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Abstract.

This work investigates lightweight personalisation of micro-electro-mechanical
systems (MEMS)-based wearables using a public padel database as a case
study. We compare a centralised CNN model, single-user models and two
fine-tuning schemes (full and last-layer) on wrist-worn IMU data from 23
players and 13 stroke classes. Personalised models with data augmenta-
tion achieve weighted F1-scores above 90%, closing most of the gap to an
optimistic single-user upper bound while reducing inter-subject variabil-
ity. FLOP and memory analyses show that last-layer fine-tuning offers a
favourable trade-off between accuracy and efficiency for on-device deploy-
ment in MEMS-based wearables.

1 Introduction

Wearable devices based on MEMS sensors have become widely integrated into
the field of sports, enabling the capture of both kinematic and physiological
variables. These technologies have well-established applications in performance
monitoring, injury prevention, and rehabilitation [1, 2, 3].

The raw signals produced by these devices are rarely interpretable in their
native form. In most practical applications, neither end users nor practitioners
inspect these signals directly. Instead, they rely on machine learning models to
infer relevant events, behaviours or performance indicators.

However, training such models requires large and carefully labelled datasets,
often synchronised with video recordings or expert annotations [4]. While this
strategy improves scalability, it also introduces several limitations. Inter-individual
differences in movement patterns, body morphology, equipment or even device
placement can significantly degrade performance when a single model is applied
to all users. In principle, individual richly annotated datasets could mitigate
these effects; in practice, this is rarely feasible given the time, cost and expertise
required.

This has led to the growing use of neural network personalisation, where
generic base models are adapted to the final user [5, 6, 7] using a limited amount
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of user-specific data. The aim of this approach is to retain the general knowledge
encoded in the model while tailoring its behaviour to that particular user. How-
ever, most existing approaches assume either powerful off-device computation
or relatively large user-specific datasets, which is often unrealistic in wearable
scenarios [5, 6, 7].

In this work, we present a lightweight personalisation framework for MEMS-
based wearables, in which a base model is adapted to a specific user using a
limited amount of additional data and modest computational resources. The
goal is to deploy compact neural networks that can reliably detect the specific
actions performed by a given user, while remaining small enough to be trained,
adapted and executed directly on the device. We demonstrate this approach in
a sports context, using a public padel dataset [8] as a case study.

2 Methodology

This work proposes a lightweight user-personalisation framework for MEMS-
based wearables, designed and evaluated through a padel stroke recognition task
using inertial time-series data collected from a wrist-worn device. The aim is
to personalise the model to the end user, maximising individual accuracy while
still leveraging information from the broader player population.

Training with data from multiple players enhances model robustness and
generalisation capabilities. However, in real-world use, the primary goal is to
achieve high-precision stroke detection for the individual user. To reconcile these
objectives, a transfer learning approach is applied, starting from a model pre-
trained on data from the full cohort, followed by user-specific fine-tuning using
examples from the target user. This setup mimics a realistic deployment scenario

Fig. 1: Proposed framework for padel stroke recognition.Visual assets by Freepik.
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with an initial centralised training phase and a subsequent on-device adaptation
stage. Figure 1 illustrates an overview of the proposed framework.

This study builds on the publicly available padel dataset released in [8]. The
data are used exactly as provided, without additional preprocessing, filtering or
relabelling. The original work focuses on a subset of 12 right-handed players and
evaluates performance on seen subjects, which primarily captures within-subject
behaviour. By contrast, we use the dataset as fully released, incorporating both
right- and left-handed players to better reflect real-world variability and appli-
cability.

On top of this dataset, we implement two fine-tuning strategies to personalise
the model: (i) full fine-tuning (Full-FT), where all layers are updated using the
target user’s data; and (ii) last-layer fine-tuning (LL-FT), where the feature
extractor is frozen and only the classification layer is retrained. Both strategies
are benchmarked against the pretrained, non-personalised model to quantify the
specific benefit of personalisation.

3 Evaluation

3.1 Preliminary Analysis

The dataset contains inertial recordings sampled at 20 Hz in 2 s windows from
23 players (skill levels 1-5) who differ in age, gender and anthropometric charac-
teristics. Each player performed up to 13 different stroke types (e.g., forehand,
backhand, volleys, serve). Three practical aspects are particularly relevant for
our study: (i) seven of the 23 participants did not perform all stroke types; (ii)
there is an unequal number of repetitions per stroke; and (iii) the number of
samples per subject and class is relatively low (on average 13.55), which limits
both model training and the robust estimation of performance.

3.2 Model Architecture

The architecture evaluated in this work is a 1D convolutional neural network
with three convolutional blocks consisting of 128, 96 and 64 filters, respectively.
Each convolutional layer is followed by batch normalisation and ReLU activation.
A 1D global average pooling (GAP) layer aggregates the temporal features,
followed by a dropout layer (rate = 0.25) to mitigate overfitting given the limited
data volume.

We deliberately adopt a temporal CNN instead of recurrent architectures
such as LSTMs or GRUs, as convolutions are typically more parameter- and
compute-efficient and offer fixed-latency inference, which is advantageous for
deployment on resource-constrained wearable devices.

A dense classification layer is placed on top of the aggregated representation
and also serves as the fine-tuning head in the personalised last-layer training
scenario. In this case, the convolutional layers are frozen and only the final
dense layer is updated, minimising the number of trainable parameters during
personalisation and further facilitating deployment on wearable devices.
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3.3 Experimental protocol

In all experiments, the input consisted of the six components of the inertial
signals (triaxial accelerometer and gyroscope). From the training set, 20% of
the data were reserved for validation using a class-stratified split. The model
was trained from random initialisations, and each configuration was repeated five
times with different random seeds to reduce the impact of stochastic variation.

The optimisation setup was kept fixed across all conditions, using a batch
size of 16 and a learning rate of 10−4. Each run was executed for up to 200
epochs with early stopping based on validation accuracy, using a patience of 10
epochs. The loss function was sparse categorical cross-entropy.

Given the limited number of samples per class and subject, Data Augmenta-
tion (DA) was applied using a sliding window over each original segment. Seg-
ments of 40 samples per channel were transformed into sub-windows of length 35,
generating six overlapping windows per segment with a stride of one. This DA
strategy is also straightforward to implement on-device by buffering overlapping
signal windows.

Evaluation followed a per-subject protocol. In each iteration, all instances
from one player were held out as the test set, while the remaining data were
used for training and validation as described above. To ensure fair comparisons,
only players with samples for all stroke classes were used as test subjects (16),
whereas the remaining participants were included only in the training set. All
experiments were run on an Intel(R) Core(TM) i5-9400F CPU @ 2.90GHz with
32GB RAM and no GPU, using TensorFlow (Python) developed in PyCharm.

3.4 Results

We then evaluated the effect of per-user personalisation. Table 1 reports the
mean and standard deviation (SD) of the weighted F1-score across the 16 sub-
jects for the centralised model baseline, the single-user models, and the person-
alised models with and without DA. For comparability, we always used 35-sample
windows, discarding the last 5 samples in the non-augmented case.

Table 1: Weighted F1-scores (mean ± SD) across the 16 subjects for centralised,
single-user and personalised models, with and without data augmentation.

Method DA F1-weighted (mean ± SD)
Central (no personalisation) No 56.7% ± 14.0%
Central (no personalisation) Yes 56.2% ± 13.7%
Single-user No 65.7% ± 22.0%
Single-user Yes 93.0% ± 6.3%
Full-FT No 82.6% ± 14.6%
LL-FT No 75.3% ± 15.2%
Full-FT Yes 93.1% ± 6.1%
LL-FT Yes 91.3% ± 6.8%

As a reference, we first trained a centralised model using data from all avail-
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able players, following the subject-wise evaluation protocol. Using the 35 sample
window representation with and without DA, the non-personalised central mod-
els attain a mean weighted F1-score of approximately 56.5% in both cases. This
provides an empirical justification to adopt the 35-sample configuration as our
main baseline for the subsequent comparisons.

To characterise the potential performance of a fully personalised model,
we trained subject-specific models using only data from each individual player
(single-user models). It is worth noting that, when these single-user models
are trained without DA, their performance varies greatly across subjects (mean
weighted F1-score 65.7%, SD 22.0%), indicating strong inter-subject variability.
Applying DA both increases the mean weighted F1-score to 93.0% and markedly
reduces inter-subject variability (SD 6.3%), leading to more consistent results
across players.

While this single-user configuration provides an optimistic upper bound on
achievable performance, it requires training and storing a complete model per
player and running a comparatively expensive optimisation process on all its
parameters. However, starting from the central model and applying per-user
personalisation yields a more favourable trade-off between accuracy and practi-
cality. Without DA, Full-FT and LL-FT achieve 82.6% (SD 14.6%) and 75.3%
(SD 15.2%), respectively. When DA is enabled and all user data are used, Full-
FT reaches 93.1% (SD 6.1%) and LL-FT 91.3% (SD 6.8%), thus recovering most
of the gap to the optimistic single-user configuration while maintaining substan-
tially lower variability across subjects.

From a resource perspective, the model comprises 68,473 parameters, of
which 8,320 belong to the final classification layer (12.15%). A single forward
pass of the whole model requires 4,051,712FLOPs (≈4.05M), while the last layer
accounts for 16,384FLOPs. Assuming a standard backpropagation scheme, one
training step of Full-FT (forward and backward through all layers) costs approxi-
mately 3 times the forward FLOPs (12.2MFLOPs per step). In contrast, LL-FT
still requires a full forward pass (4.05MFLOPs), but the backward pass is re-
stricted to the final layer (0.033MFLOPs), resulting in a total of approximately
4.08MFLOPs per training step, i.e. about one third of the cost of Full-FT.

Regarding memory consumption during training, the network has 68,473 pa-
rameters, which in 32-bit float format correspond to 273,892 bytes. Of these,
8,320 parameters belong to the final classification layer (33,280 bytes). With
an optimiser such as Adam, storing two additional values per trainable parame-
ter, the memory needed for weights, gradients and optimiser states is 1,095,568
bytes when all layers are updated in Full-FT and 373,732 bytes when only the
last layer is updated in LL-FT. Since both strategies share the same forward
activations, this roughly threefold reduction in training-related memory makes
LL-FT particularly attractive for devices with tight RAM budgets.

Taken together, these results indicate that per-user personalisation can re-
cover most of the performance gap between the centralised baseline and the op-
timistic single-user upper bound, while still relying on a compact model. At the
same time, the FLOP and parameter analyses, based on operation counts, sug-
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gest that the proposed architecture is compatible with the memory and compute
budgets of contemporary MEMS-based wearables, and that LL-FT in particular
offers a favourable compromise between accuracy and resource usage.

4 Conclusions

This work investigated lightweight per-user personalisation of a CNN-based
stroke classifier for MEMS-based wearables, using a public padel dataset as
a case study. Starting from a single central model trained on all players, we
showed that per-user fine-tuning substantially improves performance over the
non-personalised baseline and approaches an optimistic single-user upper bound,
while relying on a compact architecture compatible with wearable constraints.
In particular, last-layer fine-tuning achieves competitive weighted F1-scores with
markedly lower computational and memory requirements, offering a favourable
accuracy-efficiency trade-off for resource-constrained devices.

FLOP and memory analyses show that the proposed models have a small
footprint and that LL-FT significantly reduces training-related RAM usage com-
pared to Full-FT, reinforcing the feasibility of personalised models on embedded
platforms. Key limitations are that our deployment analysis is based on oper-
ation and parameter counts rather than measurements on an actual wearable;
we do not yet evaluate personalisation under more severely limited user-specific
data; and we have not systematically explored the optimal window length. Fu-
ture work will implement and profile the proposed strategies on representative
hardware, explore quantisation, online adaptation, and assess their robustness
in more data-constrained settings and across different window configurations.

References

[1] L. Liu, X. A. Zhang, Yan Liu, Alberto Mart́ın-Pérez, Lei Liu, and Xuefeng Zhang. A
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