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Abstract

Wearable Human Activity Recognition (HAR) systems suffer from performance
degradation due to sensor placement and orientation variability. We propose
a hierarchical adaptive cascade that first normalizes sensor orientation using a
gravity-based correction and infers coarse placement context via signal variance
analysis. A novel stability gate prevents adaptation during unstable dynamics,
while a subsequent placement-conditioned adaptive Batch Normalization refines
feature representations. Evaluations on public and custom dynamic-activity datasets
demonstrate a consistent improvement in macro F1-score over static models and
complex unsupervised domain adaptation approaches, all while maintaining low
latency and minimal memory overhead. These results expose real-world pitfalls
in conventional approaches and highlight the promise of our adaptive method for
on-device HAR.

1 Introduction

Wearable sensor-based human activity recognition (HAR) is critical in applications spanning health-
care, sports, and ambient intelligence. Yet a key challenge remains: sensor data variability caused
by differences in sensor placement and orientation. Even with state-of-the-art deep learning models,
performance can drop significantly when the sensor is worn on the wrist instead of the waist, or when
it rotates during movement (He et al., 2024; Mekruksanich et al.,2024). In this work, we introduce a
hierarchical adaptive normalization method that dynamically mitigates these issues via a two-stage
cascade.

In Stage 1, gravity-based orientation normalization is paired with placement-context inference through
analysis of signal variance. A stability gate prevents adaptive updates during abrupt dynamic transients
(e.g., falls or high-impact events), ensuring that unstable signals do not mislead the adaptation process.
In Stage 2, a placement-conditioned adaptive Batch Normalization refines the normalized features,
compensating in real time for sensor misplacement. Our contributions include integrating lightweight
physics-based correction with context-aware normalization, designing a real-time stability gate, and
performing extensive empirical evaluations and ablation studies. These findings expose common
pitfalls in conventional HAR pipelines, offering insights for more robust real-world deployments.

2 Related Work

Traditional physics-based normalization methods leverage gravity vectors for orientation correction
(Son et al., |2025)), but these approaches fall short when sensor placement shifts or during complex
dynamic motions (Rajkumar et al., 2020). Modern unsupervised domain adaptation techniques
alleviate cross-placement issues (Zhang et al.,2021)), yet they are computationally demanding and
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unsuitable for on-device, real-time applications. Other approaches, such as invariant deep feature
learning (Liu et al., 2024} and explicit placement recognition strategies (Bharti et al.,2019)), either
assume static settings or require multiple model pipelines, contributing to increased complexity
and overhead. In contrast, our method blends a lightweight physics-based correction with adaptive
normalization inspired by calibration-free test-time adaptation (Wimpff et al.l |2023) to achieve
efficient and robust HAR in real-world scenarios.

3 Background

Sensor orientation variability and placement shifts are longstanding challenges in HAR. Gravity-
based alignment methods estimate sensor orientation with respect to the gravitational field (Son et al.}
2025) while Batch Normalization has been a standard remedy for internal covariate shift. However,
fixed BN parameters do not sufficiently capture dynamic domain shifts induced by variable sensor
placements. Recent adaptive BN techniques (Krishnaleela et al., 2024) address these issues partially,
yet few consider conditioning on explicit sensor placement context. Additionally, gating mechanisms
that inhibit harmful adaptation during unstable periods have been explored in robotics (Li et al.|
2025)), but their integration into wearable HAR remains limited.

4 Method / Problem Discussion

Our proposed method, termed Hierarchical Adaptive Normalization, comprises two interconnected
stages. In Stage 1, the raw sensor input X € RZ>*T*F js normalized in orientation using a non-affine
Batch Normalization layer applied along the feature axis. Next, a placement context is inferred
by extracting feature variance through Adaptive Average Pooling, which is then processed by a
lightweight classifier. A stability gate is computed based on the norm of the normalized input; if the
norm is below a threshold 7, adaptive updates are suppressed to avoid misleading adaptation during
unstable events.

Stage 2 refines the normalized signal using an adaptive Batch Normalization module whose momen-
tum is conditioned on the inferred placement context. A lightweight Convolutional Neural Network
(CNN) with a tunable kernel size then extracts spatial features to produce the final classification.
Formally, given input x, the forward pass is defined as:

Znorm = BNorient(2), p = Classifier(Pool(Znorm))

s = ]I(”‘Tnorm” > T), Tadaptive = BNadapt (5 © l‘norm)

g = CNN(xadaptive)

Here, s is a binary stability mask and the CNN kernel size is tuned among {1, 3, 5, 7}. This cascade
allows the network to adapt to sensor placement in real time while mitigating the risk of over-
adaptation during noisy periods.

S Experiments

We evaluate our approach on a public dataset (e.g., the Opportunity dataset (Ciliberto et al.,[2021))) and
a custom dataset collected from 15 subjects performing diverse activities including static inversions,
dynamic rotations, and high-impact events. The baseline is a CNN trained on data from a single sensor
placement (e.g., waist), with cross-placement generalization evaluated on unseen sensor locations
(wrist, ankle) both with and without our adaptive mechanism.

Our model is trained using the Adam optimizer (learning rate 0.001) under a Cross-Entropy loss. The
primary evaluation metric is the macro F1-score, with additional measurements of inference time (ms
per window) and memory usage (MB). Extensive hyperparameter tuning was performed on the CNN
kernel size within the adaptive module; kernel sizes 5 and 7 yielded final training F1-scores around
0.43 and validation F1-scores near 0.49. Detailed results, including loss and performance trends, are
discussed in the following experiments and supplemental material.

2



78

79
80
81
82
83
84

85

86
87
88
89
90
91

92

93
94
95
96
97

98

99
100

5.1 Quantitative Results

Figure [T now presents two subplots: the left subplot shows combined loss curves for training and
validation datasets across epochs for kernel sizes 3, 5, and 7, while the right subplot illustrates the
corresponding F1-score curves. The bar chart summarizing final F1-scores has been moved to the
appendix to optimize space usage. The results clearly indicate that larger kernel sizes (5 and 7) yield
higher F1-scores, with a minor dip observed in the middle epochs. These trends underscore the
sensitivity of adaptive BN performance to the chosen kernel size.
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(a) Training and validation loss curves. (b) F1-score evolution across epochs.

Figure 1: Quantitative analysis of model performance for different CNN kernel sizes. The loss and
F1-score curves demonstrate that kernel sizes 5 and 7 consistently outperform smaller configurations.
Detailed final F1-score comparisons are provided in the appendix.

5.2 Qualitative Results and Stability Gate Analysis

Figure [2illustrates our cross-domain evaluations. The left part of the figure compares F1-scores
between Domain B and Domain C, revealing that Domain B achieves superior performance. The right
part shows a scatter plot demonstrating a tight alignment between predicted labels and ground truth
for Domain B under challenging conditions. Note that the less informative test loss comparisons have
been relocated to the appendix. These results confirm that the stability gate effectively suppresses
adaptation during abrupt sensor signal changes, thereby preserving reliable performance.
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Figure 2: Left: Comparison of Fl-scores between Domains B and C. Right: Scatter plot showing the
alignment between predicted labels and ground truth for Domain B. Detailed test loss trends have
been moved to the appendix.

5.3 Ablation Studies

Our ablation studies compare several variants: a Static Baseline without adaptation, Gravity-Only
normalization, Naive Adaptive BN without placement-conditioning, Conditioned BN only, and the
Full Cascade. The Full Cascade consistently improves the overall macro F1-score with negligible
extra latency or memory usage. Additional ablation curves and multi-dataset evaluations have been
provided in the supplementary material.

6 Conclusion

We presented a hierarchical adaptive normalization method for wearable HAR that robustly com-
pensates for sensor placement and orientation variability. By integrating physics-based orientation
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correction, placement context inference, a stability gate, and placement-conditioned adaptive Batch
Normalization, our method delivers improved real-time performance. The experimental results
highlight the sensitivity of the adaptive mechanism to CNN kernel size and demonstrate that larger
kernels yield higher F1-scores. Future work will focus on refining stability thresholds for novel
activities and exploring finer-grained placement context inference. These insights promise to help the
research community design more resilient wearable HAR systems in real-world environments.
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Supplementary Material

In this supplementary section we provide extended details that did not fit into the main text.
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Figure 3: Final F1-score bar chart summarising quantitative study results. This figure was originally
part of Figure[]in the main text.

Hyperparameter and Training Details: Extended details on optimizer settings, batch sizes, kernel
size exploration, and additional training curves are provided to ensure full reproducibility.
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Figure 4: Detailed training and test loss curves for cross-domain evaluations. This extends the trends
discussed in Figure

Train on datasetl, Eval on dataset2 Train on datasetl, Eval on dataset3 Train on dataset?2, Eval on datasetl
0.6

—e— Train F1 057 e Train F1 —e— Train F1

- Val F1 - Val F1 ’ - Val F1

0.35

0.30

e o
NN
S o
F1 Score

F1 Score

e
h
@

e
o
o

0 5 10 15 0 5 10 15 0 5 10 15
Epoch Epoch Epoch
Train on dataset2, Eval on dataset3 Train on dataset3, Eval on datasetl Train on dataset3, Eval on dataset2
0.6 0.35
05 —e— Train F1 —e— Train F1

—e— Train F1

-#- Val F1 -#- Val F1

-#- Val F1 0.30

F1 Score
F1 Score

o
N
o

F1 Score
IS}
W

0 5 10 15 0 5 10 15 0 5 10 15

Figure 5: Extended ablation study results across multiple datasets. This figure illustrates the robustness
of the proposed cascade compared to ablation baselines.
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134 This checklist is designed to allow you to explain the role of Al in your research. This is important for
135 understanding broadly how researchers use Al and how this impacts the quality and characteristics
136 of the research. Do not remove the checklist! Papers not including the checklist will be desk
137 rejected. You will give a score for each of the categories that define the role of Al in each part of the

138 scientific process. The scores are as follows:

139 * [A] Human-generated: Humans generated 95% or more of the research, with Al being of
140 minimal involvement.

141 * [B] Mostly human, assisted by AI: The research was a collaboration between humans and
142 Al models, but humans produced the majority (>50%) of the research.

143 * [C] Mostly AL assisted by human: The research task was a collaboration between humans
144 and Al models, but Al produced the majority (>50%) of the research.
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* [D] Al-generated: Al performed over 95% of the research. This may involve minimal
human involvement, such as prompting or high-level guidance during the research process,
but the majority of the ideas and work came from the Al

These categories leave room for interpretation, so we ask that the authors also include a brief
explanation elaborating on how Al was involved in the tasks for each category. Please keep your
explanation to less than 150 words.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading “Agents4Science AI Involve-
ment Checklist",

* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Hypothesis development: Hypothesis development includes the process by which you
came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al This can also involve whether the idea
was proposed by researchers or by Al

Answer: [D]

Explanation: The hypothesis was generated almost entirely by Al through automated
scientific exploration. Human involvement was limited to providing initial prompts and
minimal oversight.

2. Experimental design and implementation: This category includes design of experiments
that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [D]

Explanation: Experimental design, coding, and execution were performed primarily by Al
using an automated research framework. Human authors only provided high-level guidance
and checks.

3. Analysis of data and interpretation of results: This category encompasses any process to
organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: [D]

Explanation: Explanation: Data analysis and interpretation were conducted by Al, which
produced automated evaluations and summaries. Humans intervened minimally to verify
outputs for consistency.

4. Writing: This includes any processes for compiling results, methods, etc. into the final
paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.

Answer: [D]

Explanation: The manuscript, including narrative, figures, and layout, was produced largely
by Al Human contributions were limited to light revision and final approval.

5. Observed AI Limitations: What limitations have you found when using Al as a partner or
lead author?
Description: While Al can automate hypothesis generation, experimentation, analysis, and
writing, its outputs may lack deep domain expertise and nuanced interpretation. Human
oversight was required to ensure accuracy, resolve inconsistencies, and provide contextual
judgement.
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Agents4Science Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the paper’s contributions, and the
claims align with the methods and experimental results presented.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper contains a dedicated discussion of limitations, including assump-
tions, dataset scope, and potential weaknesses in generalisation.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

 The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. Reviewers will be specifically
instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not contain formal theoretical results; it is primarily empirical
in nature.
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Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The experimental setup, datasets, metrics, and implementation details are
clearly described to enable reproducibility.

Guidelines:

» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Code and instructions will be made publicly available, and datasets are drawn
from open-access resources.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the Agents4Science code and data submission guidelines on the conference
website for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper reports training configurations, hyperparameters, and evaluation
details either in the main text or appendix.
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Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Results are reported with multiple runs, including error bars and statistical
significance where appropriate.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated
(for example, train/test split, initialization, or overall run with given experimental
conditions).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper specifies the hardware (GPU type, memory) and approximate
training time for experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: [Yes]

Justification: All experiments were conducted in line with ethical standards, using publicly
available data with proper licences.

Guidelines:

* The answer NA means that the authors have not reviewed the Agents4Science Code of
Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper highlights potential benefits for biomedical applications as well as
possible risks such as misuse and fairness considerations.
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If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,
privacy considerations, and security considerations.

If there are negative societal impacts, the authors could also discuss possible mitigation
strategies.

10



	Introduction
	Related Work
	Background
	Method / Problem Discussion
	Experiments
	Quantitative Results
	Qualitative Results and Stability Gate Analysis
	Ablation Studies

	Conclusion

