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ABSTRACT
Over the last decade, facial landmark tracking and 3D reconstruc-
tion have gained considerable attention due to their numerous
applications such as human-computer interactions, facial expres-
sion analysis, and emotion recognition, etc. Traditional approaches
require users to be confined to a particular location and face a
camera under constrained recording conditions (e.g., without oc-
clusions and under good lighting conditions). This highly restricted
setting prevents them from being deployed in many application
scenarios involving human motions. In this paper, we propose
the first single-earpiece lightweight biosensing system, BioFace-
3D, that can unobtrusively, continuously, and reliably sense the
entire facial movements, track 2D facial landmarks, and further
render 3D facial animations. Our single-earpiece biosensing sys-
tem takes advantage of the cross-modal transfer learning model
to transfer the knowledge embodied in a high-grade visual facial
landmark detection model to the low-grade biosignal domain. Af-
ter training, our BioFace-3D can directly perform continuous 3D
facial reconstruction from the biosignals, without any visual input.
Without requiring a camera positioned in front of the user, this
paradigm shift from visual sensing to biosensing would introduce
new opportunities in many emerging mobile and IoT applications.
Extensive experiments involving 16 participants under various set-
tings demonstrate that BioFace-3D can accurately track 53 major
facial landmarks with only 1.85 mm average error and 3.38% nor-
malized mean error, which is comparable with most state-of-the-art
camera-based solutions. The rendered 3D facial animations, which
are in consistency with the real human facial movements, also vali-
date the system’s capability in continuous 3D facial reconstruction.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools.
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1 INTRODUCTION
Serving as a major role in human interactions, the face conveys
both verbal and non-verbal information, such as intention, engage-
ment, and emotion, which would allow a more credible interaction
loopback. Facial landmark tracking and 3D reconstruction thus
have been becoming fundamental in various emerging applications
which require facial analysis. For instance, facial landmark tracking
can be used for driver attentiveness monitoring to detect drowsiness
and abnormal behaviors [8]. Continuous 3D facial reconstruction
can enable a fully immersive user experience by increasing the
awareness of the user’s real-time facial expressions and emotional
states in virtual reality (VR) scenarios [34]. Moreover, recognizing
facial movements can enable silent-speech interfaces for convenient
human-computer interactions [16].

Prior Research. Traditional vision-based approaches (e.g., [12,
13, 60]) can localize facial landmarks and produce high-quality fa-
cial animations, however, they require a camera positioned in front
of the user’s face and constrained recording conditions, such as
requiring an entire view of the face without occlusions and in good
lighting environments. This highly restricted setting makes them
not applicable to many application scenarios where users are likely
to engage in three-dimensional head movements. A recent work
C-Face [10] uses two ear-mounted cameras to reconstruct facial
landmarks. Although it enables a relatively more flexible deploy-
ment setting, this work still fails to capture the face in inadequate
lighting conditions and raises privacy concerns due to the mobility
and proximity of the cameras to surrounding people. In addition,
deploying energy-hungry cameras on the wearable device may
prevent it from practical deployment.

1Our rendered facial animation samples can be found at https://mosis.eecs.utk.edu/
bioface-3d.html.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://mosis.eecs.utk.edu/bioface-3d.html
https://mosis.eecs.utk.edu/bioface-3d.html
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Figure 1: Illustration of the reconstructed 3D facial avatar
with various facial expressions 1.

Alternatively, there exist several audio-driven approaches (e.g., [20,
21,46]) that rely on speech to reconstruct speaking-associated facial
movements. However, they neither distinguish between expressions
while talking (e.g., talking in an enthusiastic or sad manner) nor
can be applied to the scenarios that do not involve human speaking
(e.g., silent-speech gestures). Additionally, a lot of wearable-sensor-
based methods have been proposed to recognize user's facial ges-
tures, such as magnetic sensing [9], capacitive sensing [37], and
electromyography (EMG)-based sensing [40, 41, 58]. However, all
these studies can only distinguish a small set of pre-de�ned facial
gestures. To the best of our knowledge, there has been no prior
work that can continuously track the positions of facial major land-
marks (e.g., the mouth, nose, eyes, and eyebrows) and reconstruct
3D facial animations using camera-free and unobtrusive wearable
technology.

System Objective and Challenges. To circumvent all the limi-
tations of existing approaches, this paper aims to provide a wearable
biosensing system that can unobtrusively, continuously, and reliably
sense the entire facial movements, track 2D facial landmarks, and
further render 3D facial animations through �tting a 3D head model
to the 2D facial landmarks. Although existing studies (e.g., [41, 58])
have shown the success of using biosensors, such as EMG and elec-
trooculography (EOG), to detect facial muscle activities and eye
movements, realizing such a system is still very challenging:
(1)Biosensing-based Facial Landmark Tracking:Tracking facial land-
marks via biosensing is an unexplored area. Although the captured
biosignals can potentially sense expressive facial deformations, it
remains unclear how to learn the spatial mapping between the
biosignals and facial landmarks.
(2)Unobtrusive Facial Sensing:To allow a long-term facial sensing
with minimal impact on the user's mobility and comfort, the obtru-
siveness and social awkwardness caused by our designed wearable
device should be minimized.
(3) Continuous 3D Facial Reconstruction:A compelling 3D facial
avatar animation requires the rendered 3D faces to be continuous
and smooth over time, and the animation should be generated in a
timely manner for real-time applications.

BioFace-3DDesign. To address these challenges, we explore
a novel point in the design space and propose a single-earpiece
biosensing system,BioFace-3D, as illustrated in Figure 1. Speci�cally,

BioFace-3Duses two-channel biosensors (i.e., surface electrodes)
attached to a very small area around one side of the user's ear
to capture both EMG and EOG bioelectrical signals. This sensor
position ensures the sensing capability ofBioFace-3Din providing
su�cient information for the entire facial reconstruction while
still remaining a minimized obtrusiveness level to the wearer. To
enable 3D facial reconstruction beyond the con�nes of cameras, we
build a cross-modal transfer learning model that can learn vision-
biosignal correspondences in a supervised manner, which pushes
the limits of biosensing to enable rich sensing capabilities that
are currently infeasible. More speci�cally, our designed transfer
learning model consists of a visual landmark detection network
and a biosignal neural network, enabling facial landmark detection
knowledge to be transferred across modalities during training time.
During testing, the well-trained biosignal network can directly
localize 2D facial landmarks from the biosignals, without any visual
input. The recognized 2D facial landmarks will be further processed
with a Kalman �lter and �tted into a generalized 3D head model
to render continuous 3D facial animations. Note that our system
mainly focuses on continuously tracking facial movements, and the
rendered 3D facial avatar uses a generic face model, which lacks
detailed features of the individual's face. Our main contributions
are summarized as follows:
� To the best of our knowledge,BioFace-3Dis the �rst single-

earpiece biosensing system that can unobtrusively, continuously,
and reliably sense the entire facial movements, track 2D facial
landmarks, and further render 3D facial animations through �t-
ting a 3D head model to the 2D facial landmarks.

� Through a thorough anatomical analysis of human facial muscles
and elaborate experiments, we identify optimal biosensor place-
ment positions on the face to maintain a minimized obtrusiveness
level ofBioFace-3Dto the wearer.

� Relying on the transfer learning across multiple modalities, we
push the limits of biosensing to make it possess the capability
of other high-grademodalities (e.g., vision). This signi�cantly
extends its sensing capabilities beyond the common form of
biosensing and introduces new opportunities for many emerging
applications.

� Extensive experiments involving 9 participants and various set-
tings demonstrated the e�ectiveness and robustness of the system.
The results show thatBioFace-3Dcan accurately track 53 facial
landmarks with only1”85mm average error and3”38%normal-
ized mean error, which is comparable with most camera-based
solutions.

2 PRELIMINARIES
Facial Muscles and Eye Movements. Facial muscles, as illus-
trated in Figure 2 (a), are striated skeletal muscles lying underneath
the skin of the face and scalp to perform important functions for
daily life, such as mastication and facial expressions. Di�erent facial
movements or expressions are produced by the contraction of a
di�erent set of facial muscles [19, 68]. For instance,smileinvolves a
person pulling their lip corners up, thereby, raising their cheeks to-
wards the eyes, making the eyelids come closer. These micro-facial
movements are mainly driven by zygomaticus major, orbicularis
oris, and orbicularis oculi. Di�erently,surpriseinvolves raising eye-
brows, widening eyes, opening the mouth, etc., which are usually
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(a) Location of important facial muscles(b) Activated facial muscles during
expressions

Figure 2: Illustration of facial muscles.

associated with frontalis, depressor labii inferioris, temporalis, mas-
seter, and orbicularis oris, etc. Figure 2 (b) shows a common set
of the activated facial muscles for seven universal expressions of
emotion [68]. In addition, the eyeball acts as a dipole with a posi-
tive pole oriented anteriorly (cornea) and a negative pole oriented
posteriorly (retina) [5]. This shows the potential of tracking the
entire facial movements and eye movements through sensing the
contraction of corresponding facial muscles and the bioelectrical
signals caused by eye movements.

Sensing Facial Muscle Contractions via Single-ear Biosen-
sors. Whenever a muscle contracts, a burst of electric impulses is
generated which propagates through adjacent tissue and bone and
can be recorded from neighboring skin areas [35]. These bursts of
electricity can be captured by surface electrodes using electromyo-
graphy (EMG) measurements if the electrodes are placed close to
or on top of the activated muscles. Although the electrical poten-
tials may pass through the connected muscles to be captured by
an electrode, it remains unclear whether we can use the surface
electrode attached to a least-obtrusive area, such as the area around
one side of the ears, to sense the entire facial movements. We thus
conduct an experiment where a surface electrode is attached to one
side of the masseter around the ears while a participant performs
multiple facial expressions including smile, sad, surprise, contempt,
and chewing. As can be seen in Figure 3 (a), multiple events are
generated corresponding to di�erent muscle contractions. While
some of them are not visually distinguishable due to the wide range
frequency response of EMG, the events caused by facial activities
can be clearly captured. We prove in Section 6 that the signals of
each expression are indeed unique as validated by the Principal
Component Analysis (PCA) presented. In the same setting, we ask
the participant to look in di�erent directions, and we observe that
a unique voltage �uctuation is caused in the electrooculography
(EOG) signals depending on the direction and duration of the move-
ment, as shown in Figure 3 (b). These observations con�rm the
possibility of using single-ear biosensors to sense the entire facial
movements.

Continuously Sensing Muscle Contractions. To render con-
tinuous and smooth facial animations, the biosensors must be able
to continuously track the muscle activities during the transitions
between facial events. To validate the feasibility, we conduct an
experiment to track the user facial expression while the partici-
pant is asked to change their face from neural to smiling with a

(a) EMG signals of facial ac-
tivities

(b) EOG signals of eye
movements

(c) EMG signals of a slow
smiling

Figure 3: Biosignals collected from a side of masseter around
the ears.
slower speed than normal (around 10 seconds). The purpose of
this experiment is to validate whether the biosensor can capture
muscle biosignals generated continuously during facial expression.
Figure 3 (c) shows the EMG signals obtained from the experiment,
clearly validating the capability of surface electrode in continuously
sensing facial activities.

3 CHALLENGES & SYSTEM OVERVIEW
3.1 Challenges
Facial Landmarks Tracking via Non-visual Biosignals. Com-
pared with camera-based solutions (e.g., [13, 60, 69]), BioFace-3Dre-
lies on single-ear biosensors which can only provide non-visual one-
dimensional bioelectrical signals (e.g., EMG and EOG). Although the
captured biosignals can potentially sense facial skin deformation
and facial expression changes, there is no direct spatial mapping
relation between the biosignals and facial landmarks. Moreover,
some facial expressions (e.g., smiling and sneering) are produced by
a similar facial muscle group, making the system even harder to ac-
curately track facial landmarks and animate 3D avatars, regardless
of the user's actual facial expressions.

Non-Intrusive Electrode Placements. Most of the facial ges-
tures involve the muscular activities of frontal facial muscles. To
make our system less intrusive, we attempt to attach the biosensors
to the area around the user's ears. This sensor placement, how-
ever, can only sense passive motor activities from the side facial
muscles instead of the active frontal muscles. Thus, we have to
elaborately select the electrode placement positions via a thorough
analysis of facial muscle anatomy, making the system less intrusive
to users while still providing su�cient information for the entire
facial reconstruction.

Continuous and Smooth 3D Facial Reconstruction . To cre-
ate a well replicated animated 3D avatar, the reconstructed 3D facial
animation from the biosignals should be continuous and smooth,
consistent with the user's facial movements. To tackle this, we need
to achieve accurate and smooth facial landmark tracking across a
range of uncontrolled poses. This requires the system to accurately
capture both the spatial changes in facial appearances and the tem-
poral dependencies between adjacent time frames to reconstruct
dynamical transitions of facial movements. Moreover, the recon-
structed faces should be generated in a timely fashion for real-time
applications.

3.2 System Overview
As shown in Figure 4, the proposedBioFace-3Dhas two phases: the
training phasein which our system uses the biosignals and visual in-
formation in a supervised manner to learn the real-time behavioral
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Figure 4: BioFace-3Dsystem overview.

mapping from biosignal stream to facial landmarks, and thetesting
phasewhere the well-trained biosignal network can work indepen-
dently to perform continuous 3D facial reconstruction, without
any visual input. Speci�cally, during training, we collect visual
and biosignal streams using an o�-the-shelf camera (e.g., a laptop's
built-in camera) and our designedBioFace-3Dwearable device (Sec-
tion 6), respectively. We then performSignal Synchronizationto
ensure the synchronization between the streamed biosignal and
the video frames. After that, the visual and biosignal streams are
separately processed as follows:

Visual Stream in Training. We �rst conduct Video Resampling
to make the recorded videos from di�erent camera types to be
resampled in a uniform frame rate, which allows the vision net-
work to take any visual input regardless of its actual frame rate in
recording. Next, we performFace Detectionfor each video frame,
and crop the frame to only preserve the detected face. The cropped
image frames are then fed into the pre-trainedVision-based High-
resolution Networkfor 2D facial landmarks detection. Furthermore,
we employLandmark Alignmentto eliminate the e�ect caused by
head poses (i.e., scale, rotation, and translation). The detected 2D
facial landmarks are then warped and transformed to a uniform
aligned coordinate space, which will serve as the ground truth to
guide the training of the biosignal network.

Biosignal Stream in Training. BioFace-3Dcollects two biosig-
nal streams from the biosensors integrated into our single earpiece
wearable. Each biosignal stream is �rst processed to obtain both
EOG and EMG biosignal streams viaBandpass Filtering[56]. We
then applyBiosignal Frame Segmentationto segment the �ltered
biosignal stream into frames, each corresponding to a re-sampled
video frame. The signal segments are then fed intoBiosignal-based
Multi-input CNN Networkto reconstruct 2D facial landmarks. To
transfer knowledge from the vision network into the biosignal do-
main, we utilize the Wing loss [23] to enhance attention of the
landmarks which are important but less active (e.g., pupils) and
to help the biosignal network learn an accurate spatial mapping
between biosignals and facial landmarks.

Biosignal Stream in Testing to Continuously Reconstruct
3D Faces.During testing, the biosignal stream �rst passes through
the same pre-processing procedures in training. Then the �ne-
tuned biosignal network can continuously reconstruct 2D facial
landmarks from the biosignal stream, without any visual input.
To ensure a �uent 3D avatar animation, we then applyLandmark
Smoothing via Kalman Filterto stabilize the facial landmark move-
ment across successive frames. Next, we generate 3D facial anima-
tion from the stabilized landmarks using the FLAME (Faces Learned
with an Articulated Model and Expressions) model [38]. The gener-
ated sequence of �tted head models can then be used for rendering
a 3D facial animation that recovers the user's facial movements.

4 BIOSIGNAL-BASED FACIAL LANDMARK
RECONSTRUCTION VIA KNOWLEDGE
TRANSFER

In this section, we describe the detailed training procedure and
the designed knowledge transfer learning network across multiple
sensing modalities (i.e., vision and biosignals).

4.1 Signal Synchronization
To guarantee the synchronization between the two modalities' data
streams, the user needs to tap the earpiece near the bottom mea-
surement sensor at the beginning of the training phase. This way,
a sharp and sizeable peak will be generated in the biosignal stream
due to theskin-electrode contact variation, while such an event can
also be tracked in the video stream with quanti�able accuracy (e.g.,
through detecting the user's hand using a pre-trained hand key-
point detection model [54]). To detect such a peak in the biosignal
stream, we implement a z-score peak transformation algorithm [45],
which calculates if any data point of the biosignal stream deviates
from a moving average by a given thresholdg. In our implemen-
tation, we use a moving window size of40milliseconds across all
users, which is su�cient to detect the signal peak caused by the
�nger tap. The thresholdg is set to` F � 0”4f F , where` F andf F
are the mean and standard deviation of the sliding window. This
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z-score based method has been shown to be e�ective and accurate
throughout our system evaluation.

4.2 Data Pre-processing
Visual Stream - Video Resampling & Face Detection. To make
our system compatible with various recording devices of di�erent
frame rates, we �rst downsample the recorded video to a uniform
frame rate5E = 20, which can also reduce the computational cost for
real-time facial reconstruction while maintaining the �uency of the
video. Speci�cally, given the frame rate of the original video5>, we

only keep 5E
5>

of the frames equally distributed in the video bu�er,
and the timestamps of these frames are then re-scaled to the new
timebase (i.e.,15E

). After resampling, we apply a pre-trained Haar
Cascade Classi�er [59], which provides high accuracy in object
detection under varied lighting conditions, to each downsampled
video frame for face detection. To meet the required input size of the
following vision network, we then make the detected face centered,
crop the corresponding square area, and resize the cropped frame
to 256� 256pixels.

Biosignal Stream - Bandpass Filtering & Biosignal Frame
Segmentation. On the biosignal side, we �rst apply two band-pass
�lters to extract the main structure of the bio-electrical signals,
i.e., EMG and EOG bioelectrical signals [56]. Moreover, in order to
transfer knowledge from the vision-based facial landmark detec-
tion model into the biosignal modality, we need to match the visual
input (i.e., resampled video frames) with the time-series biosignal
input. To match with each video frame, we segment the biosignal
streams (i.e., both EMG and EOG signals) into overlapped short
frames starting at each video frame's timestamp. Given that the
gap between adjacent frames is15E

= 0”05Band the sampling rate
of biosignal is 250 Hz, the length of each biosignal frame is set to
; = 0”5Bfor all experiments, which creates massive overlapped data
samples between adjacent biosignal frames as well as su�cient data
for the CNN network. This setting makes the subsequent transfer
learning model better capture the temporal dynamics and dependen-
cies among continuous biosignal streams to ensure smooth frame
transitions in the rendered animation.

4.3 Vision-based High-resolution Network
Conventional image-processing networks for facial landmark de-
tection either rely on low-resolution features built by gradually
reducing the size of the feature maps (e.g., TCNN [65]), or uti-
lize a 2-stage high-to-low and low-to-high process to �rst extract
low-resolution features and then rebuild high resolution features
through deconvolution and unpooling operations (e.g., encoder-
decoder [44]). However, the important spatial and semantic infor-
mation embedded in the initial high-resolution features might be
lost during this process and is hard to recover. To address this and
improve the recognition accuracy, we adopt a high-resolution net-
work (HRNet) [60] which maintains high-resolution through the
whole process. As shown in Figure 4, the whole network consists of
four stages, in which low-resolution convolution streams are added
gradually during the training process.

Speci�cally, the �rst stage only has a single high-resolution
(64� 64) stream with 12 convolutional layers, and the depth is set to
18. The subsequent stages decrease the resolution to1

2 of the resolu-
tion of the previous stage and double its depth. Stage 2 adds a lower

Figure 5: Major facial landmarks used in BioFace-3D.

resolution stream and the number of layers is increased to 16, while
Stage 3 and Stage 4 handle more streams in parallel using 96 convo-
lutional layers, with 16� 16 and 8� 8 resolution, respectively. Each
stage processes a number of convolution streams with di�erent
resolutions in parallel. At the end of each stage, information is ex-
changed among di�erent resolutions via repeated multi-resolution
fusions, where low-resolution representations are up-sampled and
concatenated with the high-resolution representation. Speci�cally,
we use a pre-trained model on the WFLW dataset [64], which has
a total of 98 landmarks, as shown in Figure 5. To reduce compu-
tational complexity, we only keep 53 landmarks that cover major
facial components such as eyes, eyebrows, nose, and mouth. The
output of the vision-based facial landmark detection network pro-
vides biosignal modality with transferable knowledge for training
the biosignal network.

4.4 Landmark Alignment
The detected landmark positions can be impacted by large head pose
variations caused by head motions, facing directions, and camera
angles and positions. To eliminate the impact of these irrelevant
factors, we attempt to obtain a canonical alignment of the face
based on a�ne transformations including translation, rotation, and
scaling. Speci�cally, given the coordinate of the8C� facial landmark
¹G8•~8º, the transformed landmark¹Ĝ8•~̂8º can be obtained by:
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• (1)

whereRis the a�ne matrix. To deriveR, we �x the positions of three
aligned landmarks (i.e., the left canthus¹Ĝ1•~̂1º, the right canthus
¹Ĝ3•~̂3º, and the tip of the nose¹Ĝ2•~̂2º) which are supposed to be
static in the aligned coordinate space, as shown in Figure 6. To be
more speci�c, given the video frame size ofF � F , the coordinates
of two lateral canthus are �xed to¹b3F

10e•bF
3 eºand ¹b7F

10e•bF
3 eº,

respectively. According to ideal facial proportions [22], the tip of
the nose is �xed to¹bF

2 e•b8F
15eº. With the three �xed landmarks'

coordinates and the coordinates before alignment, we can derive all
the unknown entries inRthrough solving a set of six-variable linear
equations. We can then use Equation 1 to align all the remaining
facial landmarks.

4.5 Biosignal-based CNN Network
During the training of the biosignal network, we take the aligned
2D facial landmarks from the vision network as ground truth and
train a 1D CNN network to regress the facial landmarks directly
from four channels of time-series biosignals (i.e., two EMG and
two EOG streams). Other network architectures (e.g., TDNN and
LSTM) may also work, but 1D CNN is more suitable for end-to-end
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(a) Before landmark alignment (b) After landmark alignment

Figure 6: Illustration of facial landmark alignment.

learning of raw time-series data and has relatively lower computa-
tional cost [33]. Speci�cally, given the default sampling rate of the
biosignal5B = 250 Hz and the length of each biosignal frame; = 0.5
s, the input size of the biosignal network is4 � 125. The output of
the network is the 2D coordinates of 53 facial landmarks. As shown
in Figure 4, the network has 4 1D convolutional layers and 2 fully-
connected layers. Each convolutional layer has a kernel length of

b5B
5E

eº, which is the time gap between adjacent frames. Additionally,
the number of �lters is doubled when the network is processed to
the subsequent convolutional layer, which is initially set to 10. Two
max-pooling layers are added to the last two convolutional layers
to obtain a more compressed feature map.

Loss Function. Training our learning model comes down to
minimizing the designed loss functions to decrease the error be-
tween predicted landmark positions and the corresponding ground
truths. As landmark position loss treats each individual landmark
independently, some important but less-active landmarks, such as
pupils compared with lips, may not achieve good attention during
training because all the landmarks share an equal weight. To ad-
dress this issue, we adopt the wing loss function [23], and the loss
for each facial landmark is de�ned as:

!>BB¹G8º =
�

F � ;=¹1 ¸ j G8j•nº• if jG8j Ÿ F
jG8j � �• otherwise.

(2)

where jG8j is the L2 distance between the ground truth and the
reconstructed coordinate for the8C� landmark.F represents the
threshold of the small error, which is set to 20 in our case.n means
the curvature in the small error range, and� = F � F;=¹1 ¸ F •nº
which links the linear part and non-linear part together. This way
the small range errors would obtain more attention when training
a regression network, thereby signi�cantly improving the network
training capability for the small-scale error landmarks.

Optimization. In addition, the network is trained using the
Adam optimizer [32], and the learning rate is set to0”1with a decay
of 0”9 every 10 epochs. The stride and dilation are all set to 1, and
each layer has a dropout rate of 0.3 to avoid over-�tting.

5 CONTINUOUS 3D FACIAL
RECONSTRUCTION

In this section, we mainly introduce the testing phase ofBioFace-3D.
Speci�cally, the well-trained biosignal network takes as input each
pre-processed biosignal frame to reconstruct 2D facial landmarks.
Then, a Kalman �lter and a 3D head model are used to stabilize
landmarks and generate 3D facial animation, respectively.

5.1 Landmark Smoothing via Kalman Filter
We observe that the reconstructed facial landmarks regressed di-
rectly from the biosignal network are inevitably jittery, which
may be caused by the instability of the network as well as the
noises introduced in the biosignal. To guarantee the smoothness
of the reconstructed 2D facial landmarks over time, we adopt a
Kalman �lter [ 47] to stabilize the landmark outputs. Speci�cally,
given a facial landmark in the frameC, we de�ne its state vector
st = »GC•~C• ECG• EC~• 0C

G• 0C
~¼) , whereGC• ECG• 0C

G represents the loca-
tion, velocity, and acceleration of the landmark, respectively, along
Gaxis, while~C• EC~• 0C

~ stands for~ axis. A state-space model describ-
ing this landmark movement thus can be represented asst = Ast� 1,
and the landmark coordinateszt = Hst , where the state transition
matrix A and the observation matrixH can be de�ned as:

A =
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where� C= 1
5E

represents the time interval between two adjacent
frames. Given the known constant variable� Cand the frame size
of 256� 256, based on the relationships between the six variables
in st , the process and measurement noise covariances,Q andR, are
set to:

Q =
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12”5 0

0 12”5
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The process noise covariance is a covariance matrix associated with
the errors in the state vectorBC, where the noise of acceleration
is initialized to 1. This covariance will automatically get updated
to achieve a good state. The values in the measurement noise co-
variance matrix are set to a relatively large value, which ensures
that jittery landmarks with larger errors can still be e�ectively
smoothed. The smoothed landmark coordinate in the frameCcan
then be derived asHŝt , whereŝt is the optimal state estimate.

We calculate the average standard deviation of all mouth-related
landmarks as the evaluation metric to validate the e�ectiveness of
the Kalman �lter. Speci�cally, we select 4 minutes of reconstructed
landmarks in which the user repeatedly performs thesurpriseex-
pression. In addition to the Kalman �lter, we also implement a
simple linear interpolation technique, in which the average of each
adjacent frame pair is compensated between them. Speci�cally, the
average standard deviation of all mouth-related landmarks is 8.66
if no smoothing techniques are applied, 8.61 when simple linear
interpolation is utilized, and 7.73 when the Kalman �lter is imple-
mented. The results demonstrate the e�ectiveness of the Kalman
�lter on landmark smoothing.
5.2 3D Avatar Generation
To improve system usability and reduce modeling complexity, we
seek a compact head model that can be easily �tted to data while
preserving enough details to generate expressive facial animations.
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Figure 7: Potential electrode placements.

FLAME 3D Head Model. The FLAME (Faces Learned with
an Articulated Model and Expressions) model [38] is a statisti-
cal 3D head model that uses a learned shape space of identity
variation and articulated jaw, neck, and eyeballs to achieve accu-
rate, expressive, and computationally e�cient 3D face modeling.
The model is based on linear blend skinning and corrective blend-
shapes, and contains5023vertices and4 rotary joints (neck, jaw,
and eyeballs). The modeling process can be viewed as a function:

" ¹ ®V•®\• ®k º : Rj ®Vj� j ®\ j� j ®k j ! R3# , that takes shape®V 2 RjVj, pose
®\ 2 Rj\ j, and expression coe�cients®k 2 Rjk j and return# ver-
tices. The model is composed of a template mesh of a neutral pose,
shape blendshapes, pose blendshapes, and expression blendshapes,
which are used to account for variations caused by identity, pose
deformation, and facial expressions, respectively.

Optimization-based Shape Reconstruction. To generate a
3D head model that re�ects the user's facial movements and expres-
sions, we exploit a 2-stage optimization process to �t the generic
3D head model to the 2D landmarks extracted from biosignals. In
the �rst stage, we conduct camera calibration by optimizing the
parameters for rigid transformation, including scale, rotation, and
translation, to minimize the! 2 distance between the landmarks
and the corresponding 3D head model vertices projected into the
2D space. In the second stage, we optimize the model parameters
(e.g., pose, shape, and expression) by optimizing the! 2 distance
while regularizing the shape coe�cients®V, pose coe�cients ®\ (in-
cluding neck, jaw, and eyeballs), and expression coe�cients®k by
penalizing their! 2 norms. After optimization, we can generate a 3D
head model that recovers the user's facial expressions. We note that
the generated avatar is based on a generic head model that aims
to capture the user's facial movements rather than to reconstruct
user-speci�c facial details (e.g., pores and moles). Potential ways
for further improving the personality of the generated 3D avatar
are discussed in Section 8.

6 SYSTEM IMPLEMENTATION
6.1 Electrode Placements
A traditional bio-electrical sensor channel includes three types of
electrodes:reference electrode, measurement electrode, andground
electrode. To provide a relatively stable reference point and driven
ground, the reference electrode and ground electrode should be
attached to bony areas to keep all the underlying muscular signals
minimized. Thus, we attach these two types of electrodes to the
back of the ears (i.e., mastoid bone) in the design ofBioFace-3D.
Regarding the measurement electrode, from our analysis in terms
of the unobtrusiveness and the capability of sensing, it could be
placed at six locations P1-P6 as illustrated in Figure 7. In particular,
P1 is on the temporalis, proximity to orbicularis oculi; P2 is on the

Table 1: SNR results from the six facial locations in decibels
(dB).

Happy Sad Angry Surprise Fear Disgust Contempt
P1 12.89 4.24 7.00 4.87 7.07 1.98 16.50
P2 8.49 2.95 7.06 7.65 5.23 1.86 8.55
P3 10.18 5.50 7.00 4.87 7.07 1.98 16.50
P4 3.70 1.58 3.19 5.31 2.50 1.27 12.06
P5 6.58 11.97 4.19 3.14 2.60 0.89 16.24
P6 3.82 3.47 3.86 3.13 1.54 0.56 11.18

temporalis and temporal bone, proximity to deeper head; P3 is on
the masseter (on the zygomatic bone); P4 is at the junction of the
mandible and temporal bones with proximity to temporalis and
masseter; P5 is at the junction of risorius, masseter, platysma, on
the mandible bone; and P6 is on the lower side of the masseter,
proximity to risorius and platysma. To �nd the most suitable lo-
cation for the measurement electrode, we perform both SNR and
Principal Component Analysis (PCA) analyses below.

SNR Analysis. We calculate the Signal-to-Noise Ratio (SNR) of
the signals generated by each of the universal facial expressions
using the six measurement electrode locations. To ensure the accept-
able quality of the measured biosignals, the SNR should be greater
than 1.2 db [61]. However, from our experiments we observe that a
value more than 1.6 dB is acceptable to withstand the baseline noise
variations. The results are shown in Table 1. We observe that P4-P6
have a relatively low SNR (< 1.6 dB) for some of the expressions.
For instance,sadhas a low magnitude at P4 because the location is
situated outside the masseter, which has loose connections to the
depressor anguli oris that facilitates the facial gesture.Fearhas low
magnitude at P6 as it is at the lower end of the masseter that has
no connection to the muscles deforming the mouth. Through this
analysis, we found that P1, P2, P3 locations perform well with all
the universal facial expressions.

PCA Analysis. Although SNR is a great indicator for detecting
facial activities, it does not provide su�cient details on the quality
of the signals in distinguishing di�erent facial activities. To analyze
the distinguishability of the captured signals of di�erent facial
movements, we transform the gestural signals from P1, P2 and P3
locations to the frequency domain using Discrete Fourier Transform
(DFT). The DFT signals are then projected into new dimensional
space for feature engineering via Principal Component Analysis
(PCA) separability scores [31]. The overall separability scores at P1,
P2, P3 are 94.25%, 93.53%, 92.27%, respectively. This result a�rms
the fact that each facial movement generates a unique physiological
signature at each of these facial locations. Speci�cally, P1 and P2
are a�ected by an overlap betweenfearandangergestures while P3
is a�ected by an overlap betweensmileandcontemptgestures. P3
can distinguishfearandangerdue to its connections to frontal face
muscles while P1 and P2 can separatesmileandcontemptas they
can capture buccinator and zygomatic major activations in a �ne
grained manner. Due to the intrusive nature of P1, we choose to use
two measurement electrodes at P2 and P3, which can complement
to each other to sense the entire facial activities.

6.2 Prototype
Single Ear-piece Design. From our experiments, the gestural sig-
nals generated on both sides of the face are observed to be very
similar in magnitude, shapes, etc. In particular, there are no sig-
ni�cant changes to the dimensional space and separability scores
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