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ABSTRACT

Oral hygiene maintenance through regular toothbrushing is fundamental to preventing dental caries and
periodontal disease, yet adherence to recommended twice daily brushing remains suboptimal across all age groups.
Objective monitoring of brushing behavior is essential for behavior modification interventions, but current self
report methods are unreliable and existing wearable sensors have been limited to specialized research devices.
This paper presents a novel smartwatch based toothbrushing detection system using a convolutional neural network
(CNN) trained on tri axial accelerometer and gyroscope data. The system leverages the ubiquitous availability of
consumer smartwatches (Apple Watch, Samsung Galaxy Watch, Wear OS devices) to classify brushing activity in
real time. We collected a dataset of 2,500 minutes of labeled activity data from 50 participants (25 male, 25 female,
age 22—65) performing toothbrushing alongside common confounding activities (eating, drinking, talking, hand
gestures, typing). A 1D CNN architecture with 3 convolutional layers, batch normalization, and dropout achieves
94.2% overall accuracy, 93.7% sensitivity, and 94.8% specificity for toothbrushing detection on a 5 second sliding
window. The model is quantized to 8 bit integer format, achieving a footprint of 1.2 MB and inference latency of
18 ms on a Samsung Galaxy Watch 5, enabling real time on device classification with minimal battery impact
(3.2% daily consumption). Feature importance analysis reveals that the distinctive rhythmic hand motion pattern
(dominant frequency 1.8-2.5 Hz, corresponding to 110—150 strokes per minute) is the primary discriminator from
other activities. This work demonstrates that consumer smartwatches can reliably detect toothbrushing behavior
without dedicated sensors or smartphone pairing, enabling passive monitoring for oral hygiene adherence research
and just in time behavioral interventions.

removal [1].

Keywords

Toothbrushing detection, Smartwatch, Convolutional neural
network, Wearable sensors, Accelerometer, Gyroscope, oral
hygiene monitoring, Activity recognition.

Introduction

The Oral Hygiene Adherence Problem

Despite decades of public health campaigns, adherence to
recommended twice-daily toothbrushing remains alarmingly low.
Global surveys indicate that only 50-65% of adults brush twice
daily, with compliance dropping to 30-40% among adolescents
and young adults. The consequences are significant: dental caries
affects 2.4 billion people worldwide, and severe periodontitis is the
11th most prevalent disease globally, affecting 743 million people.
Both conditions are largely preventable through effective plaque

Behavioral interventions have shown modest success in improving
brushing adherence, but their effectiveness is limited by reliance
on self-report a method known to overestimate adherence by
25-50%. Without objective monitoring, clinicians cannot assess
a patient's true brushing frequency or technique, and researchers
cannot accurately evaluate intervention efficacy.

Opportunities and Limitations of Existing Approaches

Several approaches to objective brushing monitoring have been
explored:

Smart toothbrushes with integrated sensors (e.g., Philips Sonicare,
Oral-B 10) provide detailed brushing metrics but are expensive
($80-250), require specific hardware, and do not integrate with
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general health tracking platforms. More importantly, they cannot
detect whether brushing occurred at all if the user uses a manual
brush.

Inertial sensors on the wrist or hand have been used to detect
brushing in research settings, but prior studies relied on custom
hardware or smartphone sensors that require the user to hold the
phone an unnatural behavior during brushing.

Consumer smartwatches offer a compelling alternative: they are
already worn by millions, contain accelerometers and gyroscopes
capable of detecting fine hand movements, and can run on-device
machine learning models for real-time inference. However,
no prior study has systematically evaluated smartwatch-based
toothbrushing detection using deep learning.

Contributions

This paper presents the first comprehensive evaluation of

CNN-based toothbrushing detection using consumer smartwatch

inertial sensors. Our contributions include:

1. A labeled dataset of 2,500 minutes of wrist-worn sensor data
during toothbrushing and confounding activities [2].

2. Alightweight 1D-CNN architecture achieving 94.2% accuracy
with a 1.2 MB footprint and 18 ms inference latency.

3. A validation of real-time performance on a commercial
smartwatch.

4. An analysis of the discriminative motion features
distinguishing brushing from other activities.

Paper Organization

Section 2 describes related work. Section 3 details the data
collection and preprocessing. Section 4 presents the CNN
architecture. Section 5 reports results. Section 6 discusses clinical
implications and limitations. Section 7 concludes.

Related Work

Wearable Sensors for Activity Recognition

Activity recognition using wearable inertial sensors is a mature
field, with applications ranging from step counting to fall detection.
Common approaches use handcrafted features (mean, variance,
FFT coefficients) with classical classifiers (SVM, random forest),
achieving 85-95% accuracy for 5-10 daily activities. More
recently, deep learning particularly CNNs and LSTMs—has
improved accuracy by learning features directly from raw sensor
data [3].

Toothbrushing Detection Studies

Several studies have explored toothbrushing detection using
inertial sensors:

Smartphone-based: A 2021 study wused a smartphone
accelerometer to detect brushing with 86% accuracy, but required
the user to hold the phone, limiting real-world applicability.
Another study used a phone attached to a toothbrush handle not
practical for manual brush users [4].

Custom wrist-worn sensors: A 2022 study using a custom

wrist-worn sensor achieved 91% accuracy for brushing detection
with a random forest classifier, but the hardware was not
commercially available and the dataset was small (18 participants,
500 minutes). A 2023 study with a similar setup reported 93%
sensitivity but used a rule-based approach rather than machine
learning.

Commercial smartwatches: A 2024 study used a smartwatch
accelerometer with a threshold-based algorithm, achieving 82%
accuracy insufficient for reliable clinical monitoring. No study has
applied deep learning to smartwatch data for brushing detection.

CNN for Wearable Activity Recognition

CNNs have been successfully applied to wearable sensor data
for activity recognition, typically using 1D convolutions over
time-series accelerometer data. The temporal convolutional
network (TCN) architecture, which uses dilated convolutions
to capture long-range dependencies, has shown state-of-the-art
performance on benchmark datasets [5].

Research Gap

Despite the growing prevalence of smartwatches, no prior work
has developed a CNN-based toothbrushing detector optimized for
real-time execution on a consumer device. This paper addresses
that gap.

Dataset and Preprocessing

Participants and Data Collection

We recruited 50 participants (25 male, 25 female, age 22—65, mean
38.4 + 12.6 years) through university and community advertising.
All participants owned a compatible smartwatch (Apple Watch
Series 5 or later, Samsung Galaxy Watch 4 or later, or Wear OS
device). Data were collected between January and April 2025.

Inclusion criteria
Age >18 years, daily smartwatch use, ability to perform
toothbrushing independently [6].

Exclusion criteria
Significant hand tremor (Parkinson's disease, essential tremor),
inability to follow study instructions.

Sensor Data Recording
Participants wore their smartwatch on their dominant wrist
(consistent with typical wearing) and performed a structured
sequence of activities in a controlled environment:

Activity Duration (min) Purpose

Toothbrushing (manual, electric) 10 Target activity

Eating (meals, snacks) 10 Confounder (hand-to-mouth motion)
Drinking (cup, bottle) 5 Confounder

Hand gestures (talking, pointing) 10 Confounder

Typing (keyboard, phone) 10 Confounder

Washing hands, face 5 Confounder

Resting (sitting, standing) 10 Baseline

Each participant repeated the twice,

sequence providing
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approximately 2 hours of labeled data per participant. Total dataset:
100 hours (6,000 minutes) of raw sensor data, of which 2,500
minutes were brushing and 3,500 minutes were non-brushing.

Sensor sampling rates: accelerometer 50 Hz, gyroscope 50 Hz
(standard for activity recognition with minimal battery impact).

Data Preprocessing

1. Signal segmentation: Raw data were segmented into 5-second
sliding windows with 2.5-second overlap (50% overlap).
Each window contained 250 samples per axis x 2 sensors
(accelerometer: 3 axes, gyroscope: 3 axes) = 6 sensor channels.

2. Noise filtering: A low-pass Butterworth filter (cutoff 10 Hz)
removed high-frequency noise from hand tremors and sensor
noise [7].

3. Augmentation: To improve model generalization without
increasing data collection, we applied:

e Random time-shifting (0.5 s)
e Random amplitude scaling (0.8—1.2x)
e Additive Gaussian noise (6=0.02 g)

4. Labeling: Each window was labeled as "brushing" (1) or
"non-brushing" (0). For electric toothbrush sessions, we also
tested a separate model but ultimately combined manual and
electric brushing into a single class due to high similarity.

Train/Validation/Test Split
Dataset split: 70% training, 15% validation, 15% test, stratified by
participant to avoid data leakage.

CNN Architecture

Model Design

We designed a 1D convolutional neural network optimized
for low-latency inference on resource-constrained smartwatch
hardware.

Input: 6 x 250 matrix (6 sensor channels, 250 time steps).

Architecture
Layer Type Parameters Output Shape

Results
Classification Performance

1. ConvlD 32 filters, kernel=5, stride=2, ReLU 32 x 123
2. BatchNorm — 32 x 123

3. MaxPoollD pool=2 32 x 61

4. ConvlD 64 filters, kernel=5, stride=1, ReLU 64 x 57
5. BatchNorm — 64 x 57

6. MaxPoollD pool=2 64 x 28

7. ConvlD 128 filters, kernel=3, stride=1, ReLU 128 x 26
8.  BatchNorm — 128 x 26

9. GlobalAvgPool — 128

10. Dense 64, ReLU 64

11. Dropout 0.3 64

12. Dense 1, sigmoid 1

Trainable parameters: 92,417 (0.35 MB at 32-bit float).

Quantization for Edge Deployment

For on-device inference, we quantized the model from 32-bit
floating point to 8-bit integer using TensorFlow Lite quantization.
Post-training quantization reduced the model size to 1.2 MB and
inference latency to 18 ms on a Samsung Galaxy Watch 5 (Exynos
W920 processor). Accuracy loss from quantization was minimal:

94.2% — 93.7% [8.9].

Training Details

Optimizer: Adam, learning rate 0.001, decay 0.0001
Loss: Binary cross-entropy

Batch size: 64

Epochs: 50 with early stopping (patience 10)

Hardware: NVIDIA RTX 3070, training time 12 minutes.

I o

Post-Processing for False Positive Reduction

Raw CNN outputs often include transient false positives from
brief hand movements. We applied a simple state-machine filter:
classify brushing as "active" only after three consecutive positive
windows (7.5 seconds), and "inactive" after five consecutive
negative windows (12.5 seconds). This reduced false positives to
<0.5 per hour while maintaining sensitivity >92% [10].

M Table 1 — Classification Performance (5-second sliding windows, test set)

Comparison of SVM, Random Forest, LSTM, and proposed 1D-CNN models

Model Accuracy (%) Sensitivity (%) Specificity (%) F1 Score AUC
SVM (handcrafted features) 85.2 83.1 86.8 0.84 0.91
Random Forest 88.6 87.2 89.4 0.88 093
LSTM (64 units) 914 90.1 92.2 0.91 0.95
1D-CNN (proposed) 94.2% 93.7% 94.8% 0.94 0.98
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The CNN significantly outperforms classical classifiers and the
LSTM baseline (p<0.01). The model maintains high performance
across both manual and electric toothbrush types (94.1% and
94.8%, respectively).

The 18 ms inference time enables continuous real-time
classification without noticeable latency. Battery consumption is
within acceptable limits for a background monitoring application
[12].

Feature Importance: What Does the CNN Learn?
To understand which motion features discriminate brushing from

other activities, we visualized the learned filters and analyzed
activation patterns.

The CNN learned to recognize the highly regular, rhythmic motion
pattern of brushing (110-150 strokes per minute, corresponding
to 1.8-2.5 Hz), which is distinct from the more irregular and
lower-frequency patterns of eating, drinking, and hand gestures.

The model generalizes well to unseen users, with mean accuracy of
92.8%. Performance variability is likely due to different brushing
styles and wrist placement. Fine-tuning on the user's first brushing
session could further improve performance.

B Table 2 — Confusion Matrix (Test Set, 5-second windows)

Detailed classification breakdown for the 1D-CNN model

Predicted Non-Brushing

Actual Non-Brushing 2,846 (TN)
Actual Brushing 157 (FN)
Total 3,003

Predicted Brushing Total
182 (FP) 3,028

2,228 (TP) 2,385
2,410 5413

Note: TP = true negative, TN = true positive in this context—the table follows the standard orientation. Numbers are approximate due to class balance.

Key finding: The 1D-CNN achieves 94.2% accuracy, with only 3.1% false positives (non-brushing windows misclassified as brushing)

and 6.3% missed brushing events [11].

Real-Time On-Device Performance

© Table 3 — On-Device Inference Performance (Samsung Galaxy Watch 5)

Model size, latency, RAM, battery, and false positive rate

Metric

Model size (quantized)

Inference latency (mean*SD)

RAM usage

Battery consumption (24 h)

False positive rate (state-machine filtered)

Value

1.2 MB

18.2 £ 3.4 ms

4.8 MB

3.2% (estimated)

0.4 per hour
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Table 4 — Frequency Components of Brushing and Confounding Activities

Dominant frequency, acceleration magnitude, and rhythm regularity

Activity Dominant Frequency (Hz)
Toothbrushing 1.8-2.5

Eating 0.3-1.0

Drinking 0.5-1.5

Hand gestures 0.5-3.0

Typing 0.5-2.0

Resting <01

Generalization to Unseen Users

Acceleration Magnitude (g) Rhythm Regularity
0.5-1.2 Highly regular

0308 Irregular

0.2-0.6 Episodic

0.2-1.5 Irregular

0.1-04 Intermittent

<0.1 None

Table 5 — Leave-One-Participant-Out Cross-Validation (n=50)

Generalization performance across unseen users

Participant Group Accuracy (%)

All participants (mean*SD) 92.8 £ 3.1
Best participant 96.4
Worst participant 842

Comparison with Commercial Smartwatch Alternatives

Table 6 Comparison with Existing/Alternative Methods

Method Hardware Accuracy Battery Impact Cost

Smart toothbrush Built-in sensors 95%+ N/A $80-250
Phone-based Smartphone (held) 86% Minimal $0

Custom wrist sensor Research device 91% N/A $500+
Smartwatch CNN (proposed) Consumer smartwatch 94.2% 3.2%/
day $0

The smartwatch-based system provides comparable accuracy to
smart toothbrushes with no additional hardware cost, leveraging
the user's existing device.

Discussion

Clinical and Research Implications

Adherence monitoring: The system enables passive, objective
monitoring of brushing frequency without requiring user
interaction. This is particularly valuable for clinical trials
evaluating oral hygiene interventions, where self-report bias is a

Sensitivity (%) Specificity (%)

91.4 £ 4.2 93.6 + 2.8
95.8 96.9
82.1 85.6

persistent limitation.

Just-in-time interventions: Real-time brushing detection could
trigger behavioral nudges: if the system detects that a user has not
brushed by a certain time, it could send a notification. This is an
active area of research in mobile health.

Technique feedback: Future work could extend the system to
classify brushing technique (duration, thoroughness, coverage),

providing personalized feedback.

Public health surveillance: Aggregated, anonymized brushing

behavior data could inform population-level oral health
interventions.

Comparison with Prior Work

Our CNN-based approach (94.2% accuracy) significantly

outperforms prior smartwatch-based methods (82% accuracy for
rule-based, 86% for phone-based with handcrafted features). The
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improvement is attributable to two factors: (1) the CNN’s ability to
learn optimal features from raw sensor data, and (2) the inclusion
of gyroscope data, which captures rotational hand movements
characteristic of brushing.

The model’s performance is comparable to smart toothbrush
sensors, but with the advantage of using an existing device. The
1.2 MB model size is well within the storage capacity of modern
smartwatches.

Limitations

Dominant wrist only: Data were collected only from the
dominant wrist (consistent with typical smartwatch wearing).
Brushing behavior may differ for participants who remove their
watch during brushing, an important real-world consideration.

Controlled environment: Activities were performed in a
structured setting; real-world performance may be lower due to
additional confounding activities and environmental noise.

Dataset size: While 50 participants is larger than previous
wearable brushing studies, a larger, more diverse dataset would
improve generalizability.

No differentiation of manual vs. electric brushing: We combined
both, but differences in motion patterns may affect performance
for users of one type versus the other.

Participant bias: Participants knew they were being recorded,
which may have influenced behavior (Hawthorne effect).

Future Directions

Multi-device validation: Test performance on different
smartwatch brands and models (Apple Watch, Garmin, Fitbit) to
ensure cross-platform compatibility.

Brushing quality classification: Extend the model to classify
brushing duration, coverage, and thoroughness (e.g., using motion
trajectory analysis).

Integration with health apps: Develop a companion smartphone
app that displays brushing history and provides actionable insights.

Long-term adherence study: Deploy the system in a 3-month
longitudinal study to evaluate brushing patterns and response to
interventions.

Privacy-preserving on-device learning: Use federated learning
to improve the model across users without uploading raw sensor
data.

Conclusion

This paper demonstrates that consumer smartwatches, equipped
with a lightweight 1D-CNN, can reliably detect toothbrushing
behavior with 94.2% accuracy. The model achieves real-time
inference in under 20 ms with a 1.2 MB memory footprint and
3.2% daily battery consumption on a Samsung Galaxy Watch 5.
The key discriminative feature is the rhythmic hand motion pattern
(1.8-2.5 Hz) characteristic of brushing strokes, which the CNN
learns directly from raw accelerometer and gyroscope data. This
system enables passive, objective, and cost-effective monitoring of
toothbrushing adherence without requiring specialized hardware
or user interaction. Future work will extend the system to classify
brushing quality and evaluate its utility in clinical adherence
studies.
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