cohort were confirmed through clinical and radio-
graphic assessment. All participants provided written informed consent before data
collection. The treadmill protocol was approved by the Ethics Committee of Shang-
hai Sixth People’s Hospital, and the overground protocol was approved by the Ethics
Committee of Kyoto University Graduate School and Faculty of Medicine.

2.2 Experimental Setup

2.2.1 Motion Capture and Force Plates

Three-dimensional marker trajectories were recorded at 100 Hz using either an eight-
camera Qualisys system (Qualisys AB, Gothenburg, Sweden) or a ten-camera Vicon
system (Oxford Metrics Group, Oxford, UK), depending on the experimental site. 65
retroreflective markers and rigid tracking clusters were placed on specific anatomical
landmarks to define the segments: posterior surface of the calcaneus, head of the second
metatarsal, head of the fifth metatarsal, tuberosity of the fifth metatarsal, fibula apex
of lateral and tibia apex of medial malleoli, lateral and medial femoral epicondyles,
greater trochanters, left and right anterior superior iliac spines, left and right posterior
superior iliac spines, sternum jugular notch, left and right acromion, seventh cervical
vertebra, sternum xiphisternal joint, and midway between the inferior angles of most
caudal points of the two scapulae. Additionally, rigid marker clusters were placed on
the bilateral thighs and shanks.
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Ground reaction forces were recorded synchronously at 1000 Hz. For the treadmill
cohort, forces were measured using a dual-belt instrumented treadmill (Bertec Corp.,
Worthington, OH, USA). For the overground cohort, forces were recorded using floor-
embedded force plates (Kistler Group, Winterthur, Switzerland).

Fig. 1: Experimental setup. Participants walked on an instrumented treadmill while
performing gait modifications with real-time visual feedback. Eight IMUs, an OMC
system, and embedded force plates were used for data collection.

2.2.2 Inertial Measurement Units

Eight IMUs (SageMotion, Kalispell, MT, USA) recorded tri-axial acceleration and
angular velocity at 100 Hz. The sensors were secured using elastic straps and positioned
on the trunk (anterior chest), pelvis (lower back), and bilaterally on the anterior
thighs (5 cm proximal to the patella), lateral shanks (5 cm proximal to the lateral
malleolus), and the dorsum of the feet (Figure 1). Only the trunk, pelvis, and right
thigh, shank, and foot IMUs were used for model development and evaluation. The
sensor coordinate systems were standardized such that the positive y-axis directed
upward, and the z-axis conformed to the right-hand rule.

2.3 Experimental Protocol

Two independent experiments were conducted using separate treadmill and over-
ground cohorts.

2.3.1 Treadmill experiment

Participants completed a series of walking trials on an instrumented treadmill while
wearing standardized attire and shoes. Prior to data collection, participants completed
a two-minute warm-up to familiarize themselves with the treadmill and establish their
preferred walking speed. The baseline trial consisted of one minute of walking at each
participant’s self-selected speed, and data from this trial were used to determine the
baseline values of the targeted gait parameters.
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Participants subsequently performed nine modified walking conditions: fast and
slow walking (baseline ± 0.2 m/s), toe-in and toe-out gait (baseline FPA ± 10°), wide
(baseline + 0.070 m) and narrow (baseline - 0.054 m) step widths, increased lateral
trunk sway (baseline + 4° and + 8°), and a dual-task cognitive condition. During the
dual-task condition, participants walked at their baseline speed while continuously
counting backward by threes. Each trial lasted one minute, with adequate rest provided
between trials as needed.

2.3.2 Overground experiment

A separate cohort performed overground walking trials along a level walkway under
the baseline and modified gait conditions described above, except for the dual-task
condition. Participants walked repeatedly in both directions, with the left and right
limbs assessed in separate passes. A pass was considered valid when the designated foot
fully contacted the force plate without simultaneous contact from the contralateral
foot. For each trial, healthy participants completed 10 valid passes per limb, whereas
participants with hip OA or DDH completed five valid passes per limb to reduce
fatigue. Rest was provided between trials as required.

During the FPA, step width, and trunk sway conditions in both experiments, par-
ticipants modified their gait using real-time visual feedback synchronized with the
optical motion capture system and displayed on a front-facing monitor (Figure 1).
Before each modified walking condition, participants practiced the required adjust-
ment to ensure that they understood the task and could accurately interpret and
respond to the feedback. During formal data collection, participants were instructed to
modify only the targeted parameter while maintaining their baseline walking pattern
for all other gait characteristics.

2.4 Data Preprocessing

2.4.1 Signal Synchronization and Gait Segmentation

Kinematic and kinetic data were processed in Visual3D (C-Motion, Germantown,
MD, USA) to identify gait events and compute reference hip adduction and flexion
moments. The IMU data were temporally aligned with the motion capture data by
cross-correlating the corresponding right-shank angular velocity signals recorded dur-
ing three preparatory leg swings before each trial. After synchronization, all data
streams were resampled to 100 Hz and segmented into discrete stance-phase windows
from heel strike to toe-off. Each target stance phase was retained together with 20
frames (0.20 s) before initial contact and 20 frames after toe-off to preserve information
surrounding the stance transitions.

Windows containing missing samples or sustained abrupt signal discontinuities
were excluded. All retained windows were subsequently zero-padded at the end of the
sequence to a uniform maximum length of 176 frames. A binary mask was applied dur-
ing model training and evaluation to prevent padded samples from contributing to the
loss and performance metrics. Following preprocessing and quality control, 31,666 steps
were retained in the treadmill dataset, corresponding to an average of approximately
54 steps per participant per trial, and 1,264 steps were retained in the overground
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dataset. Only right-limb steps were included in the analysis. The corresponding right
hip adduction and flexion moment waveforms were used as the prediction targets.
Left-limb IMU signals and joint moments were not included.

2.4.2 Extraction of Gait Parameters

Gait parameters were extracted from the marker trajectories for each gait cycle. The
foot progression angle was calculated from the horizontal projection of the vector
connecting the calcaneus and second metatarsal markers and averaged over the pre-
defined early-stance interval. Step width was calculated as the mediolateral distance
between the bilateral calcaneus markers during the initial double-support phase. Trunk
sway was defined as the frontal-plane angular range between the vertical axis and
the pelvic-manubrium axis. Overground walking speed was calculated from the hori-
zontal displacement of the pelvis divided by the corresponding elapsed time, whereas
treadmill walking speed was obtained directly from the treadmill setting.

2.5 Proposed Model and Evaluation

2.5.1 Model Architecture

Fig. 2: Architecture of the proposed model for continuous HAM and HFM waveform
estimation from wearable IMU signals through Conv1D feature extraction and an
MLP regression head.

A one-dimensional convolutional neural network combined with a multilayer per-
ceptron regression head (1DCNN-MLP) was developed to estimate stance-phase
hip-moment waveforms from wearable IMU signals (Figure 2). A preliminary leave-
one-location-out analysis was used to select the model inputs from the trunk, pelvis,
right thigh, right shank, and right foot sensors. The trunk–pelvis–right thigh–right
shank configuration achieved the lowest mean rRMSE across HAM and HFM and
was therefore used for subsequent analyses. For each step window, tri-axial accelera-
tion and angular velocity signals from four IMUs were concatenated along the channel
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dimension to form a multichannel temporal input sequence. The model consisted of
a temporal convolutional encoder followed by an MLP-based regression head. The
encoder comprised two 1D convolutional layers: the first layer applied a kernel size
of 5 to extract 72 feature channels, while the second layer used a kernel size of 3 to
expand the representation to 144 channels. Each convolutional layer was followed by a
rectified linear unit (ReLU) activation function, batch normalization to stabilize train-
ing, and max pooling for temporal downsampling. Dropout was subsequently applied
to the encoded feature maps to prevent overfitting. The encoded temporal feature
maps were flattened and passed to an MLP regression head containing one fully con-
nected hidden layer with 32 units and ReLU activation. The final linear layer directly
predicted two moment sequences, corresponding to HAM and HFM.

The proposed model was trained in a supervised manner using the Adam opti-
mizer and mean squared error loss. The number of convolutional channels, fully
connected units, learning rate, batch size, dropout probability, and training epochs
were tuned jointly via a tree-structured Parzen estimator using leave-five-subject-out
cross-validation within the treadmill cohort (Table 2). All steps from each participant
were retained within the same fold, and the optimization objective was the average
HAM and HFM rRMSE computed across all steps pooled from the held-out partici-
pants. Within each fold, a min–max scaler with a feature range of [−1, 1] was fitted
using only the training participants and then applied to the held-out participants. The
model was implemented in Python 3.10 using PyTorch 2.3.0.

Table 2: Hyperparameter search space and selected val-
ues

Hyperparameter Search Distribution Selected Value

Epochs QU(5, 15, 1) 12
Learning Rate U(1e− 3, 1e− 2) 3e− 3
Batch Size QU(20, 80, 10) 60
Fully Connected Units QN (30, 10, 1) 32
Dropout Probability QU(0.1, 0.5, 0.1) 0.3
CNN Channels QN (64, 20, 8) 72

U(a, b): uniform distribution between a and b.

QU(a, b, q): quantized uniform distribution with step size q.

QN (µ, σ, q): quantized normal distribution with mean µ,

standard deviation σ, and quantization step q.

2.5.2 Performance Evaluation

Subject-general performance was evaluated using a leave-five-subject-out cross-
validation protocol on the treadmill dataset cohort. If the number of remaining
subjects in the final fold was smaller than five, all remaining subjects were included in
the final held-out fold. Within each fold, all available steps from the training subjects
were concatenated and shuffled before mini-batch training. For each subject, all stance-
phase samples across the evaluated trials were pooled to compute waveform-level
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RMSE, rRMSE, and r. Subject-level metrics were then summarized across subjects as
mean and standard error.

The effect of training-set size on generalization to unseen patients was evaluated
using a patient-outer five-fold protocol to enable paired comparisons across training-
participant proportions while preventing subject-level data leakage. Participants with
OA were divided into five mutually exclusive folds, with approximately 20% held out
for testing in each fold. For each fold, different proportions of the available training
participants were randomly sampled to construct the reduced training sets, while the
same held-out participants with OA were used for evaluation across all training-set
sizes. Performance was summarized across the five folds using rRMSE and waveform
correlation.

Gait-pattern-dependent analyses were performed for stance-phase waveforms, peak
moments, and hip moment impulses. Steps were binned separately for each gait param-
eter. For FPA, step width, and trunk sway, steps from the corresponding modification
trials were ranked by the measured step-level parameter and divided into three approx-
imately equal-sized bins: toe-in, normal, and toe-out for FPA; narrow, normal, and
wide for step width; and small, medium, and large for trunk sway. For treadmill walk-
ing, slow, normal, and fast groups were defined by the prescribed speed trials, with an
equal number of steps randomly sampled from each condition for every participant.
For overground walking, steps were ranked by measured step-level speed and divided
into three approximately equal-sized bins.

For waveform analysis, each stance phase was resampled to 101 points. For peak
analysis, peak HAM was defined as the first stance-phase adduction peak, whereas
peak HFM was defined as the peak internal hip extension moment during stance, as
both account for a large proportion of total hip joint contact force[38]. For impulse
analysis, the cumulative hip moment impulse was computed as

∑
t |Mt|∆t over the

stance phase, with ∆t = 0.01 s. The predicted and reference waveform, peak and
impulse values were then compared across gait-pattern groups to evaluate whether the
model preserved both instantaneous and cumulative biomechanical characteristics.

2.6 Baseline Models

The proposed model was compared with five baseline architectures commonly used for
time-series biomechanical estimation: FCNN [19], LSTM[22], TCN [22], TCN-BiLSTM
[23], and 2DCNN [21]. All baseline models used the same IMU inputs, output targets,
preprocessing pipeline, data partitions, and optimization procedure as the proposed
model. The FCNN contained two hidden layers with 100 and 20 units. The LSTM
contained two recurrent layers with 50 hidden units. The TCN used five residual tem-
poral convolutional levels with 50 channels per level. The TCN-BiLSTM combined
dilated temporal convolutions with a bidirectional LSTM. The 2DCNN used two con-
volutional layers followed by a fully connected regression head. Model performance
was quantified using RMSE, rRMSE, and Pearson correlation coefficient.
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2.7 Few-Shot Personalization and Evaluation

Within the treadmill cross-validation analysis, each held-out participant was personal-
ized from the population model trained on the corresponding source participants. After
completion of the internal analysis, a final population model was trained from scratch
using data from all 63 treadmill participants and used as the common initialization
for personalization in the independent overground cohort.

For each unseen target participant, all network layers were fine-tuned using N

labeled baseline steps for 200 epochs with the Adam optimizer and a learning rate of
3 × 10−4. The calibration steps were removed from the test set, and the remaining
baseline steps and all gait-modification steps were reserved exclusively for evaluation.
The 0-shot condition denoted direct application of the population model without per-
sonalization, whereas the 1-, 3-, 5-, and 10-shot conditions used the corresponding
numbers of baseline calibration steps.

3 Results

3.1 Subject-General Performance on the Treadmill Dataset

Cohort

Table 3: Performance of the proposed model and baseline architectures on the tread-
mill cohort

Method
HAM HFM

RMSE rRMSE r RMSE rRMSE r

Subject-general models

FCNN 1.02 (0.04) 11.3 (0.4) 0.85 (0.01) 1.05 (0.04) 10.2 (0.5) 0.86 (0.01)
2DCNN 0.81 (0.04) 9.1 (0.4) 0.92 (0.00) 0.94 (0.04) 9.2 (0.4) 0.90 (0.01)
LSTM 0.85 (0.04) 9.5 (0.4) 0.92 (0.00) 1.01 (0.04) 9.9 (0.5) 0.89 (0.01)
TCN 0.84 (0.04) 9.4 (0.5) 0.92 (0.00) 0.96 (0.04) 9.4 (0.5) 0.90 (0.01)
TCN-BiLSTM 0.91 (0.05) 10.2 (0.5) 0.89 (0.02) 1.06 (0.05) 10.2 (0.5) 0.86 (0.02)

Proposed Model 0.73 (0.04)† 8.2 (0.4)† 0.95 (0.00)† 0.86 (0.04)† 8.4 (0.5)† 0.92 (0.01)†

Personalized model

Proposed Model + 10-shot finetune 0.48 (0.01)‡ 5.4 (0.1)‡ 0.96 (0.00)‡ 0.52 (0.01)‡ 5.0 (0.1)‡ 0.94 (0.00)‡

Metrics are reported as mean and standard error across participants.
†p < 0.01 compared with all subject-general baseline models. ‡p < 0.01 compared with the subject-general proposed model.

The proposed model achieved the lowest subject-general prediction errors among
the evaluated models for both HAM and HFM (Table 3). For HAM, it obtained
an RMSE of 0.73 %BW·BH and an rRMSE of 8.2%, outperforming the 2DCNN,
which achieved 0.81 %BW·BH and 9.1%, respectively. For HFM, the proposed model
achieved an RMSE of 0.86 %BW·BH and an rRMSE of 8.4%, compared with
0.94 %BW·BH and 9.2% for the 2DCNN. It also achieved the highest waveform cor-
relations for HAM (r = 0.95) and HFM (r = 0.92). Relative to the TCN baseline, the
proposed model reduced rRMSE from 9.4% to 8.2% for HAM and from 9.4% to 8.4%
for HFM.

The model also preserved condition-dependent waveform patterns across gait mod-
ifications. Across step-width, trunk-sway, and walking-speed conditions, predicted
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HAM waveforms generally followed the corresponding inverse-dynamics reference
patterns (Figure 3).

Fig. 3: HAM waveform estimation across gait modification conditions. Shaded
regions represent inter-subject variability. Predicted waveforms followed the condition-
dependent trends observed in the reference measurements.

3.2 Personalized Estimation Across Treadmill and Overground

Cohorts

The effect of personalization was reflected in overall waveform accuracy and
calibration-set size. In the treadmill cohort, one-shot personalization produced only
marginal changes relative to the 0-shot model, whereas 3-shot personalization reduced
rRMSE from 8.1% to 5.5% for HAM and from 8.5% to 5.2% for HFM. For both
moments, the rRMSE reductions and waveform correlation increases from 0-shot to 3-
shot and from 3-shot to 10-shot were statistically significant. Ten-shot personalization
further reduced rRMSE to 5.4% for HAM and 5.0% for HFM, with smaller additional
improvements in waveform correlation (Table 3, Figure 4).

Pairwise group comparisons showed that residual population-dependent differences
remained after 10-shot personalization. For HAM, patients had significantly higher
rRMSE than young and older subjects. For HFM, patients had significantly higher
rRMSE and lower correlation coefficients than both young and older subjects, with an
additional reduction in correlation observed in older compared with young subjects.

Consistent improvements were observed across all evaluated gait conditions
for the stance-phase waveform, peak moment, and moment impulse (Appendix A
Table A1). Across conditions, HAM waveform RMSE decreased from 0.67–0.82 to
0.41–0.65 %BW·BH, whereas HFM waveform RMSE decreased from 0.77–0.92 to
0.49–0.70 %BW·BH. Peak moment errors were also reduced; for example, during fast
walking, HAM peak RMSE decreased from 1.09 to 0.81 %BW·BH and HFM peak
RMSE decreased from 1.00 to 0.66 %BW·BH. The largest waveform and peak improve-
ments were observed during fast walking, whereas the large-trunk-sway condition
generally retained the highest post-personalization errors. Moment impulse RMSE
also decreased for both moments under every gait condition.
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Fig. 4: Few-shot personalization evaluation. Bars represent the mean and one standard
error across test subjects. Significance lines denote paired comparisons between shot
conditions for which increasing the number of calibration steps improved performance,
with *p < 0.05, **p < 0.01, and ***p < 0.001.

The personalized framework also generalized to the independent overground
cohort. Compared with the non-finetuned model, 10-shot personalization reduced
HAM RMSE and rRMSE from 1.56 ± 0.16 %BW·BH and 14.4 ± 1.2% to 0.92 ±
0.09 %BW·BH and 8.5 ± 0.5%, respectively. For HFM, RMSE and rRMSE decreased
from 0.94 ± 0.07 %BW·BH and 7.5 ± 0.5% to 0.77 ± 0.06 %BW·BH and 6.2 ± 0.4%.
Correlation coefficients remained high, around 0.91 for HAM and 0.93 for HFM.

Peak moment analysis further showed that the personalized model captured the
expected modulation of hip moments across overground gait conditions (Figure 5).
Predicted peak HAM and HFM values generally followed the inverse-dynamics refer-
ence trends across step-width, trunk-sway, and walking-speed conditions, indicating
that the personalized IMU model preserved condition-dependent biomechanical vari-
ations. Neither the predicted nor reference peak moments differed significantly across
the FPA bins.
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Fig. 5: Peak hip moment estimation across overground gait conditions after 10-shot
personalization. Bars represent the mean and one standard deviation of the reference
FP & OMC measurements and IMU-based predictions. Significance lines indicate sta-
tistical differences between gait conditions.

4 Discussion

4.1 Few-Shot Personalization and Biomechanical Relevance

Results indicate that a small number of labeled baseline calibration steps can provide
useful subject-specific information for IMU-based hip-moment estimation. Baseline
walking may capture stable features such as anthropometry, sensor orientation, inter-
segmental coordination, and subject-specific moment scaling between IMU signals and
joint moments. Because these features are not limited to a single gait modification,
baseline-only fine-tuning improved estimation across conditions that were excluded
from calibration.

Personalization improved RMSE more than waveform correlation. This is expected
because the subject-general model already achieved high correlations, leaving limited
room to improve waveform shape agreement. RMSE is more sensitive to subject-
specific amplitude bias, offsets, and scaling differences. Few-shot fine-tuning, therefore,
appeared to correct subject-specific scaling and amplitude errors while preserving the
temporal waveform structure learned by the population model.

The personalized estimates also retained biomechanically relevant information.
Linear mixed-effects analyses identified positive associations between hip adduction
angle (HAA) and both the reference and predicted HAM impulses (Figure 6). This
relationship is biomechanically relevant because HAA reflects frontal-plane hip motion,
whereas HAM impulse represents cumulative frontal-plane hip loading during stance.
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Fig. 6: Association between hip adduction angle and absolute HAM impulse. Linear
mixed-effects models identified positive associations for both the reference FP & OMC
measurements and IMU-based predictions.

The consistency between reference and predicted associations suggests that the per-
sonalized estimates retained meaningful hip-loading information, rather than only
reducing waveform error. Illustrative participant-level examples further showed how
10-shot fine-tuning corrected subject-specific discrepancies in waveform and peak
moment agreement (Figure 7). These examples complement the group-level results by
showing how limited baseline calibration can adapt the population model to individual
movement and sensor characteristics.

4.2 Sensor Configuration, Training Data, and Deployment

Considerations

The incremental sensor configurations were defined based on the preceding leave-one-
location-out analysis. The foot IMU provided the smallest additional benefit for hip-
moment estimation, whereas the pelvis, thigh, trunk, and shank sensors contributed
more consistently to model performance. The subsequent sensor-number comparison
therefore used the following configurations: pelvis for 1IMU; pelvis and thigh for 2IMU;
thigh, pelvis, and trunk for 3IMU; shank, thigh, pelvis, and trunk for 4IMU; and foot,
shank, thigh, pelvis, and trunk for 5IMU.

The treadmill-based IMU-number comparison used leave-five-subject-out cross-
validation without subject-specific fine-tuning and therefore reflects subject-general
performance in unseen participants (Figure 8). Waveform correlations generally
increased as additional sensor locations were included, with significant improve-
ments from 1IMU to 2IMU and from 2IMU to 4IMU. These findings indicate
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(a) Subject P019

(b) Subject P024

Fig. 7: Illustrative examples of few-shot personalization in the treadmill cohort. Zero-
shot predictions were compared with 10-shot personalized predictions for two held-out
participants. The examples illustrate changes in waveform and peak moment agree-
ment after subject-specific fine-tuning.

that multi-segment motion signals provided complementary information for hip-
moment estimation. The pelvis and thigh IMUs primarily captured hip-proximal
motion, whereas the trunk and shank provided complementary information related to
upper-body compensation, lower-limb progression, and stance timing. Consequently,
performance improved substantially from 1IMU to 4IMU, while the additional foot
IMU contributed only limited independent information.

The four-IMU configuration therefore provided a favorable balance between pre-
diction accuracy and wearable burden. Although additional IMUs reduced prediction
errors, the relatively high waveform correlations obtained with reduced configura-
tions suggest that fewer sensors may remain useful for applications in which users
adjust their gait according to relative changes in waveform shape rather than absolute
moment magnitude.
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Fig. 8: Different IMU configuration for hip moment estimation. Bars represent the
mean and one standard error across test subjects. Significance lines denote paired
comparisons between IMU configurations for which increasing the number of IMUs
improved performance, with *p < 0.05, **p < 0.01, and ***p < 0.001.

Increasing the proportion of training participants improved subject-general per-
formance under both the one- and four-IMU configurations (Figure 9). This effect
was more pronounced with a single pelvis IMU, suggesting that larger and more
diverse training cohorts are particularly important when hip moments must be inferred
from limited kinematic input. In contrast, the four-IMU configuration reached com-
paratively stable performance with a more moderate training-set size, likely because
the trunk, pelvis, thigh, and shank signals provided complementary biomechanical
information.

These results indicate that additional participants can partially compensate for
limited sensor coverage, but training data and sensor information are not interchange-
able. Larger datasets primarily improve robustness to inter-participant variability,
whereas multi-segment sensing provides information that cannot be fully recovered
from a single sensor. The diminishing gains at higher training proportions further indi-
cate that dataset size alone does not determine performance once sufficient movement
variability has been represented.

Training-population composition was also evaluated using the same patient-outer
five-fold protocol. In each fold, five participants with OA were held out for testing,
while separate models were trained using 19 healthy young adults, 19 healthy older
adults, or 19 participants with OA. No consistent significant differences were observed
among the training populations, possibly because within-group heterogeneity and the
relatively small test set may have limited the ability to detect population-composition
effects. The broad range of gait modifications represented in each training group may
also have reduced differences between populations by exposing the model to diverse
movement patterns. These findings suggest that diverse healthy-participant data may
support population-model training when patient recruitment is limited.
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(a) single-IMU configuration

(b) 4-IMU configuration

Fig. 9: Effect of training data size under single-IMU configuration and 4-IMU config-
uration. The training proportions corresponded to 3, 6, 12, 23, 41, and 58 participants,
while five participants with OA were held out for testing in each fold. Bars represent
the mean and one standard error across folds, and thin lines indicate fold-wise per-
formance trends. Significance lines denote paired comparisons between training data
proportions, with *p < 0.05, **p < 0.01, and ***p < 0.001.

4.3 Advantages and Limitations

The present findings highlight the potential value of few-shot personalization for
IMU-based hip-moment estimation. Few-shot personalization substantially reduced
waveform, peak moment, and impulse errors using only baseline walking steps, while
generalizing to gait modifications excluded from calibration.

The effect of personalization was not limited to waveform-level error reduction.
The personalized model also improved the estimation of peak moments and moment
impulses, maintained high waveform correlations in the independent overground
cohort, reproduced condition-dependent changes in peak moments, and preserved the
association between HAA and HAM impulse. These findings suggest that the esti-
mated waveforms retained biomechanically meaningful information rather than only
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reducing numerical prediction error. This is relevant for potential applications in gait
retraining and rehabilitation monitoring, where peak loading, cumulative loading,
and condition-dependent changes are more directly interpretable than waveform error
alone.

The treadmill cohort included healthy young adults, healthy older adults, and
participants with OA affecting different lower-limb joints, exposing the model to a
broad range of compensatory gait strategies. This heterogeneous cohort was inten-
tionally included because lower-limb joint mechanics are highly interdependent; knee
OA alters hip and ankle kinetics and inter-joint coordination, whereas altered hip,
pelvis, and trunk mechanics can also influence knee loading[39–41], and hip and knee
OA frequently coexist [42]. The independent overground cohort further evaluated
transferability across measurement systems, protocols, and participant characteris-
tics. Together with the IMU-number and training-size analyses, these results provide
practical guidance for designing wearable hip-moment estimation systems.

Several limitations should be considered. Reference hip moments were obtained
from optical motion capture, force measurements, and inverse dynamics rather than
direct measurement, and the treadmill and overground cohorts used different mea-
surement systems and protocols. The experiments were conducted under controlled
treadmill and force-plate-based overground conditions, which may not fully represent
unconstrained daily walking [43]. Future work should evaluate bilateral and real-time
implementation in larger clinical cohorts and investigate label-efficient or portable cali-
bration strategies for daily-life use. In addition, the personalization procedure relied on
laboratory-based baseline calibration. Future work should investigate self-supervised
or unsupervised adaptation strategies that reduce or eliminate the need for labeled
calibration data, and determine how cohort diversity, gait-condition coverage, and sen-
sor placement can compensate for reduced sensor input while maintaining robustness
across participants and walking conditions.

5 Conclusion

This study demonstrated that continuous hip adduction and flexion moment wave-
forms can be estimated from wearable IMUs using a few-shot personalized deep
learning framework. The model was developed and evaluated using data from par-
ticipants with osteoarthritis, healthy older adults, and healthy young adults during
normal walking and modified gait, including fast and slow walking, toe-in and toe-out
gait, wide and narrow step widths, increased lateral trunk sway, and dual-task walk-
ing. The subject-general model outperformed the evaluated baseline architectures,
while personalization using only baseline gait cycles substantially improved wave-
form, peak moment, and moment impulse estimation across multiple gait patterns.
The personalized model also maintained good performance in an independent over-
ground cohort containing healthy participants and individuals with hip osteoarthritis
or developmental dysplasia of the hip.

The proposed framework could facilitate individualized assessment of hip loading
during gait retraining, rehabilitation monitoring, and out-of-laboratory biomechanical
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evaluation. Future work should reduce the dependence on laboratory-based calibration
and validate the system during real-time and unconstrained daily-life walking.
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