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Abstract

The collection of eye gaze information provides
a window into many critical aspects of human
cognition, health and behaviour. Additionally,
many neuroscientific studies complement the be-
havioural information gained from eye tracking
with the high temporal resolution and neurophysi-
ological markers provided by electroencephalog-
raphy (EEG). One of the essential eye-tracking
software processing steps is the segmentation of
the continuous data stream into events relevant to
eye-tracking applications, such as saccades, fixa-
tions, and blinks. Here, we introduce DETRtime,
a novel framework for time-series segmentation
that creates ocular event detectors that do not re-
quire additionally recorded eye-tracking modality
and rely solely on EEG data. Our end-to-end deep-
learning-based framework brings recent advances
in Computer Vision to the forefront of the times
series segmentation of EEG data. DETRtime
achieves state-of-the-art performance in ocular
event detection across diverse eye-tracking exper-
iment paradigms. In addition to that, we provide
evidence that our model generalizes well in the
task of EEG sleep stage segmentation.

1. Introduction and Motivation

Eye gaze information is widely used in cognitive neuro-
science and psychology. Moreover, many neuroscientific
studies complement scientific methods such as functional
magnetic resonance imaging (fMRI) and electroencephalog-
raphy (EEG) with eye-tracking technology to identify varia-
tions in attention, arousal, and the participant’s compliance
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with the task demands (Hanke et al., 2019). This way, the
combined EEG and eye-tracking studies can provide an
“ideal neuroscience model” to investigate brain-behaviour
associations (Luna et al., 2008). Nowadays, infrared video-
based eye trackers are the most common approach in sci-
entific studies. Although costs for infrared video-based are
slowly becoming less prohibitive, these devices remain out-
side the range of access for many researchers due to the
added layers of complexity (e.g., operator training, setup
time, synchronization of eye-tracking data with fMRI or
EEG, and analysis of an additional data type) that can be
burdensome (Holmgvist et al., 2011). In addition, once in-
stalled, setup and calibration for each scanning session also
can be time-consuming (Fuhl et al., 2016).

Nonetheless, recent evidence (Kastrati et al., 2021c;a) sug-
gests that gaze position can be computed by using the com-
bination of EEG and deep learning. Our benchmark and a
dataset for estimation of gaze position intending to simulate
a purely EEG-based eye-tracker shows that this task is chal-
lenging to solve with high accuracy.

However, even the segmentation of continuous EEG data
stream into ocular events (i.e. fixations, saccades and
blinks), the prerequisite for an EEG based eye-tracker, can
provide meaningful insights into human behaviour (Toiva-
nen et al., 2015). For instance, blinks can indicate various
human states, including fatigue or drowsiness (Schmidt
et al., 2018). Moreover, the analysis of the gaze activity
recognition allows us to study changes in cognitive work-
load (Buettner, 2013), recognize the context from gaze pat-
tern behaviour (Bulling & Roggen, 2011), and even detect
microsleep episodes in eye movement data while driving a
car (Behrens et al., 2010). Despite these benefits, no deep-
learning based approach that segments the EEG signal into
meaningful ocular events is available in daily research and
clinical practice.

To address this shortcoming, we developed the first neural
network-based segmentation method to identify and differ-
entiate ocular events from continuous EEG data. In this
paper, we introduce DETRtime, a novel time series network
architecture that can be used for the segmentation of events
in a unified manner. The DETRtime is based on the DETR
architecture (Carion et al., 2020b) that was initially pro-
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posed for object detection.

Our time series adaptation maps sequential inputs of arbi-
trary length to sequences of class labels on a freely chosen
temporal scale. We evaluated DETRtime on EEG data con-
sisting of recordings from 4 experimental paradigms and
overall 168 participants. In addition, we provided evidence
on a second task, namely EEG sleep stage segmentation.
For that matter, we ran experiments on the publicly available
Sleep-EDF-153 dataset (Goldberger AL, 2000).

In all cases, we found that DETRtime outperforms current
state-of-the-art deep learning models on both the ocular
event and sleep stage segmentation.

To conclude, our main contributions are:

* A novel, purely EEG-based segmentation technique
for eye-tracking applications.

e An adaption of the Detection Transformer (DETR)
architecture (Carion et al., 2020b), introducing instance
segmentation to the analysis of EEG data and providing
a performant alternative to the current state-of-the-art
which implements (often convolution-based) semantic
segmentation (Thoma, 2016).

A collection of two novel ocular event datasets (Movie
Watching and Large Grid paradigm) containing 139k
fixations, 139k saccades and 14k blinks, with concur-
rently recorded EEG and infrared video-based eye-
tracking serving as ground truth.

2. Related Work

The ocular events’ detection is an active research topic with
applications in human behaviour analysis (Mele & Fed-
erici, 2012), activity recognition (Bulling & Roggen, 2011),
human-computer interaction and usability research (Jacob
& Karn, 2003), to mention a few.

The most standard and exploited segmentation techniques
rely on infrared video-based systems. Modern eye-tracker
companies use proprietary solutions to enable fast and reli-
able data segmentation (Engbert & Kliegl, 2003; Nystrom &
Holmgqvist, 2010). These approaches utilize adaptive thresh-
olds freeing researchers from setting different thresholds per
trial when the noise level varies between trials. Another no-
table example of the segmentation framework was provided
by (Zemblys et al., 2018). This deep learning-based solution
detects eye movements from eye-tracking data and does not
require hand-crafted signal features or signal thresholding.
However, in many experimental settings, a camera setup
for eye tracking is not available, and thus this approach be-
comes impossible.

Another technique of measuring eye movements is Elec-
trooculography (EOG), which records changes in electric
potentials that originate from movements of the eye muscles
(Barea et al., 2002). Previous studies have described and

evaluated algorithms for detecting saccade, fixation, and
blink characteristics from EOG signals recorded while driv-
ing a car (Behrens et al., 2010). The proposed algorithm
detects microsleep episodes in eye movement data, showing
the high importance of the tool. Other authors (Bulling et al.,
2009) have successfully evaluated algorithms for detecting
three eye movement types from EOG signal achieving aver-
age precision of 76.1 % and recall of 70.5 % over all classes
and participants. To date, the most successful and compre-
hensive approach to the problem of the EOG segmentation
was proposed by (Pettersson et al., 2013). They classified
temporal eye parameters (saccades, blinks) from EOG data.
The classification sensitivity for horizontal and large sac-
cades was larger than 89% and for vertical saccades larger
than 82%. Another line of research on the subject has been
mostly restricted to blink detection (Kleifges et al., 2017).
Their BLINKER algorithm effectively captures most of the
blinks and calculates common ocular indices. Nonetheless,
to the best of our knowledge, an end-to-end continuous EEG
data stream segmentation framework for eye-tracking ap-
plications is missing. One of the prominent attempts for
EEG data segmentation applied to sleep staging was tar-
geted in (Perslev et al., 2019). The proposed architecture,
U-Time, could learn sleep staging based on various input
channels across healthy and diseased subjects, obtaining a
global F1 score above 0.75. However, the authors did not
address the problem of segmenting the continuous EEG data
stream into ocular events. Nevertheless, they recommended
their network architecture as a universal tool for the seg-
mentation of various psychophysiological datasets (Perslev
etal.,, 2019). Recent improvements in sleep staging research
were obtained by the introduction of SalientSleepNet (Jia
etal., 2021). The proposed fully convolutional network is
based on the U?-Net architecture, originally proposed for
salient object detection in computer vision. SalientSleepNet
shows performance improvements over U-Time on the pub-
licly available Sleep-EDF-39, and Sleep-EDF-153 datasets
(Goldberger AL, 2000). Thus, we apply both U-Time and
SalientSleepNet as part of our baseline efforts.

3. Experimental Setup and Dataset

The experiment took place in a sound-attenuated and dark-
ened room. The participant was seated at a distance of 68cm
from a 24-inch monitor (ASUS ROG, Swift PG248Q), dis-
play dimensions 531299 mm, resolution 800x600 pixels
resulting in a display: 400x298.9 mm, vertical refresh rate
of 100Hz). Participants completed the tasks sitting alone,
while research assistants monitored their progress in the
adjoining room. The study was approved by the local ethics
commission.
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dures, which are used in infrared video- based eye-tracking
approaches. The positions cover all corners of the screen as
well as the center (see Figure 2). Unlike the others, the dot
at the center of the screen appears three times, resulting in
27 trials (displayed dots) per block. To record a larger num-
ber of trials and reduce the predictability of the subsequent
positions in the primary sequence of the stimulus, we used
different pseudo-randomized orderings of the dots presen-
tation, distributed in ve experimental blocks, as shown in
Figure 3. The entire procedure was repeated 6 times during
the measurement, resulting in 810 stimuli presentations per
each participant.

Figure 1.The illustration of the recording setup Visual Symbol Search Visual Symbol Search (VSS)
paradigm is a computerized version of a clinical assess-
ment to measure processing speed (Symbol Search Subtest

3.1. Data Acquisition of the Wechsler Intelligence Scale for Children IV (WISC-
Participants We collected data from 168 healthy adults 1V) (Wechsler & Kodama, 1949)) and the Wechsler Adult
(age range 20-80 years, 92 females) across four experimeimtelligence Scale (WAIS-IIl) (Wechsler, 1955)). Partici-
tal paradigms (see Section 3.2). All participants gave writterpants are shown 15 rows at a time, where each row consists
consent for their participation and the re-use of the data prioof two target symbols, ve search symbols and two addi-
to the start of the experiments. All participants received aional symbols that contain respectively the words “YES”
monetary compensation (the local currency equivalent of 2%nd “NO”. For each row, participants need to indicate by
United States Dollars) per hour of the engagement. clicking with the mouse button on the “YES” or “NO” sym-
bol, whether or not one of the two target symbols appears

Eye_Tracking Acquisition Eye movements were among the ve search SymbO|S (Kastrati et a.l., 2021b) A

recorded with an infrared video-based eye tracker (EyeLiniechematic overview can be found in Figure 2. For detailed

1000 Plus, SR Research) at a sampling rate of 500 Hz an@vent information of the dataset we refer to Appendix G.3.

an instrumental spatial resolution of 0°0The eye-tracker

was calibrated with a 9-point grid at the beginning of .

the session and re-validated before each block of '[rialé\.Iatural Readmg _In orde_r_further explore performa_nce
nder natural viewing conditions, we test our model suite on

Participants were instructed to keep their gaze on a givefi‘| . . )
point until it disappeared. If the average error of all pointst e publicly availablZuCo 2.0dataset (Hollenstein et al.,

(calibration vs. validation) was below’ bf visual angle, 2019).ZuCo 2.0s a dataset containing simultaneous eye-

the positions were accepted. Otherwise, the calibration Wagacking and electroencephalography data collected during
redone until this threshold was reached natural reading. The dataset we use contains gaze and brain

activity data from nine participants reading English lan-

- . ! guage sentences, both in a normal reading paradigm and in
EEG Acquisition  We recorded the high-density EEG data , task-speci ¢ paradigm. In the latter, participants actively

ata sa_mpling rate of 500 Hz with a bandpass of0.1to 10Qearch for a semantic relation type in the given sentences
Hz, using a 128-channel EEG Geodesic Hydrocel systemy o jinguistic annotation task. A schematic overview of
A signal snippet can be seen in Figure 3. Teelectrode the experimental paradigm can be found in Figure 2. For

served as a recording reference. The impedance of eagfyiaiied event information we refer to Appendix G.2.
electrode was checked before recording and was kept be-

low 40k . Additionally, electrode impedance levels were
checked approximately every 30 minutes and reduced iflovie Watching TheMovie Watchingparadigm enables

necessary. the collection of EEG data in a naturalistic viewing set-
ting. Data were obtained during two short and highly en-
3.2. Stimuli & Experimental Design gaging movies scenes ('Despicable Me' [171 seconds clip,

Large Grid We used thd_arge Grid paradigm as pro- MPEG-4 movie, the bedtime ("Three Little Kittens") scene]
posed in (Kastrati et al., 2021a), where participants xateand "Fun Fractals' [163 seconds clip, MPEG-4 movie]). A
on a series of sequentially presented dots, each at one of Zshematic view of the experimental paradigm can be found
unique positions (presentation duration = 1.5-1.8s). Thisn Figure 2. For detailed event information we refer to
experimental paradigm is similar to the calibration proceAppendix G.1.
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Figure 2.Schematic overview of all experimental paradigms used in our evaluation: Movie Watching, Natural Reading, Visual Symbol
Search, and Large Grid.

3.3. Preprocessing and Data Annotation EEG & Eye-Tracking Synchronization In the next step,
Eye-Tracking Preprocessing Existing literature studying the EEG and eye-tracking data were synchronized using
eye movement generally distinguishes between three diffethe EYE-EEG toolbox (Dimigen et al., 2011) to enable
ent ocular events (Toivanen et al., 2015): saccades, xation&,EG analyses time-locked to the onsets of xations and
and blinks. Saccadesre rapid, ballistic eye movements saccades, and subsequently segment the EEG data based on
that instantly change the gaze position. Saccade onsets die eye-tracking measures. The synchronization algorithm
detected using the eye-tracking software default settings: adsst identi ed the “shared” events between eye-tracking and
celeration larger than 8008, a velocity above 3Us, and a  electroencephalography recordings (start end trigger of each
de ection above 0.1 Fixationsare de ned as time periods experimental paradigm). Next, a linear function was tted to
while maintaining of the gaze on a single location (Engbertthe shared event latencies to re ne the start- and end-event
& Kliegl, 2003), andblinksare considered a special case of latency estimation in the eye tracker recording. Finally,
xation, where the pupil diameter is zero. One example ofthe synchronization quality was ensured by comparing the
such labeled data is shown in Figure 3. trigger latencies recorded in the EEG and eye-tracker data.
As a result, all synchronization errors did not exceed 2 ms

Electroencephalography Preprocessing EEG data is of- (i.e., one data point).

ten contaminated by artifacts produced by environmental

factors, e.g., temperature, air humidity, as well as otheft. EEG Segmentation Task & Metric

sources of electromagnetic noise, such as line noise (Kapor each of the four datasets we approached the task of
penman & Luck, 2010) and therefore requires preprocessingegmenting the EEG data into three different ocular events:
in the form of artifact cleaning or artifact correction (Keil xations, saccades and blinks. As illustrated in Figure 3, the
et al., 2014). Our EEG preprocessing included detectingoal of this task was to classify each time point (i.e 2ms) of
and interpolating bad electrodes and Itering the data with athe 128-channel EEG stream of data as a unique event.
0.1 Hz high-pass lIter. With this “minimal” preprocessing

pipeline, the preprocessed data still retains ocular activityData Structure  Since our model operates on samples of
which can be used to infer the ocular events (the signal oérbitrary length (e.g. 500 time steps), we cut xed size
interest in the present study). The detailed preprocessingamples from a participants' continuous data stream. Each
pipeline is described in Appendix F. participant was randomly assigned to either training, vali-
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Dataset #Fixations  #Saccades ~ #Blinks  # Total Events 4.1. Potential Issues and Cha||enges
Fixation Time Saccade Time Blink Time Total Time . . . .
108416 108500 10167 227103 Micro Events In certain experimental paradigms, such as
Large Grid 1522 min 109 min 19 min 1650 min Large Grid, participants tend to correct their gaze before
vss 42383 42375 948 85706 xating on the nal location (e.g. a participant moves the
142 min 52 min 1 min 175 min eye gaze to the consecutively presented dots). This leads to
72251 72236 5301 149788

Natural Reading """ o8 i 1omin 332 min phases of very short saccades and xations. The alternating
20399 20387 3550 64345 and brief pha_ses of xations and ;accades make it hard for
220 min 27 min 7 min 254 min any convolution-based classi cation model to accurately
classify events based on their immediate neighborhood. An
Table 1.Event distribution of all ocular event datasets. We reportadditional restrictive factor is the limited temporal resolution

the number of events and the total event length of all three classegt the infrared video-based ground truth signal (see Section
The event frequency depends strongly depends on the experimentgll)_

paradigm. Detailed information about each dataset can be found’
in Appendix G.

Movies

Ambiguity in the Signal From a signal processing per-
spective, vertical saccades are hard to differentiate from
blinks (Kleifges et al., 2017). This may lead to a higher
number of wrong predictions in the respective classes.

Dataset Imbalance Fixation events last, on average, much
longer than saccades or blinks (see Appendix G for a de-
tailed event analysis of all experimental paradigms). While
xations and saccades are balanced in event occurrence,
each experimental paradigm exhibits a signi cant tempo-
ral imbalance of ocular events through the nature of the
eye gaze itself. To counter this temporal imbalance, we
introducebiased samplingo the training procedure of our
baseline model suite and our DETRtime architecture. This
strategy assigns each data sample a sampling probability
based on the event types. In our case, higher weight is given
to samples containing more saccade or blink events, thus
introducing a bias. The data loader then draws samples
into batches based on this distribution. Therefore, model
parameters get updated more often on samples containing
dation or test set. We assigned 70% of the participants tminorities.

our training data set, and 15 % to validation and test set,

respectively. Details on the number of events in each datasg_ Baselines

are summarized in Table 1. The prepared dataset is public
available and can be found online in an OSF repository

Figure 3.EEG data and the segments with ocular events.

%e run extensive experiments on the proposed task in order
to provide baselines of different complexity for the EEG
segmentation task. As part of our baseline model suite,
Evaluation Metric  Since our dataset is heavily imbal- we compared models based on classical machine learning
anced, we used F1-score as an evaluation metric. This evaligchniques (see Appendix E.2) to established deep neural
ation procedure was also proposed in comparative literaturgetwork architectures. In addition to that, we included re-
such as in (Perslev et al., 2019). Moreover, the F1 score igently proposed models that are tailored explicitly for EEG
often used for semantic segmentation in the computer visioflata (Lawhern et al., 2018; Perslev et al., 2019). Detailed
literature (among other similar metrics such as Intersectiordescriptions of all Deep Learning-based baseline models
over-Union), where segmentation is achieved by classifyean be found in Appendix E.3. The state-of-the-art time
ing single, atomic pixels/time steps (Kirillov et al., 2018). series segmentation models U-Time and SalientSleepnet are
Depending on the setting, a background class can be intréovered in Appendix E.4.

duced. For the purpose of our study, we opted to segment

the complete time series, where each time point (i.e. 2msy. DETRtime

was clgsm ed as either belonging to a blink, a xationora g4 +5_End Object DEtection with TRansformers (DETR)
saccade. (Carion et al., 2020b) was originally proposed for object de-
Yhttps://osf.io/dr6zb/ tection in natural images. We argue that the object detection
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objective as de ned in (Carion et al., 2020b) can be adaptedheseN predictions represent the events that are later used
to predict discrete time-segments, yielding several bene tgo produce the nal segmentation.

over the classical semantic segmentation approach. In ad-

dition, it is relatively straightforward to process predicted6.2. Object Detection as Time Region Prediction

regions to one single segmented time series. We introducgs a single forward pass of the network up to the transformer
the DETRtime framework as a time-series adaptation ofiecoder produces N unordered predictions, one of the main
the the original DETR architecture. The code is publicly challenges during training is de ning a well-suited loss

available?. function to evaluate how well these N predictions detect the
events contained in the ground truth signal. The Hungarian
6.1. Architecture loss proposed in DETR (Carion et al., 2020b) solves this

The architecture of the model is illustrated in Figure 4. Atproblem by matching each predicted object to one ground-

a high level, it consists of a backbone, transformer, andruth object and then minimizing the objective

an embedding layer (for type of event, and the length and

position of the event). In the following section, we explain

each building block of this architecture. where’|, and gjou is the L1 distance between the bound-
aries and the general intersection over the union of the target

Backbone First, a convolutional backbone learns a rep-2nd predicted region, respectively. Combined, both mea-
resentation of the input signal. In the original DETR im-Sures optimize the t between the target bounding box and
plementation, the backbone model isRasnet5anodel e predicted bounding box of the respective objeds.
pretrained on images. For our case, we experimented witt$ the Cross-Entropy loss on the predicted labels of each
several convolutional models: classical CNN, Pyramidall€9!0n, optimizing the class prediction. Unmatched predic-
CNN, InceptionTime, and Xception, all part of our base-tions are expected to predict an additional “no class" dummy
line model suite (see Section 5). The backbone module iglass, added as a slightly penalized class to the classi cation
composed of 6 layers of convolutional models with Skiploss. This object detection objective translates well into
connections between layersand (i + 2)%3 and a nal time series segmentation, as time segments are perfectly

projection layer that maps the input to a shape suitable fofPcalized by their bounding boxes. Thus segmentation is
the transformer. equivalent to nding the bounding boxes.

By restricting our prediction to N discrete regions, we regu-
larize the region prediction to an extent that does not exist

features of the backbone are supplemented with a positionét'l1 I(.:Ia.‘?s'get‘l slt\almantlctsegmentatmg. Nametly, thﬁ pred:jctlon
encoding before being passed into a transformer encod §t'lfmlte V3 I.sr.rtwct)r? :egpnsballw canno .Ieai" y pro ut(_:e
since we must inject some information about the relative oprttacts. Welimit tne class imbalance similar to semantic

absolute position of the sequence embeddings. We use Siﬁggmentatlon-based methods. Furthermore, since classi -

functions for positional encoding as described in (Vaswanlcat'on is only considered on discrete regions, the temporal

etal., 2017) class imbalance encountered in other models is not an issue
v ' when training DETRtime.

= L.t Glou t cE

Positional Embedding As usual for transformers, the

Transformer The transformer consists of an encoder and o
.6.3. Optimization

decoder. The transformer encoder learns a representatlgn traini d d the Ad fimi

of the sequence, which is fed together with the learne h our training procedure, we used the Adam optimizer

queries into the decoder. The transformer decoder theWIth a learning rate = 1e-4. To furt_her co_unter class
processes a small but xed number Nf learnedevent imbalance, we selected -batches_ of size B N 32 on-the y
queries and additionally attends to the encoder output. Theand_usted biased sam.pllngt, ZS !?r:r]?dlé(?ed n %e;_lt_'g? 4.1
output of the decoder produces encoded features for the£@" Instance, we experimented with feeding our Ime

N event queries. Therefore, we obtain an upper bound 0r[nodel an elevated number of samples containing minority

N detectable events in a given sample. For our purposeg\,/ents (saccades and blinks). In our best-performing model

N = 20 is suf cient for almost all EEG data streams with a \>¢¢ Table 3), only samples containing blinks were given an

length of 1 second. The output of the decoder is then use’@creased probability of being chosen by the dataloader.

to predict the properties of each event.
6.4. Inference

The immediate output of the model is not a full segmentation

of a 3-layer perceptron to map the encoded features of th%Ut instead N discrete, possibly overlapping time segments

N event queries to their respective type, position and Iengtljf\.'Ith d|ﬁer§nt class_cqn dences.. we processed.th|s mtq a
segmentation prediction according to the following heuris-

2https://github.com/lu-wo/DETRtime tics:

Event Prediction In order to predict events, we make use
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Figure 4. DETRtime Architecture is composed of a backbone model, a positional embedding followed by a transformer and nally
feed-forward networks that map the hidden features to the events and their length.

« We ignored all segments predicting the dummy class_Mode! | #Parameters _ Size __Inference Time
with the highest con dence. CNN 790K 3.01MB 3.76ms
] ) ) Pyramidal CNN 723K 2.76MB 3.52ms
» Each time step was assigned to the highest con dence EEGNet 35K 0.13MB 1.49ms
class of an event overlapping it. InceptionTime 939K 3.59MB 11.17ms
. . Xception 1277K 4.89MB 8.94ms
 Since predicted segments were allowed to oat freely, | sTm 912K 3.65MB 33.60ms
it was not ensured that each time step was covered by a biLSTM 2098K 8.40MB 67.27ms
prediction. Time steps without a predicted event were CNN-LSTM 30433K  121.80MB 43.74ms
assigned to the majority class. SalientSleepNet  187453K  750.35MB 30.81ms
) o _ ) ) ~ U-Time 67966K 259.27MB 10.69ms
This heuristic can be applied to produce a time series of arbi- DETRtime 7725K 29.49MB 15.42ms

trary temporal resolution. In order to appropriately compare

the above segmentation to classical semantic segmentatidable 2.Complexity and inference time of our model suite. We

models and methods using standard metrics such as the PPovide the number of parameters of each model as well as the

score, we applied the above heuristic to transform the prel® size in Megabyte. Inference was performed on a single GPU

diction constituted of discrete segments into a time series (Nvidia Titan Xp) and is given in milliseconds. We group the

We found that the proposed heuristic performs well anandE|S into established deep learning models (above) as well as
. . L ; sPeciaIized segmentation models (below).

using a separate segmentation pipeline on the transforme

output does not bring any advantages (see Appendix A).

In Table 2, we report the size of each model and its GPU . . :
forming model in this group throughout all datasets was

inference time. Finally, a detailed explanation of all hyperpa- - =
rameters of the DETI%Itime architectl?re and the optin}:iatliaorﬁanqom Forest, achieving average F1 scores betvyeen 0.48
procedure are reported in Appendix C. (Movies) and 0.61 (Lgrge Gr|d_). As can be seen in Table
3, all standard machine learning models struggled to de-
tect saccades and blinks on more naturalistic experimental
7. Results paradigms (Movies, Reading) and on the Visual Symbol
In Table 3, we report the results of our experiments onSearch (VSS) dataset. Fixations were detected fairly well
the four datasets introduced in Section 3. In addition tqkNN achieving 0.94 F1 score on Movies). Finally, blinks
that, we perform experiments in applications other than eyawere detected better on the Large Grid paradigm (Random
tracking, namely the EEG sleep stage segmentation tagkorest and Ridge Classi er achieving a blink F1 score of
(see Appendix B). Our experiments show the generalizatio.82). It is worth mentioning that on all datasets, classical
of our model across different experimental paradigms anenachine learning models outperformed the naive baselines
tasks. (e.g. prior distribution achieving 0.33 vs. Random Forest
achieving 0.48 F1 score on Movies dataset).

Standard Machine Learning Models First, we compared

some of the most widely used classical machine learningpeep Learning Baselines We compared eight deep
models: kNN, Decision Tree, Random Forest and Ridgdearning-based models (CNN, Pyramidal CNN, EEGNet, In-
Classi er. We can observe in Table 3 that the best pereeptionTime, Xception, LSTM, biLSTM and CNN-LSTM)
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Large Grid VSS Reading Movies
Model x sac bk avg| x sac bk avg| x sac bk avg| x sac bk avg |
U.ar. 0.49 0.12 0.02 0.21047 0.24 0.01 0.240.47 023 0.05 0.25 048 0.16 0.05 0.2
Prior 0.92 0.08 0.01 034081 018 001 0330.79 0.18 0.03 0.330.86 0.112 0.03 0.3
Most Freq. 0.96 0.00 0.00 0.320.89 0.00 0.00 0.300.89 0.00 0.00 0.30 093 0.00 0.00 0.3

kNN 0.60 0.38 0.77 058 089 0.23 0.23 045088 032 0.12 044094 0.28 0.18 04
DecisionTree 055 0.39 066 0.520.71 030 0.00 034071 030 0.00 0.340.78 024 0.00 0.3
RandomForest 0.67 0.36 0.82 0.610.88 0.27 0.14 0.43 0.89 0.36 0.00 0.42 093 0.32 0.21 0.4
RidgeClassier 0.67 0.14 0.82 0.540.83 0.20 0.00 0.34 0.77 0.28 0.06 0.37 0.90 0.17 0.21 0.4

CNN 099 0.83 058 0.80097 089 0.29 0.720.88 045 033 055096 070 055 0.7
PyramidalCNN 099 0.83 0.52 0.780.97 086 0.20 0.68 0.87 0.44 031 054096 0.71 058 0.7
EEGNet 099 0.80 055 0.78097 087 053 0.790.89 049 033 05709 065 032 0.6
InceptionTime 099 0.83 053 0.780.97 0.89 0.29 0.72 088 045 031 05509 072 058 0.7
Xception 099 0.84 063 082098 090 045 0.77089 043 045 059096 0.70 0.58 0.7
LSTM 098 071 049 073097 086 0.18 067086 047 029 054094 062 049 0.6
biLSTM 098 0.79 047 0.75 097 086 0.28 0.70 0.87 0.44 0.27 053 096 0.69 057 0.7
CNN-LSTM 099 0.84 052 0.780.97 088 0.24 0.700.87 044 034 05509 0.70 0.56 0.7

U-Time 099 082 088 090090 0.70 0.79 0.79 086 047 0.72 0.69 0.96 0.70 0.62 0.76

SalientSleepNet 0.99 0.81 051 0.y0.97 086 0.24 069 0.85 040 043 056 096 0.62 052 0.7
DETRtime 099 0.87 090092| 086 0.78 0.82 0.86| 0.90 0.55 0.80 0.75| 0.96 0.69 0.63 0.76

Table 3.Results on the ocular event datasets. We report the results of the best hyperparameter con guration found for each model.
Additionally, we report F1 scores of all classes as well as the (macro) average F1 score. The best results of the average F1 score are
displayed in bold. Hyperparameter con gurations as well as training properties can be found in Appendix D. Standard Machine Learning
models (see Appendix E.2) are trained on a a single time step (1, 128) basis.

that are not particularly tailored for segmentation tasksSalientSleepNet, U-Time & DETRtime SalientSleepNet
but classify each time point with one of the ocular eventsand U-Time models were explicitly designed for the segmen-
All deep learning architectures performed signi cantly bet-tation of psychophysiological datasets. As demonstrated
ter than the naive baseline and outperformed all reporteth Table 2, U-Time and DETRtime, outperformed all the
standard machine learning methods. On the Large Gridther models (including SalientSleepNet) by a considerable
paradigm, Xception achieved an average F1 score of 0.8%argin. In addition, SalientSleepNet performs well, achiev-
outperforming all other baselines in its group. Converselying F1 scores signi cantly better than standard machine
on the Visual Symbol Search paradigm, the best performearning algorithms and naive baselines. Nevertheless, on
ing model was EEGNet, speci cally designed to processaverage, it does not outperform other deep learning mod-
EEG data, achieving an average F1 score of 0.79. All deepls. The gap between the two leading models and the other
learning baselines performed signi cantly worse on the Natdeep learning-based models is the largest in the Large Grid
ural Reading paradigm, with the best performing Xceptionparadigm. U-Time surpasses the basic CNN architecture by
achieving an average F1 score of 0.59. A similar imaged.12, achieving an average F1 score of 0.90. This result is
is drawn on the Movies dataset, where all deep learningnly reached by DETRtime, achieving an average F1 score
baselines performed similarly well, with Xception and In-of 0.92. On Reading and VSS paradigms, DETRtime out-
ceptionTime achieving average F1 scores of 0.75. Thesperforms the runner-up U-Time by a large margin, namely
results suggest that the Natural Reading paradigm data &75 vs 0.69 average F1 score on the Reading paradigm
harder to segment than Movies. While the Movies paradignand 0.86 vs 0.79 F1 score on the VSS paradigm. On the
is the most naturalistic evaluated paradigm, the Reading tasklovies paradigm, both U-Time and DETRtime achieve an
mainly contains eye movements from left to right. Through-average F1 score of 0.76. Finally, it is worth noting that
out all four datasets, the deep learning baselines achieugth U-Time and DETRtime consistently achieve high F1
very high F1 scores for the xation class. Neverthelessscores on all datasets.

saccades and blinks are harder to detect, which stems from

the amblguo.us natu_re.of thelr signals. ]n addition, bI|nk58_ Discussion

are challenging to distinguish from vertical saccades (se

Section 4.1), resulting in lower F1 scores for both classes.Fn this paper, we introduced DETRtime, a novel time-series

segmentation approach inspired by the recent success of
the DETR architecture (Carion et al., 2020a). Furthermore,
we showed that deep learning models designed initially for
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image segmentation are also well-suited for EEG time-seriesignals to ocular events and segmented them with 2 ms
data. time resolution. This way, we could also nd each ocular

event's onset (beginning) and offset (end). On the other

Here, we decomposed. the c;ontmuous data stream' Into threneand, (Behrens et al., 2010) only focused on detecting sac-
types of ocular events: xations, saccades, and blinks. Ad-

o ; ades with horizontal movement (left vs right) and nding
ditionally, we presented two novel datasets (Large Grid an .
. X : . other parameters of the saccade (such as acceleration). A
Movies paradigms). The former was speci cally designed

to segment EEG data in ocular events, allowing for th closer work, (3u|l|ng & Roggen, 2011) addressed the prob-
eaem of detecting all three ocular events and reported an

model training. In contrast, the Movies paradigm was use L
. L ’ average of 0.761 score for precision and 0.705 for recall. In
to validate the generalization of our approach in real-world g : .
L comparison, our DETRtime achieved an average of 0.936
situations. o
precision score and 0.902 recall score. Nevertheless, these
We performed extensive experiments on our novel and pulyesults are also not directly comparable since (Bulling &
licly available datasets (Visual Symbol Search (KastratiRoggen, 2011) used an EOG dataset consisting of only 8
et al., 2021b) and Reading paradigms (Hollenstein et alparticipants (as opposed to our datasets with in total 168
2019)). Based on the reported results in Table 2, we olparticipants) and a different experimental paradigm while
served that our model outperforms the current state-of-theecording the data. Finally, (Pettersson et al., 2013) focused
art models by a large margin. Finally, we evaluated DETRonly on the saccade detection and did not follow the same
time in the different applications, namely the sleep stagingsetup as ours. It should be emphasized that our EEG seg-
task, initially performed with the U-time (Perslev et al., mentation model outperformed the current state-of-the-art
2019) and SalientSleepNet (Jia et al., 2021) models . Agairsolutions for the sleep staging task, providing a reliable tool
DETRtime outperformed current state of the art solutiondor the time series segmentation.
for the sleep staging task, showing its generalization capa-
bilities. Limitations and Future Work  In this work, we have ob-

Additionally, our extensive experiments demonstrated tha erve.d d|ffe_renf[ signal qualities across part|C|pants: There-
ore, investigating other methods, such as ne-tuning the

other deep learning models (CNNs, RNNs) outperforme ) - .

standard machine learning techniques. We also observ odels on a single part|C|pan.t, Is planned for future work.

that one of the main challenges was differentiating betwee urthermore, althoygh we ach|ev§d avery h'.gh F1 score for
} e xations detection, there is still room for improvement

vertical saccades and blinks because their signal trace is ve detecting the other t | ts. Additionall
similar (Kleifges et al., 2017). Furthermore, our dataset igh detecting the other two ocular events. tionally, our

heavily imbalanced and many samples exclusively Contair(?xperiments revealed that the proposed task is much harder
xations. This resulted in a higher F1 score for xations in naturalistic settings, making the contributed benchmark-

than for saccades and blinks. ing task valuable for the ML community and fostering the
development of new and more suitable methods.

While DETRtime is an adaption of the original model

(DETR), to the best of our knowledge, this is the rsttime

when the deep learning-based methods developed initiall .

for theinstance segmentatidtobject detection, bounding ork cqmplements these research efforts showing that seg-

boxes”) have been applied in EEG data. Instead, all previoug]entat'on of ocular events can also be performed on EEG

approaches adapted models designeddéonantic segmen- ata W't: h'glh a}ccur?]q;.h This orl;_er_ls ﬂ:ﬁ doot:Nto fur':?el_r
tation (most of which are convolution-based)(Perslev et al.reésearch exploring whether comoining these wo moadall-

2019). We believe this to constitute a fundamental differ—tles is bene cial. Even though we provided evidence that

ence in the methods used. Furthermore, we performed abIQ—ETRtIme performs well in other time-series segmentation

tion studies showing that a separate segmentation pipelingSks such as sleep stage segmentation (see Appendix B), it

is unnecessary in EEG data and experimented with severt S0 rem_alns t? ex?etr;]mtegt hO\f[V DETRtlmIe pfzrform? ”]1 tEhEeG

backbones speci cally tailored for EEG data (Lawhern et al., Ime-series datasets that do not necessarly stem out o )

2018). measurements. Nevertheless, the proposed framework is
general, and the same architecture can be used for detecting

different objects in time-series data.

Finally, it is worth mentioning that the eye-tracking com-
unity is mainly focused on camera-based solutions. This

Comparison to related work As described in Section

2, the ocular events' detection is an active research topic
in the applied machine learning community. Nonetheless,

the previous results are not directly comparable to our set-
ting. More precisely, we introduced the EEG segmentation

task and an evaluation metric that uni ed several methods

and problems addressed in related research. We classi ed
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Figure 5.The experimental architecture described in Appendix A consists of a detection module and segmentation module. The detection
module comprises a backbone model, positional embeddings, followed by a transformer and feed-forward networks that map the hidden
features to the events and their length. The segmentation module that produces the segmentation masks for each detected event is
composed of a multihead attention layer and a 3-layer convolutional module.

A. Experiments with Segmentation Pipeline

Instead of using the simple heuristic for predictions, we also tested whether a separate segmentation module would improve
the results. Our model can be easily extended to perform segmentation in a 2-staged fashion, where we train a separate
model on transformer feature maps, box embeddings, and inputs projections. We trained models adapted from the panoptic
segmentation implemented in (Carion et al., 2020b) (see Figure 5) as well as simpler CNN or multi-layer perceptron (MLP)
models on our features. As we can see in Table 4, none of these approaches brought any advantages, showing that the object
detection and a simple heuristic, where we use argmax over overlapping events, is enough for the EEG segmentation task. In
the following section, we explain our 2-stage approach.

Segmentation Module As we can see in Figure 5, the segmentation module takes events features extracted from the
decoder, the hidden features of the encoder and attends to a encoded signal from the backbone. The multi-headed attention
module predicts heatmaps for each of the predicted events, which we further process with 3 convolution layers to produce
the segmentation masks for each event.

Detr Backbone  Flw/o Seg F1 with Seg

Pyramidal CNN 0.875 0.874
InceptionTime 0.918 0.907
Xception 0.873 0.871

Table 4.Segmentation Results.

We optimized the architecture in Figure 5 in two different phases.
Phase 1 In Phase 1, we train the original model using our segmentation objective.

Phase 2 In Phase 2, we freeze the weights of the original model and train the additional segmentation module. The goal is
to map the detected events (type, position, length) and learned feature maps of the transformer to the segmentation mask of
the EEG data and thus classify each time point to a type of event. Here, we have used the Adam optimizer again with a

learning rate = 1e-4. Similar to the baselines in Section E.3, to produce the nal segmentation masks, we used Dice Loss
in Phase 2.

B. Experiments on EEG Sleep Stage Segmentation Task

In order to further evaluate our model's performance, we provide evidence on a thoroughly researched segmentation task,
namely EEG Sleep Stage Segmentation. Sleep staging segments a period of sleep into a sequence of phases providing



