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Abstract. A proper toothbrushing is a crucial aspect to preserve per-
son’s dental health. Furthermore different brushing techniques have been
defined for kids, adults and people with different dental appliances, pros-
theses, partial dentures or oral pathologies. In order to provide a real-
time feedback to the user there are, mainly, two approaches: the first one
is based on intelligent toothbrushes (called smart toothbrushes) where
Inertial Measurement Units, bristles pressure sensor, and also cameras
are placed on the toothbrush; data acquired is then transmitted and
processed on a smartphone or tablet that monitor the user’s habit and
provide him/her with brushing statistics together with suggestions to
tune brushing timing and technique. The second approach simplifies the
toothbrush device transferring the computational efforts to the hand-
held device: from the onboard camera it has to track both user’s face
and toothbrush in order to extract brushing parameters. In this paper
we compare the two approaches concluding that only a fusion of their
data can produce an all-around exhaustive analysis of the tooth brushing
technique.
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1 Introduction

Intelligent Toothbrush systems, or, as the are commonly called, Smart Tooth-
brushes (ST) represent a novel technology in the Cyber Physical Systems con-
text for human healthcare. ST can be equipped with a wide variety of sensors,
from IMU [12], to bristles pressure detectors [2], from timers [20] to cameras for
teeth analysis [18]. Lot of companies are investing in advanced ST technologies
and apps in order to improve toothbrushing habits of everyone; e.g. in order to
make the procedure more attractive for kids, usually gamification techniques are
adopted: [4,11,17]. A different approach is presented in [5,7] and in our previ-
ous work [13] where the toothbrush motion analysis is performed through the
camera available on the smartphone or tablet. In this last case a target, that
can be easily recognized and tracked, is applied on the toothbrush, and, usually,
the face and the facial parts of the used are also tracked. In this paper we com-
pare the two approaches in order to find advantages and disadvantages and to
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cross-check their accuracy and reliability. We want to underline that the aim of
this work is not to compare the manual toothbrush with the electric one but to
assert how oral care for kids, adults and people with dental diseases can take
great advantage from the next generation of STs.

2 Experimental Setup

We equipped a manual toothbrush with a coloured target, according to [13] and
with a battery powered G-Module from ST Microelectronics. A picture of the
adopted setup is visible in Fig. 1. The G-Module and the Li-ion battery can
be easily placed inside the toothbrush handle; The adopted G-Module uses a
LSM6DS3 iNEMO inertial SiP (System-in-packages) accelerometer and gyro-
scope (6DoF) and a LIS3MDLTR magnetometer (3DoF) providing a total of 9
axes solution. The set of these two sensors constitute what is commonly called
an Attitude and Heading Reference System (AHRS); on the same PCB there is
also a BlueNRG: a Bluetooth Low Energy (4.0) network processor to transfer
data to a PC and a STM32F411CEY ARM Cortex-M4 core with DSP and FPU
capabilities. Further details can be found in [19].

Fig. 1. The ST Microelectronics G-Module and the coloured target integrated into a
toothbrush. The usb port and the on/off switch are connected just during recharge
phase. Both the G-Module and the Battery are hosted inside the toothbrush handle.

3 Toothbrushing Analysis

The toothbrushing analysis aims at evaluating the following parameters:

– The proper brushing of each portion of the dental arches.
– The timing dedicated to each portion.
– The correctness of the adopted brushing technique.

All the three mentioned parameters, as mentioned in [13], are crucial for
a proper brushing technique, furthermore, for people with particular dental
pathologies, different techniques can be prescribed by the dentist (see, e.g. [16])
in order to tackle specific criticalities. For example, people with fixed ortho-
dontic appliances should use the Bass/Sulcular technique that is much more
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Fig. 2. One of the most effective toothbrushing technique for the Orthodontic Gingival
index is the Bass technique: keeping the bristles at 45◦ a rotational movement is applied
on dental vestibular surface

effective on the reduction of Plaque index and Gingival index with respect to
Scrubbing or Stillman technique, that, on the contrary, are more adequate for
gingivitis. The Bass technique, however, is quite complex to be properly per-
formed since the bristles must be kept with an angle of 45◦ with respect to the
tooth vertical direction (see Fig. 2). For kids and for most of adult users the Bass
technique could result a bit too complex, so the main goal in toothbrush analy-
sis is to prevent wrong motions like horizontal Scrub method where the bristles
are activated following an horizontal scrubbing method on the vestibular dental
surface. Such a motion can easily induce Tooth Cervical Abrasion. Furthermore,
for other periodontal diseases, like patients with damages at the gingival sul-
cus, the three most famous brushing techniques (Bass, Stillman’s and Charter’s)
are suggested in a “Modified” version where, at the end of each technique on
a dental portion, the bristles are rolled towards the occlusal surface. Further
details about different tooth brushing techniques can be found in [3]. From the
aforementioned aspects it appears that the recognition of a proper toothbrush-
ing execution together with the correct timing is a complex task. The presented
approach can assist patients in a correct execution. In the following we compare
two possible techniques based on visual tracking and on the data analysis from
the inertial Measurement Unit (IMU).

4 IMU Data Analysis

In order to analyze data from ST IMU we adopted an approach similar to [10]; we
sampled the toothbrush motion at 12 Hz since the dominant brushing frequency,
related to the main hand oscillations, in all the analyzed cases, ranges from 3.5
to 4.8 Hz. Our aim, as depicted in Sect. 3, is to recognize the toothbrush motion
with respect to the reference system on the user’s mouth. In particular, analysing
the behaviour of a set of users, the following assumptions can be done:

– Until one is brushing the same dental portion the bristles movement is periodic.
– Apart from some specific techniques (usually called “Modified”, e.g. modified

Bass, modified Stillman, modified etc. etc. where rolling is present) the tooth-
brush motion in most of practical cases, is always planar in a plane orthogonal
to the bristles direction (brushing plane).

– The z axis of the toothbrush (along its handle) always belongs to the plane
described in the previous item.



Smart Toothbrushes: Inertial Measurement Sensors Fusion 483

Fig. 3. The axes orientation in the mouth reference frame, and in the toothbrush
reference frame (x and z axes belong to the brushing plane). The three possible rotation
angles are also represented.

– Pitch (rotation in the bristles direction) is never present.
– Yaw is usually small and is related to a residual wrist rotation performed

during brushing.

Refer to Fig. 3 for the aforementioned orientations. These hypotheses allow us
to simplify the toothbrushing analysis however a crucial aspect is related to
the knowledge of the mouth position and, consequently, to the local reference
system that, obviously, cannot be detected from the ST IMU. This aspect will
be analyzed in Sect. 5.

4.1 Toothbrush Orientation and Brushing Analysis

The conventional algorithm for orientation estimation involves using estimates
of the Earth gravity vector and the Earth magnetic field reference. Naturally,
the horizontal component of the Earth ambient magnetic field originates from
the magnetic south pole and points towards the magnetic North pole. Magnetic
field strength measurements, relative to previously measured calibration values,
from the magnetometer are used to calculate the heading of the AHRS (IMU).
The direction of gravity is calculated using the accelerometer readings. However,
under external magnetic field disturbances, for example when the IMU is close
to a ferrous or magnetic object, the estimated heading is incorrect, and so,
the orientation estimates are inaccurate. However we do not need an absolute
orientation with respect to the North pole but just a relative orientation to
estimate horizontal rotations (in the plane orthogonal to the gravity vector).
Since, as previously stated, most of the analyzed motions are just translational in
the brushing plane (see Fig. 3) the orientation of the gravity vector with respect
to the brushing plane remains almost constant until the toothbrush is moved to
another dental part. This means that the projection of the gravity vector on each
axis of the 3D accelerometer stays constant for a pure translational motion and
represents the continuous component (DC) of the sensor reading on each axis;
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on the contrary the variable part (AC) contains the translational details on each
axis. In Fig. 5 we show the accelerometer acquisitions brushing the maxillary
occlusal surface. The orientation of the gravity vector g is extracted applying an
average (rectangular) filter to the acceleration vector a at least two seconds of
samples (in order to take the average over, at least 20 samples):

gx,y,z (n) =
1
L

wL (n) ∗ ax,y,z (n) (1)

where:

wL (n) =
{

1
0

for 0 ≤ n < L
otherwise

(2)

in the following we will call ā (n) = a (n) − g (n) the normalized acceleration
where the average gravity component (DC) has been removed.

Fig. 4. The Power Spectrum Density estimated by the Periodogram from 100 samples;
The representation, from 0 Hz to the Nyquist frequency, shows the dominant peak at
3.84 Hz (in red) indicating the average brushing frequency. (Color figure online)

Some relevant information can be obtained analyzing ā (n); in particular
the dominant frequency in its Power Spectral Density, obtained, e.g. using the
periodogram [6], indicates the brushing period. As an example, assuming that
the acceleration direction with the maximum spread is z we can evaluate:

brushingfrequency = max
f

Δt

N

∣∣∣∣∣
L−1∑
n=0

āz (n) e−i2πnΔtf

∣∣∣∣∣
2

with 0 < f ≤ 1
2Δt . (3)

In Fig. 4 there is a representation of the periodogram with the dominant brushing
frequency.

Another relevant analysis is based on the covariance matrix of ā (n):

Σ = E
[
(ā − E [ā]) (ā − E [ā])�

]
(4)

where ā is a column vector of 3 elements, the expected value is commonly esti-
mated over 2–3 s and its value is usually very close to zero during a periodic
brushing action since the gravity component has already been removed.
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Fig. 5. In this figure we present the acceleration components along the three tooth-
brush axes (represented in Fig. 3. The straight lines represent the average value (i.e.
the gravity components: gx = 8.71,gy = 1.69,gz = 4.21)). As can be seen the compo-
nent with the widest spread is az indicating that the motion is a translational along
the toothbrush handle. The dominant component of gx indicates that the bristles are
oriented vertically insisting on the maxillary dental arch.

Analyzing the eigenvalues of Σ when the user is insisting on the same dental
portion we found that an eigenvalue, λ1 is usually much smaller with respect to
the other two (more than one order of magnitude) indicating that the brushing
action is performed moving cyclically the toothbrush in the same plane (the
brushing plane), furthermore the normal to the brushing plane (in the toothbrush
coordinate system) is the eigenvector v1 associated to that eigenvalue. Analyzing
the remaining two eigenvalues we can classify the movement: in particular if their
values are very similar it means that the motion is uniformly distributed in the
brushing plane and, for the tooth brushing procedures, this usually means an
almost circular motion in the brushing plane. While if λ2 � λ3 the motion is
pure translational. In Fig. 6 we show what is going on with a circular motion
in the brushing plane: in the bottom part of the figure there is the projection
of the ā (n) on the second and third eigenvector (v2 and v3) associated to the
second and third eigenvalue of the covariance matrix. It is clear that analyzing
the eigenvalues of the covariance matrix and the position of the gravity vector
we can easily discriminate between different brushing techniques.

4.2 Gyroscope Analysis

In all the examined cases from different users, for all the brushing techniques
that do not explicitly requires a rotation of the brushing plane, all the actions,
included the ones requiring a circular motion like the Bass technique (see, e.g.
the top left part of Fig. 6) the angular velocities measured by the gyroscope are
lower than 1rad/s indicating that there is just a minimum yaw rotation in the
brushing plane. In particular this is related to the small usage of wrist rotations



486 M. Marcon et al.

Fig. 6. On top left a circular bristles motion brushing the vestibular surface while on
top right a vertical oscillatory motion of the bristles. On bottom we report the repro-
jection of the samples of the normalized acceleration vector ā (n) on the second and
third eigenvectors of the covariance matrix (associated to the two largest eigenvalues).

during toothbrushing that would result in a quite uncomfortable and fatiguing
gesture. In Fig. 7 we show the angular velocities for rotation along the roll axis; it
can be seen that, since such a rotation of the toothbrush handle involves both the
forearm and the wrist, the angular velocity vector ω is not exactly aligned with
the toothbrush z − axis but a yaw component and a small pitch component are
also present. However, such a particular gesture is required only in some specific
brushing techniques (like “Modified Bass” and “Modified Stillman”) that will
help patients with gingival problems clearing out the debris and biofilm out of
Embrasures; in particular the Rolling motion avoids damaging the base of the
gingival sulcus.

4.3 Toothbrushing Action Segmentation

Thanks to the periodicity and to the permanence of the motion vector in the
same brushing plane for every specific toothbrushing action, an automatic seg-
mentation of different actions (i.e. when the bristles are moved to a different
dental arch portion) can be easily performed simply applying a threshold in the
orientation variations of the brushing plane orientation. As a rule of thumb,
inspecting a series of toothbrushing actions, we saw that a threshold of 25◦

between two orientations of the toothbrush plane can be adopted as a criterion
to properly segment most of sequences.
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Fig. 7. The three angular velocities are represented for a rotational periodic movement.
It is clear that, due to the involvement of the forearm and the wrist in this specific
gesture, the rotation axis is not exactly along the toothbrush handle but presents a
combination of roll and yaw rotations while the pitch (ωy) is usually lower.

5 Visual Tracking Analysis

The toothbrushing analysis based on the ST IMU appears to be an effective and
reliable tool to accurately analyse the brushing habit of the user; in particular,
as described in Sect. 7, a Radial Basis Function Neural Network together with
some handmade conditions can provide us with a satisfying classification engine.
However, analyzing in deeper detail the brushing habits of our volunteers we
found some aspects that cannot be simply handled just using IMU data. The
first complex aspect is to distinguish if the bristles are insisting on the left or
on the right side the mouth. As described in Sect. 4.1, we can get an absolute
reference vector, invariant under toothbrush motion, that, even if could deviate a
lot from the real North Pole direction, provides us with a fixed direction. However
this does not allow us to simply distinguish between left, right or central dental
arch portions where toothbrush is insisting: tracking, for example, the z − axis
of the toothbrush we need to get samples from both left and right mouth parts
in order to estimate a possible central orientation aligned with the z − axis of
the mouth reference system.

Another drawback is the fact that users, when changing the brushed zone
usually rotate their head, this aspect if further emphasised if they need to look
at the smartphone or tablet placed in front of them during toothbrushing. The
bathroom furniture also affects the toothbrushing styles, in particular, since peo-
ple usually look at themselves during this procedure, if there is a high wall mirror
usually people keep their head horizontal while, if the bottom of the mirror is
close to the sink and the smartphone device is placed on the sink itself people
tilt their head forward. All the aforementioned issues introduce a large variabil-
ity in the orientation of the mouth reference system, which is reflected in the
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uncertainty in the relative orientation of the toothbrush axes with respect to
the mouth one. This effect partially invalidate the accurate brushing analysis
described in the previous sections. To overcome this problem, we fused ST IMU
data with information from face and toothbrush tracking [13]. Unfortunately
most of the tested android phones did not provide an accurate value for the focal
length of their cameras while we need at least a rough estimation of its value
in order to etimate the orientation of the mouth reference system with respect
to the camera one. We then evaluate the camera internal parameters using 3DF
Lapyx, a free software from 3DFlow [1]. For example, using a Samsung Galaxy
SII we got the following intrinsic calibration matrix [8]:

K =

⎡
⎣fx s px

0 fy py

0 0 1

⎤
⎦ =

⎡
⎣2889.83 0 1600.14

0 2892.84 1193.29
0 0 1

⎤
⎦ (5)

and

K−1 =

⎡
⎣1/fx 0 −px/fx

0 1/fy −py/fy

0 0 1

⎤
⎦ (6)

Where all parameters are expressed in pixels. Assuming that the user is looking
at the mobile device, once the face and the mouth is localized in the image, the
mouth direction from the camera center (i.e. the orientation of the z − axis of
the mouth reference system) can be obtained, with reference to Fig. 8, using the
following formula ([8] p. 82):

cos θ =
(d�paxis)√

d�d
√
paxis

�paxis

(7)

where paxis =
[
0 0 1

]� represents the Principal axis direction. We are only
interested in the elevation angle of the vector d since the Azimuth of the mouth is
not relevant for our purpose of correcting the toothbrush accelerations according
to the head forward tilt. If xm is the mouth center reprojected on the image
plane, we force its horizontal component to px so the angle evaluated by Eq. 8
will be exactly the mouth elevation angle θelev. The Eq. 7 becomes:

cos θelev =

(
K−1x̄m

)� [
0 0 1

]
|K−1x̄m|

�

(8)

where x̄m is equal to xm but with the first component equal to px. The previous
equation becomes:

cos θelev =

⎛
⎝

√(
xmy − py

fy

)2

+ 1

⎞
⎠

−1

(9)
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Fig. 8. The center of the mouth is reprojected on the mobile phone camera image plane
through the ray whose direction is d (in green). The intersection is at coordinates xmx

and xmy (in blue) in the image plane coordinate system. The mouth orientation with
respect to the camera principal axis is represented by θelev for the elevation and θaz
for the azimuth. (Color figure online)

where xmy is the vertical coordinate of the mouth in the image plane (see Fig. 8).
Obviously the same can also be applied to the azimuth angle:

cos θaz =

⎛
⎝

√(
xmx − px

fx

)2

+ 1

⎞
⎠

−1

. (10)

6 Target Tracking

As described in Sect. 2, we adopted a similar target tracking procedure as
described in [13]. It is based on a multi-coloured spherical target placed on
the tail of the toothbrush: we are, in particular, interested in recognizing target
position and orientation in the inversion points during pure translation motions;
inversion motion points represent target positions where velocity is minimal, and
blurring effects are minimized. However is some specific lighting conditions the
mobile camera could automatically tune its exposure parameters on some back-
ground objects resulting in underexposed or overexposed target image; in Fig. 9
a target acquired in an unfavourable lighting condition presents an inaccurate
segmentation in the HSV space. In order to improve accuracy in target orienta-
tion we fitted a circle around the segmented blob. This approach will allow us
to know the exact size of the target (in terms of pixels) in the acquired image:
we can, then, normalize the 6-bins histogram of the six hue values (Red, Green,
Blue, Cyan, Magenta, Yellow) to the total number of pixels of the target circle
instead of considering only the blob pixels. Combining IMU and visual tracking
data, most of brushing information can be retrieved in a deterministic way and
we adopted a Radial Basis Function Neural Network (RBFNN) (see Sect. 7) to
extract the detailed motion of specific brushing techniques.
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Fig. 9. A target acquired in an unfavourable lighting condition: After the saturation
segmentation some target portions disappear as can be seen in the central image on the
bottom. On the right a circle is fitted to the target to improve toothbrush orientation
estimation

7 Toothbrushing Classification Results

Before applying a classifier to IMU and Visual tracking data some aspects must
be considered since both of them, singularly adopted, do not allow an exhaustive
toothbrushing analysis. The IMU allows an accurate analysis of the toothbrush
motion but some major weaknesses are present:

– It is impossible to distinguish between brushing left, right or frontal mouth
parts, i.e. a vestibular left brushing is very similar to an oral right brushing
or to a vestibular frontal brushing: the orientation provided by the IMU is
usually useless since it is a common habit of users to rotate their head when
changing the brushed zone in order to see it better in the mirror.

– Different bathroom furniture could require different smartphone placements
and the head forward inclination could change for the same brushing gesture:
this could result in a rotation of the brushing plane and a consequent relative
rotation of the gravity vector g for the same brushing gesture.

– Without a visual control there is no way to check if the user is keeping the
toothbrush in the mouth or is just swinging it around: we noticed this behav-
iour in kids trying to cheating the system.

The visual tracking of the face and of the coloured target offers the following
advantages:

– It allows to estimate the toothbrush position with respect to the mouth (if
the target is found on the left of the facial sagittal plane the bristles will be
on the right and vice versa).

– Once the brushed mouth side is defined it is possible to estimate the brushing
plane and, once the head inclination is evaluated (according to Eq. 9) we can
rotate the g vector accordingly. This allows us to normalize all the IMU data
to an horizontal head orientation.

However the visual target tracking presents also other drawbacks:

– The accuracy in the orientation estimation depends from many factors: envi-
ronmental lighting, self-shadows, mobile camera position (glares and overex-
posed conditions could occur) and resolution (usually the frontal camera, the
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one used in our application, has lower resolution and quality with respect to
the rear one).

– Some in-plane circular movements, like, e.g. the Bass method, due to the
small target displacement and to the absence of target rotation, can hardly
be recognized.

We have to underline that all the described procedures allow an accurate
analysis of the tootbrushing procedure, however no one of the examined tech-
niques is able to distinguish on vertical dental surfaces between maxillary and
mandibular parts since both IMU and visual tracking data are very similar for
both parts.

7.1 The Classification Procedure

Considering the aforementioned advantages and disadvantages of the two meth-
ods, we decided to fuse their information in order to get a more robust classifier.
Our classifier can be subdivided into two parts the first one is more “determin-
istic” while the second uses a Radial Basis Function Neural Network [9] as the
final classifier. The first part follows this sequence:

1. Get at least 20 samples for the G-Module and extract the gravity vector
orientation and the ā(n) values.

2. Check the variance in the gravity vector orientation within the set of the
previous 20 values. If the value is above a predefined threshold it could be that
the user is changing the brushing part or a “modified” technique is applied
involving rolling along the toothbrush handle. As described in Sect. 4.2, in
order to distinguish these two possible cases we check the amount of pitch
rotation (ωy) with respect to the other two components of ω.

3. If the user is not changing the brushed dental portion the classification process
goes on. We then analyze the mouth and toothbrush target position into the
acquired frames. To minimize the processed frames and the risk of blurred
target images we just analyze frames corresponding to highest acceleration
values (since in a periodic motion the acceleration is highest in the motion
inversion points, i.e. where the velocity is minimal).

4. The target color analysis is particularly relevant in order to estimate the
dental portion on which the user is insisting. As can be seen in Fig. 10, this
analysis allows to estimate accurately the dental portion on which the user is
insisting, furthermore it allows to define the brushing plane orientation with
respect to the mouth reference system.

5. Assuming that the user is looking at the mobile phone device, from Eq. 9,
since we know from the previous step, the orientation of the brushing plane
with respect to the mouth reference system, we can rotate the g vector in
order to normalize the accelerometer data as if the mouth would be horizontal.
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Fig. 10. Different sides of the target seen by the camera during vestibular brushing on
different dental arch portions

7.2 The Radial Basis Function Neural Network Classifier

In order to properly classify the brushing action we adopted a Radial Basis
Function Neural Network. We chose such a classifier since the acquired data
from the IMU is quite noisy and this kind of Neural Networks has less train-
ing problems with respect to feedforward networks, in particular when a large
amount of training data are available like in this case. Furthermore we need that
the chosen classifier is able to interpolate and generalise the brushing habit to
unknown users. Since the bristles orientation is known from the IMU data, we
are interested in understanding the brushing motion: in particular it could be:

1. (A) “horizontal scrubbing” along the toothbrush handle,
2. (B) “vertical scrubbing” along the toothbrush y − axis,
3. (C) “circular scrubbing” or “Fones’ technique” [15] just rotating bristles on

the teeth surface following large, sweeping circles,
4. (D) “Roll Stroke” rotating the bristles along the toothbrush handle axis.

These 4 motions represent the basic bricks for all the tooth brushing techniques
and in some practical applications, due to poor lighting conditions, blurring
due to fast toothbrush oscillations and inaccurate background segmentation,
can be confused with each other adopting just the visual approach described
in [13]. Obviously, as described in Sect. 4.2, since these movements also inter-
est the forearm and the wrist, different people perform them in different ways,
with different accelerations and angular velocities: this is the main reason for
which we need a classifier able to generalize classification to different users. We
feed the RBF network with a vector containing 7 elements: the average magni-

tudes of the three components of ā ( 1
L

L−1∑
n=0

|ax,y,z (n)|), the three components of

ω ( 1
L

L−1∑
n=0

|ωx,y,z (n)|) and the ratio between the two largest eigenvalues of the

covariance matrix of ā (see Sect. 4.1) (L is usually chosen in order to average
the samples over a couple of seconds). We used a two-layer network using the
MATLAB newre function [14]. We acquired 18 sequences from 9 volunteers, we
segmented by hand those sequences and labeled them according to the previ-
ous 4 classes: “horizontal scrubbing” corresponds to a training output vector[
1 0 0 0

]
, while, e.g. “Roll Stroke” corresponds to a vector

[
0 0 0 1

]
. Compar-

ing results using 12 randomly chosen sequences for training and the remaining
6 for testing we got the results of Table 1.
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Table 1. The Confusion Matrix representing classification results

Predicted values

A B C D

A 0.98 0 0.02 0

B 0 0.92 0.03 0.05

C 0.05 0.04 0.90 0.01

D 0 0.08 0.03 0.89

8 Conclusions

In this paper we presented a combined approach to improve effectiveness and
usefulness of Smart Toothbrushes. Using a manual toothbrush equipped with an
IMU unit and a color target, we analyzed information obtained from an IMU
and from a visual target analysis approach. Both of these approaches present
strengths and weaknesses and we showed that only combining information from
both of them we are able to compensate head motion, and other difficulties
arising from a simple visual approach. We also shown that we can recognize
the exact dental portion brushed. Thanks to the IMU information we are also
able to distinguish different toothbrush motions that could be used to asses the
correct execution of a brushing procedure. The data fusion from IMU and visual
tracking can then be considered as a promising technique to get an exhaustive
toothbrushing analysis.
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