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Abstract

Human activity recognition plays an interesting and
important role nowadays as there are a variety of
use cases. It is utilized in health monitoring, in the
development of human-computer interaction sys-
tem and in security monitoring. However current
methods involve usage of privacy sensitive data
and impractical sensors for everyday usage. To
tackle this problem, we aim to answer the research
question ”How to maximize the capabilities of in-
mouth sensors for human activity recognition?”.
The main contributions of this paper are the clas-
sification of different gestures using an in-mouth
device, implementation of a classifier directly onto
a microcontroller and the evaluation whether the
models can generalize to multiple people. To in-
vestigate this, we experimented with popular classi-
cal machine learning classifiers: Decision Tree, K-
Nearest Neighbors, Support Vector Machine, Lo-
gistic Regression and Random Forest classifiers.
The results shows that the F1-score of all classi-
fication problems are above 80% using the various
classifiers along with different parameters.
Keywords— Human Activity Recognition, In-Mouth
Sensor, IMU, Machine Learning

1 Introduction
The field of Human Activity Recognition (HAR) deals with
the automatic identification of human activity using sensor
data [1]. This area of research has been experiencing rapid
development and increasing interest, due to its beneficial im-
pact on human life. For instance, HAR has been applied
in health monitoring systems [2, 3], enabling the tracking of
patient’s health and early detection of medical conditions.
Furthermore, HAR is also interesting in the development of
human-computer interface systems [4], enabling interaction
with computer systems using only gestures. Lastly, it is uti-
lized in security monitoring [5], ensuring security and safety
in various environments.

However, existing research in HAR frequently depend on
wearable sensors mounted on various parts of the human
body [6, 7]. While effective, these wearables can be cumber-
some and uncomfortable to wear, making them impractical in
real-life scenarios where ease and comfort are essential. Fur-
thermore, other research relies on the processing of camera
data [8], which raises substantial privacy concerns.

To address these challenges and difficulties, our research
will investigate the efficiency of utilizing an in-mouth sensor
for HAR. With this research, we aim to explore a less invasive
and more practical alternative for HAR.

The focus of this research paper is to investigate the effi-
ciency of using an in-mouth sensor to perform human activ-
ity recognition. Consequently, the research question of this
research paper is:

How to maximize the capabilities of in-mouth sensors for
human activity recognition?

The efforts of this research paper will contribute to the aca-
demic research field in the area of HAR by investigating and
exploring the potential applications of using in-mouth sen-
sors.

This paper makes three significant contributions. First, it
introduces a method for detecting five human behaviors us-
ing an in-mouth sensor: identifying the head position during
sleep, detecting speech, predicting whether the sensor is in
use while walking or lying flat, detecting whether the sen-
sor is inside or outside the mouth, and detecting whether the
mouth is open or closed. Furthermore, the second contribu-
tion is the investigation of the feasibility to implement classi-
fiers directly on the hardware using low-resource microcon-
trollers. Finally, it evaluates whether the models can general-
ize across multiple individuals or if they are specific to each
person.

This paper is structured as follows: Section 2 talks about
the related work. Section 3 describes the experimental setup.
Section 4 outlines the methodology. The results are then pre-
sented and discussed in Section 5. This paper will then be
concluded in Section 6 along with a discussion about future
work in section 7. Section 8 reflects on responsible research
aspects.

2 Related work
Various researchers have conducted studies on HAR using
sensor data. There is a limited amount of studies performed
on the usage of in-mouth sensors for HAR. Furthermore,
there are currently no studies which implements the classifi-
cation algorithm directly onto the embedded microcontroller
(MCU).

2.1 Human Activity Recognition
In the field of HAR, machine learning and deep learning
models have been deployed to predict human behavior [9].
The goal is to automate the classification of human behav-
ior, such as walking and jumping. Machine learning models
use handmade features and relies on mathematical techniques
to construct meaningful features for classification. On the
other hand, deep learning techniques can automatically ex-
tract meaningful features and patterns from the data without
the need to construct features manually. Consequently, deep
learning methods generally require much more training data
compared to machine learning models [9].

2.2 In-Mouth Sensors
Cascon et al. proposed a novel in-mouth sensor designed to
function as a human-computer interface [4]. This research
demonstrates the potential of an in-mouth device that senses
various variables inside the mouth. To differentiate between
different gestures that can be performed inside the mouth us-
ing the tongue, it was necessary to train machine learning
models to classify the gestures. The classification had a recall
score of 97.1% using a Random Forest classifier. This shows
promising results of the accuracy of classification using data
collected from in-mouth sensors. However, the classification
was performed externally and not on the embedded hardware
of the in-mouth sensor itself.
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2.3 HAR On Embedded Systems
In existing literature about human activity recognition, the
training and classification process is executed in the cloud or
an external computer [10]. This is due to the fact that the
hardware inside the sensor does not have enough computing
power to train a machine learning model or make a prediction
using input data obtained from the sensors.

The work of Stolovas et al. shows promising results of
HAR on an embedded system [6]. The MCU utilized in this
paper has 16KB flash memory and 512B RAM. The embed-
ded software was designed to predict three activities: running,
standing still and walking. To achieve this, Stolovas et al. ap-
plied dimensionality reduction along with a Support Vector
Machine classifier. The parameters were trained on an exter-
nal computer and are later hard coded in the flash memory of
the MCU. With an embedded software utilizing only 6 KB
flash memory and 240 B RAM, Stolovas et al. managed to
achieve an average precision of 97.92%.

In the work of Elsts et al., researchers were able to fit a
Convolutional Neural Network (CNN) inside an MCU using
the TensorFlow lite library [11]. However, this study and the
study of Stolovas et al. both used an experimental setup that
is infeasible for practical standalone in-mouth classifications,
as the devices requires external power supply and would not
fit in the mouth.

3 Experimental setup
This research paper aims investigate the efficiency of using
in-mouth sensors for HAR. We have performed various ex-
periments in order to answer this research question. This
section will explain the hardware of the in-mouth sensor, the
dataset and the conducted experiments.

3.1 Hardware Specifications
The in-mouth sensor that has been used for this research pa-
per consists of various electronics on a flexible Printed Cir-
cuit Board (PCB). This PCB is then securely integrated into
custom-tailored braces which fits onto the recipient’s lower
jaw. A top-view of the development board of the sensor is
shown in Figure 1.

The in-mouth sensor is equipped with different sensors on-
board. For sensing the accelerations along the 3-axis, the de-
vice contains a low-power Inertial Measurement Unit (IMU).
The IMU additionally includes temperature sensing capabili-
ties as it contains a temperature sensor built-in. This reduces
the footprint of the device significantly as there is no need for
additional hardware for measuring the temperature. Lastly,
it contains a photo-diode that is capable of sensing the light
intensity inside the mouth.

The in-mouth sensor contains capacitors which supplies
the system with power, removing the need of an external
power supply. There is also a NFC interface on-board, uti-
lized for data transfer and charging.

3.2 Dataset
The dataset that has been utilized for this research was col-
lected by the TU Delft Socially Perceptive Computing Lab
(SPCL). To collect the data, a script was utilized to instruct

Figure 1: Top view of the development board of the in-mouth sensor.

participants to perform certain actions. The order of actions
was randomized to avoid any bias. Three participants used
the sensors according to the protocols to collect the labelled
data.

The dataset contains 4950 labeled samples from the in-
mouth sensor. Each sample contains the following mea-
surements: temperature, light intensity, x-acceleration, y-
acceleration, z-acceleration, and the voltage of the in-mouth
sensor. The dataset was shared using the Comma-Separated
Values (CSV) file format. A visualization of a CSV file is
depicted in Figure 3. Figure 4 shows the distribution of
the dataset among the three different persons. Person 0 is
a ’dummy’ person used for activities that do not require the
sensor to be in the mouth. Person 1, 2, and 3 are real persons.

An important detail of the dataset is the sampling fre-
quency that has been used to collect the data. For this par-
ticular dataset, a sampling frequency of 1 Hz has been used.
For HAR, this is a rather low sampling frequency as discussed
in [12]. In this work, it is shown that popular public bench-
mark datasets for HAR have a sampling frequency ranging
from 20 Hz to 250 Hz. This has a significant impact on be-
havior that is dependent on time-series data, as there will be
loss of information when capturing human behavior using a
low sampling frequency.

Figure 2: The amount of samples for each activity in the dataset.

3.3 Experiments
For the experiments, we first explored what kind of differ-
ent human behavior we could classify based on the provided
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Figure 3: An example of data collected during various activities. The pitch and roll values are calculated based on the x-, y-, and z-
accelerations and were not present in the original dataset.

dataset. The final behaviors to be classified were as follows:

• Predicting the head position during sleep.

• Predicting whether the person using the in-mouth sensor
is speaking or not.

• predicting whether the sensor is in use while walking or
lying flat.

• Predicting whether the in-mouth sensor is inside or out-
side the mouth.

• Predicting whether the mouth is open or closed.

Furthermore, for each of these classification problems, we
preprocess the dataset to create training data. This data is sub-
sequently used to train machine learning models to predict the
behavior. Then, we compare and evaluate the performance of
the different machine learning models.

Finally, we experimented with the implementation di-
rectly on a MCU using the popular and affordable STM32
Blue Pill development board. This board features the
STM32F103C6T6 MCU, which includes 32KB of flash
memory and 10KB of RAM. To visualize the predicted
classes, we used 3 Light Emitting Diodes (LED), one for each
class. The setup, as depicted in Figure 5, was constructed on
a breadboard and includes an MPU6050 IMU with an inte-
grated temperature sensor, as well as a Light Dependent Re-
sistor (LDR) to measure light intensity.

This experimental setup differs from the hardware used in
the actual in-mouth sensor as shown in Figure 1. This setup
was chosen to facilitate rapid prototyping, allowing for easy
adjustments and testing. The most notable differences are that
the actual MCU on the in-mouth sensor has 16KB of flash
memory and 2KB of RAM.

4 Methodology
This section deals with the technical side of the conducted
experiments, such as the details of the preprocessing step,
the machine learning models and the parameters that were
used. The experiments were carried out in the Python pro-
gramming language, chosen for its ease of use and extensive
library ecosystem. Additionally, the NumPy library was used
for data processing and manipulation [13].

4.1 Data Preprocessing
In order to create training data suitable for analysis, it is nec-
essary to clean and prepare the raw data from the dataset.

The first step is to filter out samples which are not use-
ful for the classification problems described earlier. The raw
dataset contains two labels which will not be used for train-
ing: the label ”Unknown” and ”Get Ready”. The ”Unknown”
label refers to behavior that is not part of a human activity,
such as the transition period between performing two differ-
ent activities. Next, the ”Get Ready” label is used for the
initial startup phase of the in-mouth sensor, where the device
needs to be prepared for collection of data and to warm up the
temperature sensor to body temperature.

Secondly, we need to balance the dataset. The dataset
consists of samples which are labeled with various activi-
ties. However, each activity has a different number of sam-
ples in the dataset, as can be seen in figure 2. The us-
age of imbalanced training data can lead to a biased model
and reduced performance. To tackle this, we applied down-
sampling of the majority class. This means that if we have
a binary classification problem and the training data con-
sists of 1200 samples of class 1 and 500 samples of class
2, then the final training data will contain 1000 samples, 500
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Figure 4: Dataset distribution across persons.

Figure 5: Experimental breadboard setup.

of class 1 and 500 of class 2. The down-sampling is per-
formed with the RandomUnderSampler class provided in the
imbalanced-learn Python library [14].

4.2 Feature Extraction
The third step involves extracting features from the clean raw
data in order to create feature vectors for training purposes.
As the raw dataset contains five variables (temperature, light
intensity, x-, y-, and z-accelerations), we calculated two ad-
ditional variables for each sample, the pitch and roll angles,
using Equations 1 and 2 respectively.

pitch = arctan

(
Ax√

(Ay)2 + (Az)2

)
(1)

roll = arctan

(
Ay√

(Ax)2 + (Az)2

)
(2)

In Equations 1 and 2, the Ax, Ay , and Az variables represent
the accelerations on the x-, y-, and z-axis respectively.

The fourth and final step is to apply a sliding window ap-
proach for the time-series data in order to predict dynamic
behavior that is dependent on time, e.g. speaking and walk-
ing. Using a sliding window approach of 2s or 3s windows
and around 50% overlap has shown to be effective for the pur-
pose of human activity recognition in past research [15, 16].

To extract features from a window, we considered using
time- and frequency-domain analysis. These were motivated
by past research in the topic of feature extraction for human
activity recognition using accelerometer data [16, 17].

Frequency-domain analysis of a window can be performed
using for example Fast Fourier Transforms (FFT) or Wavelet
Transforms (WT). These kind of transforms unfortunately do
not work well with out dataset that is sampled at 1 Hz. For
instance, Preece et al. suggests a window size of at least 128
samples for wavelet transforms in order to effectively decom-
pose into wavelet coefficients [16].

Since frequency-domain analysis is infeasible, we instead
utilize time-domain analysis for feature extraction of our win-
dows. The features that are extracted are the Mean (µ) and
Standard Deviation (σ) from the window.

The sliding window approach was implemented iteratively,
looping through each sample of the dataset corresponding to
the same activity. This means there is are no window pro-
cessed where two or more different activities were performed.

4.3 Classifiers
To be able to classify the different behaviors, we utilized sev-
eral popular classical machine learning algorithms. We used
Decision Trees (DT), K-Nearest Neighbors (KNN), Support
Vector Machines (SVM), Logistic Regression (LR), and Ran-
dom Forests (RF), which have also been used in existing work
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as well [15, 18].
Although other types of machine learning, such as deep

learning, show promising results [19], we did not consider
them for this research due to their high computing power and
resource demands. One of the objectives of this research is to
implement the classification directly on the embedded micro-
controller of the in-mouth sensor. The MCU of this specific
in-mouth sensor lacks the necessary resources and comput-
ing power to support a Neural Network. Therefore, for our
experiments, we utilized the five previously mentioned ma-
chine learning algorithms.

4.4 Parameters
For the machine learning models presented in the previ-
ous section, we utilized the implementations available from
scikit-learn, a Python library for machine learning [20].

Since the performance of machine learning models de-
pends on various parameters, we experimented with different
settings for each model. For the Decision Tree, we tested tree
depths of 1, 2, 3, 4, 5, 10, 15, and 20. For the K-Nearest
Neighbors, we normalized the data and tested using 1, 2, 3,
4, 5, 10, 15, and 20 neighbors. For the Support Vector Ma-
chine, we evaluated the polynomial, linear, and radial basis
function (rbf) kernels. For Logistic Regression, we used the
default settings provided by scikit-learn. Lastly, for Ran-
dom Forests, we tested tree depths of 1, 2, 3, 4, 5, 10, 15, and
20, combined with 10, 20, 30, 40, 50, and 100 trees.

For the identification of the head position during sleep, we
utilized the labels as shown in table 1. The features that were
used are x-, y-, and z-acceleration values. There was no slid-
ing window approach applied since one sample is enough for
the prediction.

For detecting speech, we utilized the labels as shown in ta-
ble 2 We used a sliding window approach as speaking is a dy-
namic behavior. The features from the window were the mean
and the standard deviation of the x-, y-, and z-accelerations.

For identifying whether the in-mouth sensor is being used
during walking or while laying flat, the labels that were uti-
lized are shown in table 3. The sliding window approach has
been applied here as well as walking is a dynamic behav-
ior. Here the features that were extracted from the windows
were the mean and standard deviation from the x-, y-, and
z-accelerations.

In the case of detecting whether the in-mouth device is in-
side or outside the mouth, we categorized the labels as shown
in table 4. Here, the prediction is made from a single sample.
The only feature utilized is the temperature measured by the
in-mouth sensor. This is because the temperature inside the
mouth is higher than the temperature outside.

Lastly, for the detecting whether the mouth is closed or
open, the labels were utilized as shown in table 5. In this case,
the prediction is also made from a single sample. The utilized
feature is light intensity, as it increases when the mouth is
open.

4.5 Evaluation
To evaluate the classifier models, we used K-fold cross vali-
dation. The choice of 10 is common in literature [1, 7]. Ad-
ditionally, 5 is another common choice for K [3,17]. There is

class 0 class 1 class 2
Sleep head up Sleep head left Sleep head right

Table 1: The dataset labels that were used for training in the case of
predicting the head position during sleep.

class 0 class 1
Speaking Wear with mouth closed

Wear with mouth open
Walk around with sensor in hand
Walk around with sensor in bag
Sensor laying flat stay away
Sleep head up
Sleep head left
Sleep head right
Mouth closed
Mouth open

Table 2: The dataset labels that were used for training in the case of
detecting speech.

no universal rule for the choice of K, as the choice is highly
context dependent. We have chosen to use 10-fold cross val-
idation to provide more training data to our model. Using
K=10 over K=5 means that we will have 90% training data
and 10% test data in each iteration instead of 80%/20%. This
will maximize the usage of the available data, providing a
more reliable performance.

Another validation method used in human activity
recognition is the Leave-One-Subject-Out Cross Validation
(LOSOCV) [11]. This method utilizes training data from all
subjects except one and using the data from the left-out sub-
ject for testing. However, in our study, we have data from
only 3 subjects, with varying amounts of data collected from
each person. As a result, using LOSOCV will not be reliable
in this case.

4.6 Implementation on MCU
Since the IMU measurements are dependent on the sensor’s
mounting location and our experimental breadboard setup
could not fit in the mouth, we opted to simulate sampling by
sending the dataset over USB serial. This approach mimics
the data sampling that would have been done by the actual
in-mouth sensor. Each data sample is transmitted at 1-second
intervals to match the 1 Hz sampling frequency, and includes
five values: light intensity, temperature, and x-, y-, and z-
accelerations.

The embedded code on the MCU, written using the Ar-
duino framework for its ease of use and simplicity, parses the
incoming values into a buffer and makes predictions based on
the features calculated from the buffer. It calculates the pitch
and roll angles on board. In the case of a sliding window, the
windows are stored on board, where the mean and standard
deviations are also computed.

We experimented with the Decision Tree classifier, as it is
the most feasible model to implement on a low-power MCU
with 16KB flash and 2KB RAM compared to the other mod-
els. Furthermore, the actual available flash size and RAM
are further reduced due to the necessary code for booting
and communicating with peripherals such as the IMU. The
Decision Tree is implemented by converting the trained De-
cision Tree model from SciKit-Learn into nested if-else
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class 0 class 1
Sensor laying flat stay away Walk around with sensor in bag

Walk around with sensor in hand

Table 3: The dataset labels that were used for training for the identi-
fication of whether the sensor is in use while walking or lying flat.

class 0 class 1
Wear with mouth closed Walk around with sensor in hand
Wear with mouth open Walk around with sensor in bag
Mouth closed Sensor laying flat stay away
Mouth open

Table 4: The dataset labels that were used for training in the case of
detecting whether the in-mouth device is inside or outside the mouth.

statements. The nested if-else statements is then used for the
prediction of the behavior.

To evaluate the embedded software, we compiled the code
both with and without the classification-related code. The
components responsible for classification include functions
for feature calculation, buffers for the sliding window ap-
proach, and nested if-else statements representing our Deci-
sion Tree. The difference in size between the two compiled
binaries indicates the memory required for classification.

5 Results and discussion
In this section, the results of the machine learning models are
shown using figures. The metric used to compare the different
parameters of the classifier is the F1-score. This score com-
bines precision and recall into one number, making it easier
to see how well the model balances correctly identifying pos-
itive results and avoiding false positives.

Figure 6: Performance of models trained for classifying the sleeping
position of the head. DT depth = 5, KNN n = 1, SVM kernel = linear,
RF depth = 20, RF trees = 30.

5.1 Discussion
For the different classification problems introduced in section
3.3, we tried out different parameters for the models, as de-
scribed in section 4.4. The results of the models for each
classification problem are shown in Figures 6, 7, 8, 9 and 10.
These models were trained on the entire dataset containing
data from multiple persons.

In Figure 11, the effect of the window size and overlap is
illustrated for the detection whether the person is speaking or

class 0 class 1
Wear with mouth open Wear with mouth closed
Mouth open Mouth closed

Table 5: The dataset labels that were used for training in the case of
detecting whether the mouth is closed or open.

Figure 7: Performance of models trained for detecting speech. DT
depth = 2, KNN n = 5, SVM kernel = linear, RF depth = 5, RF trees
= 50. Window size = 4 and 1 sample overlap.

not. It can be seen that a larger window size leads to improved
performance. However, in this scenario, a larger window size
may be impractical for real-life applications due to the 1 Hz
sampling rate. Although a window size of 5 demonstrates
better performance, waiting 5 seconds for a prediction is not
feasible since the dynamic behavior may last less than 5 sec-
onds.

In section 4.2 we discussed the usage of the pitch and roll
angles as potential features. However our results in Figure
12 show that using the pitch and roll values leads to slightly
worse performance compared to x-, y-, and z-accelerations.
Therefore, although we have experimented with pitch and roll
values, we did not incorporate them them into our final mod-
els.

Furthermore, we experimented with training the machine
learning models using both the entire dataset, which includes
multiple individuals, and separate per-person training. In Fig-
ure 13, the results are displayed for detecting the head posi-
tion during sleep and detecting speech. For head position de-
tection, per-person training with data from person 3 achieves
100% F1-scores for all models. This could be due to varia-
tions in IMU placement between individuals, which may im-
pact accuracy when training with multiple individual. For
speaking detection, the results are very similar across differ-
ent training approaches.

Lastly, the results of the implementation directly on the
MCU are shown in Figure 14. Detecting speech and pre-
dicting whether the in-mouth device is used for walking or
is lying flat require additional RAM due to the need to store
samples for the sliding windows. Furthermore, all classifica-
tion problems lie within the constraints of the MCU of the
in-mouth sensor in terms of additional flash size and RAM
usage.
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Figure 8: Performance of models trained for predicting whether the
in-mouth device is used while waking or whether it is laying flat. DT
depth = 1, KNN n = 5, SVM kernel = rbf, RF depth = 1, RF trees =
10. Window size = 4 and 2 sample overlap.

Figure 9: Performance of models trained for predicting whether the
in-mouth device is inside or outside the mouth. DT depth = 1, KNN
n = 1, SVM kernel = linear, RF depth = 1, RF trees = 10.

6 Conclusions
In this research paper, we have investigated how to maxi-
mize the capabilities of utilizing in-mouth sensors for human
activity recognition. In particular, we have investigated the
efficiency of human activity recognition using data obtained
from sensors on the in-mouth sensor. To address this, we
established an experimental setup and developed a methodol-
ogy inspired by an extensive review of previous research.

Based on the research and results, we can conclude that it
is possible to efficiently perform human activity recognition
using data obtained from sensors on the in-mouth sensor. The
findings or this study show promising results, demonstrating
that each classification problem achieved an F1-score of 80
or higher using various machine learning models and param-
eters.

Furthermore, the findings demonstrate that the models
show robustness when trained on data collected from in-
mouth sensors across multiple individuals. Although there
are differences when training the model on a per-person ba-
sis, these differences are not significantly greater than when
training with data from multiple persons.

The impact of window size is another interesting factor.
Window sizes between 2 and 4 provide the best performance
while maintaining practical usability in real-life applications.
Additionally, the overlap influences the model’s performance

Figure 10: Performance of models trained for predicting whether the
mouth is open or closed. DT depth = 1, KNN n = 10, SVM kernel =
linear, RF depth = 1, RF trees = 10.

Figure 11: The performance of different classifiers when using dif-
ferent window sizes and overlaps in the sliding window. The classi-
fication here is the detection of speech.

and should be selected appropriately for each specific prob-
lem.

Lastly, implementing a classifier, specifically a Decision
Tree, directly on an MCU is feasible. The additional flash
memory required fits within the constraints of the in-mouth
sensor’s MCU, and the RAM usage is also within acceptable
limits.

7 Future Work
In this section, we will offer suggestions for future research to
build upon this study. The use of in-mouth sensors for human
activity recognition is a relatively unexplored field, present-
ing numerous potential research questions to be addressed.

For future work, the logical next step is to test the imple-
mentation of the Decision Tree classifier on the actual in-
mouth sensor to evaluate its performance in real-world sce-
narios. For example, detecting the head position during sleep
requires only 80 bytes of additional flash memory and no ex-
tra RAM, making it possible to incorporate into future ver-
sions of the in-mouth device.

Next, it is interesting to investigate the applications of the
capability to predict human behavior. Converting these pre-
dictions into signals could transform the in-mouth sensor into
an effective human-computer interaction system.

Another area for future improvement is the hardware of the
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Figure 12: Performance comparison between using pitch/roll values
and x-, y-, and z-accelerations for dynamic behavior. Sleep refers
to the head position during sleep classification, walking refers to the
prediction of whether the in-mouth sensor is used during walking
or whether it is laying flat and speaking refers to the detection of
speech.

Figure 13: Performance of models trained on the whole dataset com-
pared to training on data only from person 3. Sleep refers to the head
position during sleep classification and speaking refers to the detec-
tion of speech.

in-mouth sensor utilized in this research. With technological
advancements and increasingly faster hardware, it might be
possible to increase the current sampling frequency of 1 Hz.
A higher sampling frequency would offer the advantage of
capturing more complex gestures that can occur within a sin-
gle second, such as a nod of the head.

Related to the hardware, the current in-mouth sensor could
be enhanced by incorporating more sensors. For example,
adding a barometer to measure air pressure inside the mouth
or a gyroscope to measure yaw. This could lead to a wider
range of possible gestures to be recognized.

8 Responsible Research
In this section, we discuss the responsible research aspects
of our research. The following subsections will talk about
the ethical considerations of our dataset and about the repro-
ducibility of our methods.

8.1 Data Usage
As mentioned before, the dataset that has been used for this
research consists of labeled data gathered by 3 subjects. Each
instance contains temperature, light intensity, voltage, x-, y-,

Classification flash RAM
Head up / left / right 80 0
Speaking / not speaking 1040 60
walking / flat 408 20
inside / outside 56 0
open / closed 360 0

Figure 14: Additional required flash memory and RAM required (in
bytes).

and z-acceleration readings. This information does not con-
tain privacy sensitive data.

One possible concern about using accelerometer data in-
side the mouth is the possibility of identifying the person who
is wearing the in-mouth sensor. The accelerometer data could
be analyzed by malicious parties for the identification of the
person based on the unique mouth movements or speech pat-
terns. This could happen if the attacker has access to the IMU
data linked to a specific person.

Building upon this, it might be possible to reconstruct the
speech from accelerometer data using advanced signal pro-
cessing techniques. This leads to unintended disclosure of
private conversations by malicious parties. This could happen
when attackers intercepts or gain access to the accelerometer
data.

8.2 Reproducibility
To encourage the reproducibility of this research, we have
made all the source code available at our TU Delft GitLab
repository1. Next, the Experimental Setup and the Method-
ology sections were written as detailed as possible for repro-
ducibility purposes, highlighting all the different experiments
and technical settings. With this detailed explanation of the
experiments, we aim to enable others to replicate our find-
ings.
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