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Abstract

With continued advancements in portable eye-tracker technology liberating experimenters from the restraints of artificial
laboratory designs, research can now collect gaze data from real-world, natural navigation. However, the field lacks a robust
method for achieving this, as past approaches relied upon the time-consuming manual annotation of eye-tracking data, while
previous attempts at automation lack the necessary versatility for in-the-wild navigation trials consisting of complex and
dynamic scenes. Here, we propose a system capable of informing researchers of where and what a user’s gaze is focused
upon at any one time. The system achieves this by first running footage recorded on a head-mounted camera through a deep-
learning-based object detection algorithm called Masked Region-based Convolutional Neural Network (Mask R-CNN). The
algorithm’s output is combined with frame-by-frame gaze coordinates measured by an eye-tracking device synchronized with
the head-mounted camera to detect and annotate, without any manual intervention, what a user looked at for each frame of
the provided footage. The effectiveness of the presented methodology was legitimized by a comparison between the system
output and that of manual coders. High levels of agreement between the two validated the system as a preferable data col-
lection technique as it was capable of processing data at a significantly faster rate than its human counterpart. Support for
the system’s practicality was then further demonstrated via a case study exploring the mediatory effects of gaze behaviors
on an environment-driven attentional bias.

Keywords Gaze tracking - Portable eye-tracker - Object detection - Deep learning - Masked region-based convolutional
neural network

Introduction

With visual acuity diminishing in the eye’s periphery, adap-
tive eye movements ensure that the high-resolution fovea
prioritizes visually informative regions of any presented
scene (Findlay & Gilchrist, 2003). As such, one’s ability to
understand the visual world is heavily dependent on these
eye movements sampling a scene and guiding visual atten-
tion towards worthy targets for perception. A vast body of
research is committed to determining how this gaze distribu-
tion occurs during natural navigation and locomotion, as any
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contribution to addressing the issue has significant implica-
tions across disciplines (e.g., Davoudian & Raynham, 2012;
Kretch & Adolph, 2015; Trefzger et al., 2018).

While previous studies investigating gaze behaviors relied
mainly on artificial laboratory designs, recent advances in
minimally intrusive, portable eye-tracking glasses with for-
ward-facing scene cameras have legitimized the option of
collecting data from entirely naturalistic experimental con-
ditions. The benefits of high ecological validity and gen-
eralizability suggest that these mobile alternatives should
be utilized when exploring in-the-wild gaze behaviors. This
proposition is supported by studies reporting behavioral dis-
crepancies between gaze data collected in the lab using static
trackers to that obtained in real-world trials with portable
alternatives (Foulsham et al., 2011; Foulsham & Under-
wood, 2008; Hayhoe et al., 2003; Marius't Hart et al., 2009).

However, the advanced mobility offered by portable
trackers introduces new impediments regarding data anno-
tation and analysis. Without the benefit of predetermined
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visual stimuli appearing in a fixed two-dimensional screen,
and with the added complexity of participants encountering
uncontrolled, spontaneous, and dynamic visual experiences,
identifying which stimuli and regions are gazed upon at each
point of time poses a significant challenge when using port-
able devices. A conventional solution for this relies on a
manual coding approach: a human encoder compares, frame-
by-frame, the eye-tracking data and the corresponding video
image recorded in the scene camera. By comparing these
two sets of information, the human encoder then analyzes
where and on what object the participant's gaze fell during
navigation (Foulsham et al., 2011; Trefzger et al., 2018; Zult
et al., 2019). While thorough, this approach is not scalable
and only applicable to short video footages (up to 30 seconds
in the case of Foulsham et al., 2011) since dealing with large
data sets is unfeasibly time-consuming.

Several solutions have been proposed for automating
annotation, thus reducing workload and maximizing data set
size. For example, Olsen (Olsen, 2012) proposed a system
combining a mobile eye-tracker and infrared markers. These
markers are physically placed in navigation environments
and act as reference points allowing gaze localization. By
placing objects in fixed, preregistered locations with respect
to the markers, their proposed system can estimate which
objects were gazed upon in much the same way as original
screen-based designs (Evans et al., 2012). However, such
methods only work on the premise that markers are deployed
in environments and objects stay in predefined locations at
all times, and therefore their application scope is limited to
highly controlled navigation scenarios.

In addition, studies have proposed systems incorporat-
ing conventional object recognition algorithms (ORAs)
for automatic data annotation (De Beugher et al., 2012;
Toyama et al., 2012). For frame-by-frame images captured
by a scene camera, these systems automatically extract
the region around the gaze location and compare its con-
tents to the images of the preregistered object shapes using
conventional feature-matching algorithms such as scale-
invariant feature transform (SIFT) (Lowe, 1999). This
approach can automatically inform when relevant objects
are gazed upon without requiring designated markers or
prescribed object positions. However, while effective on
an ad hoc basis when exploring gaze behaviors towards
specific preregistered objects such as museum exhibits
(Toyama et al., 2012), these systems lack flexibility as
conventional ORAs are essentially shape-matching algo-
rithms that work only for preregistered objects with fixed
shapes. Since the recognizable objects must exactly match
their pre-specified shapes, these systems cannot handle
object types with inter-object (e.g., cars and buildings) or
intra-object variances (e.g., humans and animals). Notably,
efforts have been made to include variable shapes such as
human faces and bodies (De Beugher et al., 2014) but the

flexibility of such a system is not easily generalizable since
it requires a set of designated ORAs, each tailored for a
specific object type.

Markedly, these limitations are mainly due to (1)
restraints in available computing power and (2) an absence
of sufficiently robust computer vision algorithms for object
detection and recognition. Advancements in computing
power, fueled by developments in accessible graphics pro-
cessing units (GPUs), together with the recent revolution
in deep learning (DL) that has seen the introduction of
increasingly robust and efficient object detection networks,
have provided a means to overcome these bottlenecks.
While recent studies have applied DL-based computer
vision algorithms for psychological experiments includ-
ing, for example, human-to-human interactions (Callemein
et al., 2018), no study, to the best of our knowledge, has
deployed this technology to explore the automation of in-
the-wild gaze data annotation. Indeed, the lack of a gen-
eral-purpose annotation tool for in-the-wild scenarios is
evidenced by the fact that recent papers exploring natural
navigation remain reliant on the manual coding process
outlined earlier in this introduction (Trefzger et al., 2018;
Zult et al., 2019). Therefore, the current study attempts to
fill this gap by proposing a general-purpose data analysis
tool that harnesses the current state-of-the-art in DL net-
works to capably automate the annotation process for gaze
footage recorded in real-world conditions.

The proposed method combines eye-tracking data with
the output of an object detection and instance segmenta-
tion algorithm: the Masked Region-based Convolutional
Neural Network (Mask R-CNN) (He et al., 2017). For
each scene image, the Mask R-CNN automatically rec-
ognizes and labels objects, and outputs the corresponding
“masks” segmenting regions in pixels that are occupied
by each object (see “The masked regional convolutional
neural network™ and Fig. 1). By feeding it the scene video
recorded by a head-mounted camera and combining its
output with frame-by-frame gaze coordinates captured by
the eye-tracking glasses, the proposed system offers accu-
rate frame-by-frame information on what objects in which
locations were gazed upon during navigation.

For the rest of this paper, we describe the technical
details of the proposed framework in “Methods: System
development” and provide results from a performance
evaluation comparing the output of the system to that of
manual coders in “System evaluation”. In “Case study”,
we present an exploratory case study where our system
was integrated into an existing experimental paradigm
investigating the environmental effect on attentional bias.
We will demonstrate how the result of the experiment can
be reinterpreted or reinforced based on the richer informa-
tion and analytical power offered by the proposed system.
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Discussions on limitations and future directions will be
presented in “Conclusion and discussion”.

Methods: System development

As mentioned above, the proposed system integrates two
methods: (1) portable binocular eye-tracking glasses with
a built-in scene camera (Kassner et al., 2014) and (2) Mask
R-CNN: a DL-based video image processing algorithm
capable of automatically recognizing and locating objects
(He et al., 2017). By integrating the output of the two for
each frame of the video recorded by the scene camera,
the system can obtain combined information of location
and the type of object the subject is gazing at without any
manual coding.

Eye-tracking device

We used commercially available portable binocular eye-
tracker glasses with a built-in scene camera (Pupil Core,
Pupil Labs GmbH). During navigation, a scene video
(100° diagonal field of view) was recorded at 30 Hz, and
the position and shape of pupils were tracked at 200 Hz
using two near-infrared eye cameras, with accuracy and
precision of 0.60° and 0.02, respectively. Combining
these, the gaze position in screen coordinates was esti-
mated using a built-in algorithm based on a nine-point
calibration method (see “Case Study Methods” for details)
and automatic drift compensation.

The masked regional convolutional neural network

The Mask R-CNN is the current state-of-the-art DL-based
computer vision algorithm for instance segmentation. Put
simply, Mask R-CNN can recognize objects in a scene, and
with the recognized type and the location of the object, the
network performs instance segmentation, a procedure of
computing a binary mask that outlines the object’s shape
in space (Fig. 1). The framework deploys a traditional con-
volutional neural network, a prevalent DL architecture for
object recognition, and combines this with a “Region-of-
Interest Align” module which permits the computation
of regional information of the recognized objects. The
proposed system imported an open-source Mask R-CNN
developed by Abdulla (2017), which was pre-trained with
the Microsoft Common Objects in Context (MS COCO)
data set (Lin et al., 2014) and able to detect and segment
91 different object types. Importantly, the network is
highly robust and flexible in recognizing objects in the
same category but in different shapes, mainly because such
DL-based object recognition methods are generally based
on massive data sets. For instance, the 91 object categories
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recognizable in our Mask R-CNN network were trained
based on 200,000 labeled images and 1.5 million object
instances, including 250,000 human images, provided by
the MS COCO data set (Lin et al., 2014), which indicates
that the network can deal with huge intra-categorical vari-
abilities. The network was run on an NVIDIA Tesla K80
GPU via Google Colaboratory.

The complete gaze detection system

After calibration (see “Case study methods” for details),
the gaze detection process begins with users navigating a
route while wearing the eye-tracker device. Upon comple-
tion, the video footage obtained by the scene camera is split
into frames, and each frame is registered with accompa-
nying gaze information represented in screen coordinates
(1280-by-720 from the upper-left corner). Video frames
are then fed to the Mask R-CNN for object recognition and
masking. Network output for each frame consists of a set of
mask—label pairs, where the number of pairs corresponds to
the number of objects recognized. Each pair consists of a
mask, 1280-by-720 binary matrix indicating whether each
pixel is occupied by that object or not, and a label specify-
ing object type.

These localization outputs for each object were then
sequentially compared to the captured gaze location repre-
sented in the screen coordinates, abbreviated as “gaze coor-
dinate.” If a gaze coordinate overlaps with a mask, then the
corresponding object was regarded as being gazed upon and
was added to a “gazed upon” list (GU-list). Note that a gaze
point is considered to be on an object when it falls upon its
masked pixel, rather than within its bounding box in order
to ensure precise estimates. As such, the completed GU-list

Fig. 1 Example of object recognition and segmentation using Mask
R-CNN. For each recognized object, the network outputs a bounding
box (a colored box surrounding objects), object type (texts on the top
left corner of the bounding box), and a binary mask (a colored region
overlaying the object) indicating pixels within the bounding box that
are occupied by the object
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would outline which object was being looked at for every
frame of input footage, as illustrated in Fig. 2.

In addition to the object-based detection by Mask R-CNN,
the proposed system is also able to include non-object-based
masking algorithms. As an example, for the case study pre-
sented in “Conclusion and discussion”, which explores the
psychological effect of being in a natural green environment,
our system incorporates a color-based masking algorithm
since the capability of Mask R-CNN is relatively limited
in recognizing various natural features, e.g., grassy areas,
bushes, trees. To achieve this, each frame is first converted
from RGB format to hue-saturation-value (HSV) color space
(Sural et al., 2002) where hue (H) value defines pixel color
mapped from red (0) to purple (360). Based on this, a group
of pixels whose H values are between 121 and 180 was
defined as a “Greenery” mask. As was done for object-based
masks, if gaze overlaps with this mask, a Greenery label was
appended to the GU-list. To ensure that artificial objects,
such as green cars or green clothes, were not unintentionally
labeled as Greenery, this check was only conducted when
no identified object was being gazed at. Importantly, when
deployed during real experiments, lighting conditions will
vary substantially across different input videos. This would
be particularly evident in the case of footage captured during
outside, in-the-wild navigation. As a result, fixed greenery
threshold values would result in significant levels of green-
ery detection errors. To counter this, the system provides an
option whereby users can observe the greenery output (i.e., a
processed image containing the greenery overlay) for a ran-
dom subsample of video frames before processing the entire
video. These sample frames would be initially processed
with default greenery values—the HSV values that define
the color threshold used by the detector to classify areas of
the image as greenery or not. Having observed the output,
users can then fine-tune this value until the greenery detector
is identifying green areas with optimal accuracy.

Together with the GU-list, the system delivers a series
of behavioral parameters, named scene variables, that

summarize objects that appeared and the corresponding
gaze behavior. The first, which we term saliency, presents
the percentage of frames where a gaze fell upon each object.
The second, frequency, concerns the percentage of frames,
out of all frames, where an object appeared during naviga-
tion, irrespective of whether the item was gazed upon by the
participant. For the Greenery feature, these frequency scores
are obtained by taking the average percentage of greenery
pixels, out of the total number of pixels, in each frame. A
final persistency parameter captures temporal information,
reporting the length of fixations when individual objects
were gazed upon. Only persistency upon discernable objects
was computed, while frames with a Background, Other, or
Greenery label were discarded. In addition, to prevent acci-
dental detections, persistency is only computed when the
dwell time of gaze is longer than 200 ms (this corresponds to
six consecutive frames in 30 Hz videos), which is the gener-
ally accepted minimal duration for gaze fixations (Salvucci
& Goldberg, 2000).

Regarding the computation of the persistency, it should
be noted that Mask R-CNN is not capable of object track-
ing, and therefore it does not provide any information on
whether two objects of the same type shown in two adjacent
frames are the same object or not. While the persistency can
be easily computed when the gaze is switching among dif-
ferent objects with different labels, the absence of tracking
makes it challenging to compute the persistency when the
gaze is switching among multiple objects of the same label
(e.g., looking at different people in a crowd). To deal with
this, the proposed system uses the following simple heuris-
tic algorithm determining, in between two adjacent frames,
whether the gaze is fixated on the same object or is moved
to a different object of the same type: A fixation on an object
is deemed to have ended when the gaze coordinates of the
current frame deviated more than 5.2° from that of the previ-
ous. This threshold value of 5.2° is the mean saccade magni-
tude for scene perception measured by Rayner et al. (2007).
As the study was based on a small screen (19-inch screen
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Fig.2 A visualization of the system’s final output that outlines what is looked at for each frame of footage
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located 60 centimeters away), the mean magnitude reported
in their study was used as the minimum saccade magnitude
in our system. The accuracy of this heuristic algorithm,
compared to human coders, will be analyzed in “Evalua-
tion results”, and its limitations and future solutions will be
discussed in “Limitations and future work”.

To enable the visualization of the above processes, the
system wrote all frames to a final video at the same frame
rate as the input video (30 fps). This contained the out-
put of the Mask R-CNN (complete with bounding boxes,
binary masks, and corresponding object labels), as well as
the computed greenery mask. The system also overlaid a
circle representing gaze location and a label at the top of the
screen that depicted what was currently being gazed upon
(Fig. 3). When the gaze fell upon neither a recognizable
item nor a greenery area, the corresponding label was set
to Background.

System evaluation

The performance of the proposed system was evaluated
through comparison with naive human coders. Both human
coders and the proposed system annotated all frames in short
video clips randomly taken from the entire video footage
recorded for the case study to be presented in “Case study”.
Based on the assumption that the annotation statistics of the
recruited human coders are representative of human base-
line performance, the analysis was focused on assessing the
similarities and differences of the automatic annotation of
the proposed system compared to the human performance.

Evaluation methods
Participants

A total of seven participants (three female) were recruited
via volunteer sampling. All were aged between 18 and 28

years and reported having normal or corrected-to-normal
vision. In addition, all participants had at least a low-level
understanding of the software used for manual annotations
(Microsoft Excel). Each participant gave full informed con-
sent to take part in the study. The experiment consisted of a
single online session.

Materials

Frames were presented to participants via a PDF file con-
taining still images of all frames within a given piece of
footage. Each image was overlaid with both the gaze cursor,
shown as a red circular mark, and the corresponding frame
number (Fig. 4). Responses for each frame were contained
within an Excel worksheet that followed a predefined tem-
plate provided by researchers.

Procedure

Participants were divided into two groups (Group 1 with four
coders and Group 2 with three) and each group was asked
to annotate the same three 20-second video clips that are
randomly sampled from the entire set of videos. The order
in which videos were coded was counterbalanced across
participants with the same group. Before commencing the
coding process, each coder first partook in a 15-minute video
call in which a member of the research team briefed them
on the methodology to follow. They were then sent the nec-
essary resources (PDF and Excel files for each of the three
videos) to complete the coding process in their own time.
The instructions presented to participants were as follows:
They were first asked to open the Excel template file and the
PDF document of their first video clip. Participants were
instructed to open files in such a way that both Excel and
PDF files were visible simultaneously.

The provided Excel file contained four columns: “Frame
Index,” “Object Gazed Upon,” “Not sure?” and “New
Item?”. The first column was filled with frame indices from

Fig.3 Screenshots of the system’s output video complete with greenery masks (blue), labeled objects, gaze overlay, and “gazed upon” object

label. An example of video footage can be found in Yeo (2020)
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Fig.4 Example of an image provided to human coders for annotation,
consisting of a video frame, frame number (top center), and gaze cur-
sor overlay (red circle)

1 to the total number of frames of the video clip, and, for
each frame, participants were instructed to fill in the remain-
ing three columns. Within the “Object Gazed Upon” col-
umn, participants were instructed to write down the object
being viewed upon in the given frame; thus, this column
corresponds to the GU-list produced by the proposed sys-
tem. Importantly, while the object labels recognizable by the
proposed system are limited to 91 labels from the training
data set (MS COCO data set), no specific guidelines were
provided which could limit the object categories and specific
names participants could use for annotation. Instead, they
were explicitly asked to assign an appropriate label on their
own judgment, except for an instruction to use Greenery
labels for all greeneries. This is to ensure a more efficient
coding procedure, and to allow a fair assessment of the sys-
tem’s output quality by comparing it with unprocessed out-
puts from human coders.

If participants recognize that the gaze cursor was not
on any discernible object, they were asked to write “Back-
ground.” Within the “Not Sure?” column, participants were
asked to insert 1 (or leave it empty otherwise) when they
find it difficult to tell which object was gazed upon. Finally,
to annotate events where the gaze was switched to a differ-
ent object of the same label, participants were instructed
to insert 1 in the “New Item?” column (or leave it empty
otherwise). This will be later compared with the result of the
heuristic algorithm used by the proposed system to annotate
these events.

Once comfortable with the procedure, participants coded
the first frame, completing all three of the required fields,
before clicking the right arrow key to progress to the next
page of the PDF file displaying the second frame of the foot-
age, and again completing the required fields for the cor-
responding row. Following this procedure, each participant
produced a completed Excel spreadsheet, i.e., the four col-
umns of annotation data for all frames, for each of three
video clips assigned to them. These were then compared
with the output of the proposed system.

Data processing and analysis

Since no constraint was put to the labels the human coders
can use, comparisons across human coders, and between
human coders and the system, require the following manual
preprocessing: Labels that are different but are apparently
referring to the same object type were grouped together.
For example, labels such as “Sign” and “Road Sign” were
merged into the “Sign Post” label. Labels referring to objects
listed in the training data set used the data set’s term, while
the remainder were assigned the most commonly used label
amongst the combined coder output. All cases of preproc-
essed labels and their numbers of occurrence are summa-
rized in “Evaluation results”.

After the preprocessing, the similarity of human annota-
tions was assessed via cross-coder similarity scores com-
puted among the GU-lists produced by human coders on the
same video clip. The cross-coder similarity was evaluated
using Fleiss’ Kappa (Fleiss & Cohen, 1973), a widely used
measure for agreement on categorical ratings of more than
two coders.

After analyzing the cross-coder similarity, the main
analysis was focused on assessing the similarity between
the GU-lists produced by each human coder and that by the
proposed system. The similarity between the two GU-lists
was measured by a weighted average F1-score, a common
metric for evaluating classification performance. The weight
for averaging is determined by each label’s support, i.e., the
actual occurrence of the label in the data set (similar to the
frequency in the proposed system). These weighted averages
were used to adequately evaluate the system’s classification
performance by considering the class imbalance normally
observed in the data set, where Background accounted for
48.44% of all labeled frames and Greenery for 13.64%. For
a fair comparison, care was taken to assess the impact of
limiting labels to those recognizable by the system: For the
human-coded labels that are not included in the set of labels
recognizable by the system, similarity scores before and
after their exclusion were both reported, in which the unrec-
ognizable labels were all relabeled to Other after exclusion.

Evaluation results

First, it was found that all participants annotated with low
uncertainty, as indicated by the overall low occurrence
(4.44%) of the “Not Sure” flag. The outcome of the pre-
processing described in the previous section (“Evaluation
methods”) is presented in Table 1. The first (Table 1) sum-
marizes the labels in human coders’ annotations that are
grouped together by preprocessing. As can be seen in the
list of original labels, the ambiguity among human coders
in using different labels was low and ordinary. Table 1 lists
labels that are not included in the list of labels recognizable
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by the proposed system (and therefore relabeled as “Other”),
with their number of instances in all GU-lists. Compared
to the total number of frames, it was found that all these
instances occupy small portions of the data (4.37%). These
altogether suggest that experimental uncertainties—either by
participant’s inexperience or by ambiguity in the provided
instructions and images—and the corresponding preprocess-
ing procedure had minimal effects on the main results.

After preprocessing, analysis was focused on the cross-
coder similarity using Fleiss’ Kappa. The result shows that
annotations by different participants were highly similar, as
indicated by high cross-coder similarity scores for all videos:
Fleiss’ Kappa averaged across videos was 0.881 with SD =
0.053. This observed strong agreement among human cod-
ers suggests that the effect of cross-coder variability on the
results is limited.

As the main result, comparisons between human coders
and the proposed system are presented in Table 2. Overall
high weighted average F1-scores across all videos and also
low variabilities (as indicated by small SD) across human
coders suggest that there is a strong agreement between the
proposed system and human coders. Frame-by-frame com-
parisons of the output of the proposed system to that of a
single human coder are illustrated in Fig. 5 for four different
video samples.

Among the frames in which outputs from the two coding
methods disagreed, a proportion was due to a gaze falling
upon items not included in the set of objects recognizable
by the system (i.e., object labels not included in the data set
that the system was trained on). This is highlighted by the
higher average F1-scores apparent when the analysis only
considered frames in which the human-reported gaze fell
upon a trained object (0.851 for constrained labels compared
to 0.809 for unconstrained labels). This is most apparent
in video 2, where the system’s inability to recognize two
salient objects (sign post and advertising board) hindered
performance.

Further analysis was focused on evaluating the validity of
the fixation detection algorithm used in the proposed system.
As will be discussed later in “Conclusion and discussion”,
the current algorithm lacks sophistication, relying upon
basic heuristics mostly derived from eye-tracking studies
using head-fixed desktop setups on static objects, and there-
fore could produce errors in our setup using head-mounted
eye-tracking during free navigation in the natural environ-
ment with dynamic objects. A particular concern was on
the threshold value of 5.2° used to recognize whether, com-
pared to the previous frame, the gaze is staying on the same
object or has been shifted to a “different object of the same
label” (DOSL hereafter), and how errors arising from these
heuristics would affect the persistency value. To this end, a
comparison between human coders and the system was done
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for frames where human coders marked “New Item?” and
the frame where the system detected DOSL events.

First, it can be seen that the DOSL event is rare; DOSL
occurred 34 times out of the total 3543 frames processed
by the system. Of these times, the proposed algorithm suc-
cessfully identified the end of fixation 16 times (47.06%).
The remaining 18, termed false-negative fixation termina-
tions, occurred because gaze moved to another instance of
the same object class and deviated less than 5.2° from that
observed in the previous frame. Notably, such errors com-
monly (86%) occurred when these objects were located close
to each other in space (e.g., vehicles parked side-by-side), or,
more rarely (14%), in response to objects being located far
away from the eye-tracking device; in such cases, saccade
size between object fixations was less than the 5.2° thresh-
old. In addition, the algorithm also caused 15 false-positive
fixation termination errors, i.e., the gaze moved beyond the
5.2° threshold while remaining on the same object. This sug-
gests that the suggested heuristic algorithm is only margin-
ally effective in detecting DOSL events.

Even though the accuracy of the proposed algorithm is
found to be insufficient to capture all DOSL events, these
errors had minimal impact on overall persistency scores
due to the rarity of these events. The persistency scores
for three representative labels, i.e., Person, Truck, and
Car, before and after the correction of the errors (both
false-negative and false-positive) for all videos are sum-
marized in Table 3. Therefore, we conclude that, while
future work should explore more sophisticated approaches
(for possible future implementations, see “Conclusion and
discussion”), this simple heuristic was sufficient for such
investigations as that presented in this paper.

As described before, the proposed system determines
whether the object is fixated or not by using a dwell time
threshold of 200 ms. Below that threshold, the gaze is con-
sidered to be momentarily overlapping with the object,
rather than actually fixated on it. Although the 200 ms
threshold was adopted from a well-known study by Salvucci
and Goldberg (2000), it should also be noted that the mini-
mum dwell time for fixation varies significantly between 100
ms or more, depending on the scenario (Lappi, 2016). For
this reason, additional verification was conducted to check
how much the above-obtained scene variables, especially
the saliency, vary depending on the choice of the fixation
time threshold. Figure 6 summarizes the verification result.
The first plot (Fig. 6 top) shows the cumulative distribution
of the frames by different threshold values. Out of a total
of 3543 frames (six videos of 20 seconds each recorded in
30 Hz) used for evaluation, a gaze was on a recognizable
object for 1314 frames. Among those frames, 23.1% (304)
were discarded by the 100 ms threshold, and 41.1% (540)
were discarded by the 200 ms threshold. This indicates
that there is a substantial number of frames (18%) whose
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Table 1 Preprocessing result. (A) The original labels assigned by
human coders, with the number of times they appeared in the coder
output totaled across coders, and the label assigned according to the
most common term used by all coders. Labels in bold font are those

recognizable by the proposed system. (B) The total number of object
labels that did not appear in the recognizable labels of the proposed
system, and therefore were relabeled to “Other”

A)

Original label Total number of instances Assigned label
(out of total 10,629 labeled frames)

Lorry 66 Truck

Motorbike 5 Motorcycle

Van 485 Car

Human 9 Person

a-board 5 Advertising board

advert board 6 Advertising board

Sign 104 Sign post

Road sign 45 Sign post

Pole 21 Lamp post

Lamppost 68 Lamp post

Post 4 Lamp post

- Total occurrences: 818 (7.70%) -

B)

Grouped label Total number of instances Assigned label
(out of total 10,629 labeled frames)

Sign post 150

Bridge 91

Lamp post 48

Bin 54

Bag 18 Other

Advertising board 55

Bollard

Square planter 5

Vegetable stand 17

Curb 17

- Total occurrences: 464 (4.37%) -

Table2 The agreement scores, as measured by weighted average
F1-scores, between human coder and system output. Scores for each
of Groups 1 and 2 are averaged across outputs and human coders,
respectively. Results from the unconstrained condition are presented

in the middle column, and the right column shows scores following
the exclusion of objects not included in the recognizable labels of the
system

Video number

Weighted average F1-scores (unconstrained Weighted average
labels) F1-scores (constrained
labels)

Group 1 (n=4) 0.779 (SD = 0.021)
0.700 (SD = 0.023)
0.884 (SD =0.015)
0.859 (SD = 0.031)
0.850 (SD = 0.044)
0.782 (SD = 0.021)

0.809 (SD = 0.068)

Group 2 (n=3)

[ R B N O R S

Mean

0.827 (SD =0.014)
0.815 (SD =0.012)
0.901 (SD =0.003)
0.860 (SD =0.015)
0.906 (SD =0.018)
0.816 (SD = 0.025)
0.854 (SD = 0.041)

dwell time was between 100 and 200 ms. However, the
second plot (Fig. 6 bottom) suggests that, although there

were expected increases in the number of fixations when
the threshold changes to 100 ms, the overall trend of the
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Fig.5 Left: comparison of the analysis results of the proposed sys-
tem and one naive human coder (selected at random) for four of the
six sampled footages (Samples 1 to 4). Each row represents the type
of object gazed at, where the “out of bound” (OOB) label indicates
the frame where the gaze is out of the measurable region of the eye-
tracker. Semi-transparent grey vertical lines highlight discrepan-
cies between the two coders. The corresponding weighted average

saliency distribution is preserved. This suggests that the
observed saliency scores may not be significantly affected
by the choice of the fixation threshold.

In addition, it should be noted that, although the system
evaluation was conducted by asking the human coders and
the proposed system to annotate every frame of the 30
Hz scene video, the results of annotating the entire scene
videos presented in the case study are based on analysis of
one in every three frames (i.e., 10 Hz) due to limitations in
computing power. This could potentially affect the scene
variables that are reported later in the case study (Fig. 10).
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Fl-score is displayed at the top of each sample. Right: pie charts dis-
playing a breakdown of the percentage of frames in which each fea-
ture was gazed upon, analyzed by our system. For the sake of clar-
ity, any instance of a Truck, Car, Bus, or Motorcycle was reassigned
a Vehicle label for this latter visualization, while rare objects were
given a general label Other

Therefore, additional analysis was conducted on video clips
used for evaluation to check how much the gaze-related
scene variables, i.e., persistency and saliency, are affected
by down-sampling from 30 to 10 Hz. As can be seen from
Fig. 7, it was found that both variables are barely affected
by the down-sampling: the differences in persistency and
saliency were all less than 50 ms and 1.5% respectively.
Based on these results, it was concluded that the effect of
down-sampling on the scene variables of the entire video
footage was not substantial.
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Lastly, as a major advantage of the proposed system, we
also compare the amount of time spent in video processing
for both human coders and the proposed system. The pro-
posed system took an average of 274.16 seconds (4 minutes
and 34 seconds) to annotate each 20-second video clip con-
sisting of around 600 frames. Note that the Mask R-CNN
was run on a free GPU provided by Google Colaboratory,
which can be considered as a baseline performance platform
for running deep neural nets. The processing speed will be
significantly improved when high-performance GPUs are
used. Nevertheless, the processing time was considerably

Table 3 The change in average persistency scores before and after
the correction procedure. Note that persistency is measured according
to the number of consecutive frames in which each object was gazed
upon

Object Persistency score before cor-  Persistency score
rection (frames) after correction
(frames)
Person 8.813 (SD =1.075) 8.250 (SD = 0.829)
Truck 14.14 (SD = 0.532) 14.07 (SD = 0.440)
Car 15.508 (SD = 1.448) 14.016 (SD = 1.110)

faster than those reported for manual coders: On average,
manual coders took 42 minutes to annotate a 20-second
sample. It also should be noted that the time taken by the
human coders would not linearly scale; annotating the entire

Number of Frames

30-minute video with 18,000 frames would be virtually
impossible for human coders.

Case study

To assess the practicality of the proposed system, this case
study focused on how applying our system to an existing
study can lead to an improvement in the quality of the exper-
imental method and the specificity of data analysis, com-
pared to the conventional framework screen-based settings
with no or manual annotation. Note that the purpose of the
case study is purely to show such potential, not to propose
a new scientific finding, which would require a much more
rigorous experimental design with a substantially greater
number of participants.

We applied the proposed system to a recent study by Toth
et al. (2020) on attentional bias induced by prior exposure
to different environments. In their original study, Toth et al.
(2020) suggested that participants being previously exposed
to an urban environment have greater difficulty in inhibiting
the innate attentional shift towards emotional—specifically
fearful—faces, while prior exposure to a natural environ-
ment does not have any effect. They explained that the multi-
tude of distractions apparent in urban environments consume
central cognitive resources, and therefore disrupt top-down
inhibitory control (Pourtois et al., 2013), especially when
inhibiting a stronger attentional shift towards fearful faces
(Horstmann et al., 2006; Pourtois et al., 2004).
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Fig.6 Top: Cumulative distribution of frames that belong to different fixation durations. Red and blue dotted lines indicate the 100 and 200 ms
threshold respectively. Bottom: Number of fixations for object labels when different thresholds for fixation are applied
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Importantly, Toth et al.’s (2020) study was based on the
conventional lab-based experimental paradigm without eye-
tracking and therefore, despite the convincing result, pos-
sesses several drawbacks in their experimental and analysis
methods. First, the experiment required participants to pas-
sively observe a screen depicting a first-person video of a
confederate navigating a route. As shown in previous stud-
ies, such as Kort et al. (2003), the psychological effect of
in vivo versus virtual environmental exposure can be very
different, even when highly immersive virtual reality devices
are used. Therefore, switching to an in vivo environment
would improve ecological validity and would reduce the
probability of a type II error. Secondly, while exposure to a
certain environment involves exposures to many elements
constituting the environment and the behavioral effects
which they induce, such as the number of attention-getting
objects or resultant changes in gaze distributions, the study
limits its investigation to a single factor, i.e., urban or nature.
As with other studies with the conventional paradigm, these
limitations are mainly due to the lack of tools for meas-
urement and automatic analysis, and therefore incorporat-
ing mobile eye-trackers and the object detection and gaze
annotation algorithms proposed by our system is expected
to significantly improve the veridicality and specificity of
the analysis.

For the above reasons, we incorporated the proposed sys-
tem by having participants physically navigate two routes,
one urban and one in nature, while wearing the mobile eye-
tracking device. After initially assessing for the existence
of the city-induced attentional bias towards fearful faces,
we use the system’s output statistics to determine how the
strength of the bias was influenced by gaze behaviors during
navigation under different environments, exploring whether
different types of objects being focused during navigation
impact the strength of the attentional bias.

Case study methods
Experimental design

Six naive participants, aged between 18 and 30, completed
two sessions, navigating one environment (nature or urban)
in each. Due to technical difficulties with the eye-tracking
device resulting in multiple frames of footage without
gaze data readings, one participant’s data was not used
in subsequent data analysis. In each session, participants
were instructed to navigate one of the two environments
via a prescribed route before completing a cognitive task
designed to capture any environment-induced attentional
bias. Routes were 1.25 miles long and took 25 minutes
to complete with walking speed (3 mph) being dictated
by an experimenter who accompanied the participant on
their right-hand side. The urban course took participants
to a city street mixed with driveways and sidewalks, while
the nature route was within a parkland at the center of
the university campus (Fig. 8). Sessions were separated
by 1-week intervals and the order of the environmental
exposures was counterbalanced across participants. Note
that video samples taken from these trials were used for
evaluation in “System evaluation”.

Before trials, participants completed a pre-trial calibra-
tion procedure. While keeping the head stationary, their
gaze followed a target circle held by an experimenter stand-
ing two meters away. The experimenter moved this marker
around while staying within the participant’s visual field
and stopped at nine junctions to allow the eye-tracker’s cali-
bration software to locate the marker and adjust calibration
accordingly. Upon completion, the accuracy of tracking was
ensured by instructing participants to fixate on various phys-
ical targets within the environment while the experimenter
observed the screen to check for accurate gaze tracking.

30 Hz Sampling
I 10 Hz Sampling

Persistency (ms)
N B
o
o
T

Average Persistency and Saliency by Sampling Rates
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Fig.7 Comparison of gaze analysis results using 30 vs. 10 Hz sampling rate. Persistency and saliency of four representative object labels were
computed for six video clips used for evaluation. Top: Average persistency scores. Bottom: Average saliency scores
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Once completed, the laptop was packed into a backpack
held on the participant’s back and the navigation began. The
first five minutes of the trial were not recorded to give par-
ticipants a chance to grow accustomed to the headset, thus
ensuring natural gaze behaviors during the later (recorded)
part of the trial. Once the remaining 20 minutes were com-
plete, the calibration test was repeated to ensure that no
mid-trial slippage had occurred. Notably, on occasion, the
experimenter retested calibration during navigation when
they believed that gaze tracking accuracy may have fallen,
for example in response to significant changes in lighting
conditions or when the device had been jogged. On all occa-
sions, the experimenter judged the calibration accuracy to
be sufficient for navigation to continue.

Immediately following route completion, participants
were seated in front of a computer screen and carried out
a screen-based experiment adopted from Toth et al. (2020).
The experiment was designed to measure the reaction time
(RT) of recognizing the gender of a target facial image on
the previously cued side paired with a distractor facial image
portraying various emotions on the opposite side. For each
trial, participants were first asked to fixate on a central cross
for 400 ms. After that, a cue arrow, pointing either left or
right, was displayed for 100 ms and then changed back to the
fixation cross for another 1000-1500 ms. Up to this point,
participants were instructed to maintain their fixation on the
central markers. After that, images appeared on both sides of
the screen for 75 ms. The image on the side that was previ-
ously cued by the arrow was always a neutral face, but the
distractor image on the opposite side was either a neutral,
happy, or fearful face, or a scrambled image. After that, all
images disappeared except the fixation cross, and the par-
ticipants were instructed to report as quickly as possible via
keypress the gender of the face on the cued side with 1500

ms timeout. The human facial images were selected from the
Karolinska Directed Emotional Faces data set (Lundqvist
et al., 1998) and the experiment was programmed in MAT-
LAB Psychtoolbox 3 (Brainard, 1997; Kleiner et al., 2007;
Pelli, 1997). Figure 9 illustrates the overall experimental
procedure.

The experiment consisted of 12 blocks of 48 trials, and
the response time and accuracy for each trial were recorded
for analysis. Attentional bias is reflected by the degree to
which each type of distractor image (neutral, happy, fearful,
and scrambled) interferes with task performance (reporting
the gender of the target face), with slower RTs indicating
greater interference (Fox et al., 2000; Hansen & Hansen,
1988). To measure bias, average RTs for each of the distrac-
tor types were compared to those of scrambled-face controls.
As previous findings registered a bias towards fearful-face
stimuli following exposure to urban environments, these tri-
als were of particular interest: prolonged response times for
trials with fearful-face distractors would indicate the exist-
ence of an attentional bias fowards fearful stimuli.

Data processing and analysis

First, we compare scene and gaze statistics provided by the
proposed system (i.e., saliency, frequency, and persistency).
For simplicity, the analysis focused only on the three major
features that typified the respective environments: Vehicles,
Greenery, and Persons. Thus, system output was edited to only
include these features; all occurrences of Car, Bus, Motorcy-
cle, or Truck labels within the system’s GU-list were grouped
into a common Vehicle label. All other recognized objects
were given the general Other label. Frames in which no recog-
nizable object was gazed upon were assigned the Background
label, and frames with no associated gaze position (due to

Nature

Fig.8 Screenshots from the urban (top) and nature (bottom) routes
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either intermittent eye-tracker failure or gaze moving beyond
the bounds of the forward-facing camera) were tagged with
an Out Of Bounds (OOB) label.

With this reduced GU-list, the system provides scene
variables for each key feature. Saliency scores first present
the percentage of frames in which gaze fell upon Vehicles,
Persons, and Greenery. Frequencies for Vehicles and Person
features compute the average number of vehicles and peo-
ple appearing in the scene per frame. Note that Greenery
frequency scores take the percentage of greenery pixels per
frame averaged across all frames. Persistency scores then
captured the average fixation length for all features using the
heuristic algorithm outlined in “The complete gaze detec-
tion system”. These scene variables were computed for each
participant and used for comparison between the two envi-
ronments. In addition, since it is reasonable to assume that
the frequency has a major effect on the saliency (i.e., objects
that are more frequent in the environment are gazed at more
often), we introduced an extra variable, adjusted-saliency,
a Bayesian-like measure of saliency favoring objects that
appeared less frequently, defined as saliency divided by fre-
quency. This adjusted-saliency is expected to provide a rough
estimation of which object, regardless of how frequently it
appeared, drew more attention to the participants than others.

After scene and gaze characteristics were analyzed for
nature and urban conditions respectively, they were then
compared to the attentional bias measures, i.e., the reaction
times of the cognitive task. Since the case study involved a
limited number of participants and, more importantly, its
goal is to show how the various analytical capabilities of the
proposed system can provide insights into the exploration
of various effects, the analyses only focused on providing
descriptive statistics capturing overall trends observed in the
data. The analysis was first focused on the main question of

+

=

Fixation: 400 ms

Neutral

the original study by Toth et al. (2020) of whether naviga-
tions in nature versus urban environments had differential
effects on attentional bias. Subsequent analyses were focused
on exploring trends of how the major experimental variable
related to attentional bias, i.e. RTs to fearful-face distractors,
is affected by individual scene variables (frequency, sali-
ency, and persistency) obtained by the system.

Case study results
Scene and gaze characteristics

Figure 10 summarizes the output scene variables. The
frequency computed for Greenery, Person, and Vehicle
(Fig. 10, top-left) indicate that, as expected, participants
encountered greenery objects more frequently in nature
compared to urban environments. Rather unexpectedly, the
frequency for Person class shows that the average number
of people encountered during nature navigation was higher
than that of urban navigation. Possible reasons for this and
its potential impact on the result will be discussed later in
“Conclusion and discussion”.

Persistency analysis (Fig. 10, top-right) showed that aver-
age fixation durations for people (Person label) were similar
for both conditions (mean + SD: 770.2 + 137.8 ms for urban
vs. 826.1 + 286.4 ms for nature), while low frequency for the
Vehicle in the nature condition rendered any corresponding
persistency comparison uninformative.

The result of saliency analysis (Fig. 10, bottom) revealed
expected trends: participants’ gazes were attracted more
often by Vehicle objects during the urban condition (urban:
25.7% vs. nature: 0.34%) whereas they were attracted more
often to Greenery objects during the nature condition
(urban: 1.01% vs. nature: 39.9%). The following analysis on
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Fig.9 Experimental procedure for the cognitive task. Images on the upper-right corner show example stimuli: the target neutral-expression face
(left), happy-face distractor (middle left), fearful-face distractor (middle right), and scrambled distractor (right)
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frequency: greenery per frame (top), the number of people per frame
(middle), and vehicles per frame (bottom) for city and nature trials.
Top right: The persistency when a person (left) or vehicle (right)

adjusted-saliency revealed that people (Person label) were
gazed upon at a higher rate in nature (4.378) compared to the
urban (2.559) environment. Similarly, green objects (Green-
ery label) were also gazed upon at a higher rate in the nature
(1.773) than in the urban (0.135) condition. This suggests that
participants paid greater attention to both people and greenery
objects in nature compared to the urban environment.

Attentional bias analyses

To replicate the main analysis in the Toth et al. (2020) study,
we compared RTs for fearful distractors after exposure to
two different environments. Interestingly, this data does
not seem to demonstrate evidence of the attentional bias
observed in the original study: the mean reaction times for
fearful faces do not seem greater following urban exposure
(mean + SD: 603.9 + 98.7 ms) compared to nature exposure
(599.8 + 100.5 ms). As stated earlier, since the goal of this
case study was solely to test and illustrate the capabilities of
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object was gazed upon. Bottom: A pie chart summarizing the sali-
ency, i.e., the percentage of frames where each feature was gazed at,
averaged across comparison samples for each environment

the proposed system, this case study focused only on specu-
lating trends in the results without attempting quantitative
comparisons, since proper confirmation of the trend may
require a substantially greater number of samples.
Subsequent analyses explored how the scene variables,
namely saliency, frequency, and persistency, are related to
the attentional bias—specifically, the RTs for fearful-face
distractor trials. Figure 11 presents a series of plots that
visualize such relationships. There seems to be a positive
relationship between the frequency of Person labels and RTs
with fearful distractors for the nature condition, although it
needs to be checked with a greater number of participants
whether the relationship is just a coincidence or not. This
could indicate that participants who encountered more peo-
ple while navigating the natural environment were more
distracted by fearful distractors in the follow-up experiment.
Since the frequency of Persons was unexpectedly higher in
the nature versus urban condition, it can be speculated that
the absence of the effect of environmental exposure on the
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Fig. 11 Visualizations of the relationships between RTs for fearful-face distractor trials and each of the three Scene variables. Each data point

represents an individual participant

attentional bias may be explained by this subsequent analy-
sis indicating a sensitivity of RT to the humans. Further
discussion can be found in “Conclusion and discussion”.

Conclusion and discussion

In this paper, we have proposed a novel solution to the
analysis of mobile eye-tracking data. The proposed method
combines gaze behavior measured by mobile eye-tracking
glasses with the output of a recent DL-based object rec-
ognition and segmentation algorithm (Mask R-CNN) and
enables fully automatic annotations of regions and objects
gazed upon during in-the-wild navigation trials.

Conclusion of system evaluation

The proposed method offers several important advantages
over existing solutions. Compared to the conventional
computer vision algorithms adopted by previous studies,
the DL-based algorithm incorporated in our system, Mask
R-CNN, is capable of recognizing objects in a more flexible,
human-like way. This flexible recognition includes recogniz-
ing objects in different types, in the same type but different
shapes, and also with a dynamically variable shape such as
humans and animals. In addition, whereas previous object
detection algorithms only output a bounding box fitting to
the object, potentially including many non-object pixels
when detecting thin or highly concave objects (e.g., traffic
light poles consisting of horizontal and vertical bars), Mask
R-CNN outputs a mask outlining the exact region in the
pixel space occupied by the object. This makes it an ideal
choice for an algorithm for the accurate detection of whether
an object is being gazed upon or not. Finally, the proposed
method also provides freedom to define masks in different
modalities, such as color-based masks (Greenery masks used
in our case study), tailored to specific research questions.
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In order to closely capture the characteristics of objects
appearing in scenes, and that of the subject's gaze behavior,
the proposed system computes three scene variables—fre-
quency, saliency, and persistency—for each label recognized
in the scenes. As exemplified in the case study, this allows
for a more in-depth analysis scrutinizing potential latent
interactions among scenes, gaze, and psychological effects.
Running such analyses manually with human coders would
be intractably time-consuming, especially when analyzing
long and rich-in-objects video footage.

The evaluation of the proposed system focused on assess-
ing the performance of the proposed system compared to
human coders. First, we performed a thorough sanity check
of a range of measures representing the annotation char-
acteristics of human coders and of the proposed system:
the variability among human coders, the commonalities of
labels freely annotated by human coders, and the extent to
which the recognizable labels of the proposed system cover
the labels used by the human coders. As a result of this prior
analysis, we found that the way human coders recognize and
label objects is consistent with each other and also similar
to the recognition ability of the proposed system. Although
there were labels that are not recognizable by the proposed
system, it was concluded that these labels had a minimal
impact on the analysis since they occupy a small fraction
of the data.

In the main analysis, the accuracy of the proposed method
was verified by comparing the output of the proposed system
with that of human coders. The similarity between the list of
labels produced by human coders and the GU-list generated
by the proposed system was measured using a standardized
similarity measure, weighted average F1-scores. As indi-
cated by overall high scores, the result suggested that the
performance of the proposed system is comparable to that
of human coders.

The post hoc analysis was particularly focused on the
detection of DOSL events, of which the detection is done
using a relatively crude heuristic algorithm based on
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eye-in-head movement. First of all, the analysis showed that
the DOSL event occurs rarely, suggesting that the scene vari-
ables acquired from the navigation scenarios of the study,
especially the persistency, are not heavily affected by the
choice of the detection algorithm for DOSL. The compari-
son of DOSL events detected by human coders and those
detected by the proposed system suggests that the perfor-
mance of the heuristic algorithm of detecting the true-pos-
itive event is roughly on par with false positives and false
negatives, indicating that the performance of the heuristic
algorithm is rather limited. However, it is believed that the
algorithm is still worthy of inclusion in the system since it
can effectively prevent extreme false negatives when gaze
highly deviates from one object to another. More fundamen-
tal solutions for DOSL detection that may be considered for
future work will be discussed in “Limitations and future
work”.

To ensure that the outputs of the system, especially the
scene variables, are not significantly affected by the choice
of data processing parameters, additional analyses compared
the results based on the different choices of two parameters:
fixation threshold (100 vs. 200 ms) and sampling rate (10
vs. 30 Hz). The results of both analyses suggest that, while
some differences are observed, either persistency or saliency
score, and their trends over different object labels were not
sensitive to the choice of the processing parameters.

The performance difference between human coders and
the proposed system becomes obvious when comparing
the processing time and the scope of variables that can be
extracted from each scene. This highlights the main advan-
tage of the proposed method that, whereas the capacity of
analysis is bottlenecked by the manual annotation procedure,
our automatic recognition and annotation offers a scalable
solution, both in terms of the feasibility of processing a large
volume of data and also the diversity and specificity of anal-
ysis with a wide range of variables extracted from scenes.

Conclusion of case study

The advantage of the proposed system in real research
scenarios was exemplified by the presented exploratory
case study replicating a previous screen-based experiment
in a real navigation setup using the proposed system. We
focused on a recent study by Toth et al. (2020) investigating
the effect of exposure to a certain environment, urban or
nature, to attentional bias toward threatening stimuli meas-
ured by the delay of RT induced by distraction from fearful
faces. We replaced the video-based sessions used in Toth
et al.’s (2020) study with de facto environmental exposures
by asking participants to physically walk in urban or natu-
ral environments. The result of our analysis indicates that,
unlike Toth et al.’s (2020) result, there is no obvious effect
of exposure to different environments on the amount of

distraction by fearful faces. Instead, further analyses looking
for a relationship between the extracted scene variables and
the RTs suggested that there could be a correlation between
the amount of distraction to fearful faces and the number of
people that participants encountered during their navigation
in the natural environment.

The purpose of the exploratory case study was to exem-
plify the system’s potential, demonstrating how the method
can be integrated into the existing study framework and can
unlock new insights, and therefore we leave further verifica-
tions of the result to future work. However, our result sug-
gests several points that warrant further investigation. First,
an important difference between Toth et al.’s (2020) study
and ours, apart from the video versus real navigation setup,
was that participants encountered people during navigation
in the nature environment in our setup, whereas the “nature”
video used by Toth et al. (2020) did not include any persons
in the view. In fact, since the nature environment chosen
in our study was a park area in the university campus, the
actual number of people encountered during the navigation
was greater than that in the urban environment. Therefore,
the most convincing explanation about the contradicting
results between Toth et al.’s (2020) and our study would be
that the attentional bias is primarily affected by the num-
ber of people encountered. This is also discussed by Toth
et al. (2020), in that exposure to people in close proximity
may have activated brain regions associated with threat-
related attentional bias (Kennedy et al., 2009). The reason
why such an effect was not observed in the urban condition
is not clear; it may indicate a complex interaction between
the cognitive effect and the types and frequencies of objects
seen during navigation (Killgore & Yurgelun-Todd, 2005),
which can only be explored further with a large amount of
data with automatic scene analysis enabled by annotation
systems such as ours.

As exemplified in the case study, the proposed method
opens new possibilities in the field of gaze research by
eliminating the time of manual annotation, which was one
of the main limiting factors on the quantity of data such
studies could handle. We expect that our method will per-
mit so-called “big data” approaches (e.g., Wu et al., 2013)
in gaze research in naturalistic scenarios, aiming to learn
statistical relationships from a large volume of uncontrolled
data, collected over hours and days. This is in sharp contrast
with the conventional lab-based approaches using precisely
controlled stimuli and accurately measured gaze profiles,
but with a cost of highly limited data size. Considering
the intrinsic uncertainty of the “gaze-in-wild” that is often
affected by a host of extraneous variables and anomalous
events, it is likely that the cognitive principles underlying
complex coordination among gaze, environment, and motor
control can be better elucidated by enough statistical power
achieved by big data.

@ Springer
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Limitations and future work

Due to the nature of the data-intensive, machine-learning
approach, the object recognition capability of the proposed
model is mainly constrained by the database used for train-
ing. This contrasts with the traditional framework of feature-
based algorithms, in which the capacity of the system is
mainly constrained by the performance of the incorporated
algorithm in flexibly detecting objects with various shapes
and kinds. As described earlier, the Mask R-CNN used in
this study was trained using the MS COCO data set consist-
ing of images with 91 object labels, which covers objects
generally appearing in everyday scenes including both
indoor and outdoor objects (Lin et al., 2014). This indicates
that the proposed system is generally applicable to every-
day scenarios but may not be sufficient for scenarios that
are either unusual or are very specific, which will therefore
require the inclusion of a specific data set tailored to the
target scenario. For instance, there exist databases specifi-
cally targeted at indoor objects (Bashiri et al., 2018; Damen
et al., 2018; Ismail et al., 2020; Samani et al., 2021), which
contain a wider variety of object types and a greater number
of images for each object. Also, depending on the analysis
scenarios, training can be tailored to specific situations or
specific types of objects using open image databases widely
available at present, such as groceries (Klasson et al., 2019),
documents (Antonacopoulos et al., 2009), or objects in low
lighting conditions (Loh & Chan, 2019). Although incor-
porating such databases for additional training is straight-
forward in the proposed framework, it should also be noted
that only a few such data sets provide instance segmenta-
tion information required for the masking. Depending on the
given annotation scenario, the system can possibly compro-
mise with non-masking object detection networks that only
output bounding boxes (Carion et al., 2020; Redmon et al.,
2016; Ren et al., 2015).

As mentioned earlier, the Mask R-CNN's inability to rec-
ognize whether an instance of an object is the same as the
one detected in the previous frame, i.e., the absence of track-
ing function, works as the main limitation of the system. In
particular, such inability may affect the system’s estimation
of persistency, i.e., the average amount of time each type of
object was gazed upon, since it cannot detect DOSL events.
Based on the comparison with human coders, it was found
that the absence of tracking function only has a small effect
on the persistency computation and, at least for our scenar-
ios, a simple heuristic algorithm incorporated in the system
was sufficient for our scenario in preventing obvious misde-
tections due to DOSL events. However, improvements in the
following directions should be sought through future studies:

First, integration with a head-tracking function to the sys-
tem can be considered to better classify the gaze behavior.
It is important to point out that the proposed system records

@ Springer

“eye-in-head” using a head-mounted scene camera and eye-
tracker. During navigation scenarios, this is different from
the “eye-in-space” that gaze behavioral studies are generally
interested in since the participants can freely make body
and head movements. Due to this inherent discrepancy, it is
generally accepted that eye movement classification meth-
ods used in laboratory-based eye-tracking studies, where
chin rests or bite bars are used to ensure no head move-
ment, could cause ambiguities and misinterpretations when
applied to free navigation scenarios (Lappi, 2016). For this
reason, studies have shown that integrating a head-tracking
function to the head-mounted system helps estimate the
eye-in-space from eye-in-head movement. As a method for
head tracking, conventional motion tracking devices includ-
ing inertial measurement units (Kothari et al., 2020; Lanata
etal., 2015; Larsson et al., 2014; Tomasi et al., 2016) can be
integrated into the existing system. Alternatively, the algo-
rithmic implementation of head movement estimation based
on optic flow (Kinsman et al., 2012) can be also considered
in future works, although such methods will have limita-
tions in robustness and flexibility when processing dynamic
scenes and varying shapes, compared to DL-based methods.
The estimated eye-in-space movement will not only provide
a more normative way to detect fixations without suffering
from situations such as DOSL, but also will inform how the
gaze interacts with the dynamic environment during natural
navigation (Lappi, 2016).

Secondly, additional networks that enable tracking and
other scene understandings can be integrated into the current
Mask R-CNN network. Although relatively primitive, there
have been continued efforts of implementing visual object
tracking in R-CNN architecture (Voigtlaender et al., 2019;
Voigtlaender et al., 2020), or non-object-based tracking
based on image similarities (Steil et al., 2018). Incorporating
such functionalities into the current system will provide a
fundamental solution to spatiotemporally consistent annota-
tion, such as correct detection of DOSL events.

In addition, another interesting direction for future devel-
opment would be to integrate a monocular depth estimation
network (see Ming et al., 2021 for a review). This will enable
depth estimation for every pixel in the scene camera without
requiring any additional sensors. Knowing the depth infor-
mation of objects detected in the scene camera will bring
an important advantage of more geometry-aware processing
of gaze behavior into the analysis, such as the inclusion of
distance or physical size of objects gazed upon.

Among object labels detected by the proposed system, the
greatest portion was Background labels, which means that
the gaze was not on any recognizable object. There are two
possible cases that may have resulted in this labeling: (1) the
gaze was actually on an object but the system was not able to
recognize that object, and (2) the gaze was really not on any
object. Based on the comparison of the system output with
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human coders, it can be confirmed that the occurrence of the
first case is rare. As shown in the result, the performance of
the proposed system in detecting objects in the scene was
on par with that of average human coders, except for a few
objects that are not included as object labels in the training
data set. The second case is related to a rather philosophical
view of defining what “objects” are. For example, one can
premise that a visual scene consists of a seamless connection
of objects, in which case everything, including sky, ground,
and buildings, has to be included as objects. Alternatively,
one can have a narrower view of the concept of an object and
argue that a scene consists of objects sparsely located on a
background defined as a broad term aggregating sky, ground,
buildings, etc. The proposed system takes the latter point of
view, and it can be seen through comparison with human cod-
ers that it is similar to the way humans recognize objects and
the background. If the former view is required in future work,
the system can alternatively implement semantic segmenta-
tion networks (see Asgari Taghanaki et al., 2021 for a review),
which aims to partition a scene into semantic regions.

In addition, it should be noted that the recognition and
annotation can be potentially affected by ambiguities arising
from inherent hierarchies in object categories. For example,
a vehicle contains different objects in its lower hierarchy,
such as tires, windscreen, and side mirrors. Based on the
scope of the annotation task or also the coder’s understand-
ing, there can be variabilities in which object hierarchies
are chosen and recognized. In our scenario, such ambigu-
ity was not noticeable as shown by observed consistencies
across human coders and also between human coders and
the system. In fact, this observed similarity between humans
and the system is rather expected since the data set used for
training was also created by human coders. However, fur-
ther consideration on the choice of training data set would
be required when applying the system to special scenarios
which demand recognition within specific object hierarchies.

As is evident in the presented results, while system output
aligned well with that of human coders, there is also a degree
of disagreement between the two. While additional system
features and improvements in both object detection quality
and fixation detection techniques would address this to a
point, additional future work should explore the potential
for a human-computer collaboration project. In such a case,
the system output would act as preliminary results which
the human can refine and correct. This mirrors similar work
in the field of interactive machine learning, whereby model
predictions generated with greater uncertainty are assessed
and corrected by a human collaborator (Berg et al., 2019).
Promising results in this field may generalize to similar
objectives in eye-tracking research.

During our evaluation, care was taken to check whether
the output of the proposed system was affected by the low

spatiotemporal resolution of the system, especially the lower
sampling frequency used for the entire scene video process-
ing for computational efficiency. However, like all other eye-
tracking studies, it is evident that the accuracy and precision
of the presented system are reliant on the high spatiotem-
poral resolution of the eye-tracking device and the scene
video, especially when processing objects that are far away
and thus have small visual angles. Additionally, processing
videos taken for hours and days, which is the ultimate usage
scenario of the proposed system, would require significantly
higher computational power compared to the one used in the
current study. Therefore, future improvement of the system
includes incorporating systems with higher spatiotemporal
resolution head-mounted eye-tracking systems and higher
computing power for video processing.

Summary

In summary, we have proposed a system for automatic gaze
annotation from eye-tracking data. The accuracy and the
efficiency of the proposed system were validated by com-
parison with manual coders, and the potential of the system
replacing conventional screen-based experiments was exem-
plified by the presented case study. The proposed system is
expected to engender various future studies that combine the
latest results of DL-based computer vision algorithms into
the existing methods of experimental psychology, to enable
a fully automatic and computationally intensive analysis of
human behaviors.

Funding This work was financially supported by Biotechnology and
Biological Sciences Research Council (BB/S003762/1) to S.-H.Y.

Data availability All data, code, and demonstration files can be
accessed on the author’s website: https://github.com/OliDeane/Autom
atic_Gaze_Detection

Declarations

Conflicts of interests The authors have no conflicts of interests to dis-
close.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

@ Springer


https://github.com/OliDeane/Automatic_Gaze_Detection
https://github.com/OliDeane/Automatic_Gaze_Detection
http://creativecommons.org/licenses/by/4.0/

1390

Behavior Research Methods (2023) 55:1372-1391

References

Abdulla, W. (2017). Mask R-CNN for object detection and instance
segmentation on Keras and TensorFlow. Github Repository
https://github.com/matterport/Mask_RCNN

Antonacopoulos, A., Bridson, D., Papadopoulos, C., & Pletschacher,
S. (2009). A realistic dataset for performance evaluation of docu-
ment layout analysis. In 2009 10th International Conference on
Document Analysis and Recognition, 296-300. https://doi.org/10.
1109/ICDAR.2009.271.

Asgari Taghanaki, S., Abhishek, K., Cohen, J. P., Cohen-Adad, J., &
Hamarneh, G. (2021). Deep semantic segmentation of natural and
medical images: A review. Artificial Intelligence Review, 54(1),
137-178. https://doi.org/10.1007/s10462-020-09854-1

Brainard, D. H. (1997). The psychophysics toolbox. Spatial Vision,
10(4), 433-436. https://doi.org/10.1163/156856897x00357

Bashiri, F. S., LaRose, E., Peissig, P., & Tafti, A. P. (2018). Mcin-
door20000: A fully-labeled image dataset to advance indoor
objects detection. Data in Brief, 17, 71-75. https://doi.org/10.
1016/j.dib.2017.12.047

Berg, S., Kutra, D., Kroeger, T., Strachle, C. N., Kausler, B. X.,
Haubold, C., & Kreshuk, A. (2019). Ilastik: Interactive machine
learning for (bio) image analysis. Nature Methods, 16(12), 1226—
1232. https://doi.org/10.1038/s41592-019-0582-9

Carion, N., Massa, F., Synnaeve, G., Usunier, N., Kirillov, A., &
Zagoruyko, S. (2020). End-to-end object detection with trans-
formers. In European conference on computer vision, 213-229.
https://doi.org/10.1007/978-3-030-58452-8_13.

Callemein, T., Van Beeck, K., Brone, G., & Goedemé, T. (2018).
Automated analysis of eye-tracker-based human-human interac-
tion studies. International Conference on Information Science and
Applications, 514, 499-509. https://doi.org/10.1007/978-981-13-
1056-0_50

Damen, D., Doughty, H., Farinella, G. M., Fidler, S., Furnari, A., Kaza-
kos, E., & Wray, M. (2018). Scaling egocentric vision: The epic-
kitchens dataset. In Proceedings of the European Conference on
Computer Vision (ECCV), 720-736.

Davoudian, N., & Raynham, P. (2012). What do pedestrians look at
night? Lighting Research & Technology, 44(4), 438—448. https://
doi.org/10.1177/1477153512437157

De Beugher, S., Ichiche, Y., Brone, G., & Goedemé, T. (2012). Auto-
matic analysis of eye-tracking data using object detection algo-
rithms. Proceedings of the 2012 ACM Conference on Ubiquitous
Computing, 677-680. https://doi.org/10.1145/2370216.2370363

De Beugher, S., Brone, G., & Goedemé, T. (2014). Automatic analysis
of in-the-wild mobile eye-tracking experiments using object, face
and person detection. 2014 International Conference on Computer
Vision Theory and Applications (VISAPP), 1, 625-633.

Evans, K. M., Jacobs, R. A., Tarduno, J. A., & Pelz, J. B. (2012). Col-
lecting and analyzing eye tracking data in outdoor environments.
Journal of Eye Movement Research, 5(2), 6. https://doi.org/10.
16910/jemr.5.2.6

Findlay, J. M., & Gilchrist, I. D. (2003). Active vision: The psychology
of looking and seeing (Vol. 37). Oxford University Press.

Fleiss, J. L., & Cohen, J. (1973). The equivalence of weighted kappa
and the intraclass correlation coefficient as measures of reliability.
Educational and Psychological Measurement, 33(3), 613-619.

Foulsham, T., & Underwood, G. (2008). What can saliency models
predict about eye movements? Spatial and sequential aspects of
fixations during encoding and recognition. Journal of Vision, 8(2),
6-6. https://doi.org/10.1167/8.2.6

Foulsham, T., Walker, E., & Kingstone, A. (2011). The where, what
and when of gaze allocation in the lab and the natural environ-
ment. Vision Research, 51(17), 1920-1931. https://doi.org/10.
1016/j.visres.2011.07.002

@ Springer

Fox, E., Lester, V., Russo, R., Bowles, R. J., Pichler, A., & Dutton, K.
(2000). Facial expressions of emotion: Are angry faces detected
more efficiently? Cognition & Emotion, 14(1), 61-92. https://doi.
org/10.1080/026999300378996

Hansen, C. H., & Hansen, R. D. (1988). Finding the face in the crowd:
An anger superiority effect. Journal of Personality and Social
Psychology, 54(6), 917-924. https://doi.org/10.1037/0022-3514.
54.6.917

Hayhoe, M. M., Shrivastava, A., Mruczek, R., & Pelz, J. B. (2003).
Visual memory and motor planning in a natural task. Journal of
Vision, 3(1), 6-6. https://doi.org/10.1167/3.1.6

He, K., Gkioxari, G., Dollar, P., & Girshick, R. (2017). Mask R-CNN.
Proceedings of the IEEE international conference on computer
vision, 2961-2969. https://doi.org/10.1109/ICCV.2017.322.

Horstmann, G., Borgstedt, K., & Heumann, M. (2006). Flanker effects
with faces may depend on perceptual as well as emotional differ-
ences. Emotion, 6(1), 28-39. https://doi.org/10.1037/1528-3542.6.
1.28

Ismail, A., Ahmad, S. A., Soh, A. C., Hassan, M. K., & Harith, H. H.
(2020). Mynursinghome: A fully-labelled image dataset for indoor
object classification. Data in Brief, 32, 106268. https://doi.org/10.
1016/j.dib.2020.106268

Kassner, M., Patera, W., & Bulling, A. (2014). Pupil. Proceedings of
the 2014 ACM international joint conference on pervasive and
ubiquitous computing: Adjunct publication (pp. 1151-1160).
https://doi.org/10.1145/2638728.2641695.

Kennedy, D. P., Glascher, J., Tyszka, J. M., & Adolphs, R. (2009).
Personal space regulation by the human amygdala. Nature Neu-
roscience, 12(10), 1226-1227. https://doi.org/10.1038/nn.2381

Killgore, W. D., & Yurgelun-Todd, D. A. (2005). Social anxiety pre-
dicts amygdala activation in adolescents viewing fearful faces.
Neuroreport, 16(15), 1671-1675. https://doi.org/10.1097/01.
wnr.0000180143.99267.bd

Kinsman, T., Evans, K., Sweeney, G., Keane, T., & Pelz, J. (2012).
Ego-motion compensation improves fixation detection in wear-
able eye tracking. In Proceedings of the Symposium on Eye
Tracking Research and Applications, 221-224. https://doi.org/
10.1145/2168556.2168599.

Klasson, M., Zhang, C., & Kjellstrom, H. (2019). A hierarchical
grocery store image dataset with visual and semantic labels.
In 2019 IEEE Winter Conference on Applications of Computer
Vision (WACV), 491-500. https://doi.org/10.1109/WACV.2019.
00058.

Kleiner, M., Brainard, D., & Pelli, D. (2007). What's new in Psych-
toolbox-3? Pion Ltd..

Kort, Y. A. D., Ijsselsteijn, W. A., Kooijman, J., & Schuurmans, Y.
(2003). Virtual laboratories: Comparability of real and virtual
environments for environmental psychology. Presence: Teleop-
erators & Virtual Environments, 12(4), 360-373. https://doi.org/
10.1162/105474603322391604

Kothari, R., Yang, Z., Kanan, C., Bailey, R., Pelz, J. B., & Diaz, G.J.
(2020). Gaze-in-wild: A dataset for studying eye and head coor-
dination in everyday activities. Scientific Reports, 10(1), 1-18.
https://doi.org/10.1038/s41598-020-59251-5

Kretch, K. S., & Adolph, K. E. (2015). Active vision in passive locomo-
tion: Real-world free viewing in infants and adults. Developmental
Science, 18(5), 736-750. https://doi.org/10.1111/desc.12251

Lanata, A., Valenza, G., Greco, A., & Scilingo, E. P. (2015). Robust
head mounted wearable eye tracking system for dynamical calibra-
tion. Journal of Eye Movement Research, 8(5). https://doi.org/10.
16910/jemr.8.5.2

Larsson, L., Schwaller, A., Holmqvist, K., Nystrom, M., & Stridh,
M. (2014, September). Compensation of head movements in
mobile eye-tracking data using an inertial measurement unit. In
Proceedings of the 2014 ACM International Joint Conference on


https://github.com/matterport/Mask_RCNN
https://doi.org/10.1109/ICDAR.2009.271
https://doi.org/10.1109/ICDAR.2009.271
https://doi.org/10.1007/s10462-020-09854-1
https://doi.org/10.1163/156856897x00357
https://doi.org/10.1016/j.dib.2017.12.047
https://doi.org/10.1016/j.dib.2017.12.047
https://doi.org/10.1038/s41592-019-0582-9
https://doi.org/10.1007/978-3-030-58452-8_13
https://doi.org/10.1007/978-981-13-1056-0_50
https://doi.org/10.1007/978-981-13-1056-0_50
https://doi.org/10.1177/1477153512437157
https://doi.org/10.1177/1477153512437157
https://doi.org/10.1145/2370216.2370363
https://doi.org/10.16910/jemr.5.2.6
https://doi.org/10.16910/jemr.5.2.6
https://doi.org/10.1167/8.2.6
https://doi.org/10.1016/j.visres.2011.07.002
https://doi.org/10.1016/j.visres.2011.07.002
https://doi.org/10.1080/026999300378996
https://doi.org/10.1080/026999300378996
https://doi.org/10.1037/0022-3514.54.6.917
https://doi.org/10.1037/0022-3514.54.6.917
https://doi.org/10.1167/3.1.6
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1037/1528-3542.6.1.28
https://doi.org/10.1037/1528-3542.6.1.28
https://doi.org/10.1016/j.dib.2020.106268
https://doi.org/10.1016/j.dib.2020.106268
https://doi.org/10.1145/2638728.2641695
https://doi.org/10.1038/nn.2381
https://doi.org/10.1097/01.wnr.0000180143.99267.bd
https://doi.org/10.1097/01.wnr.0000180143.99267.bd
https://doi.org/10.1145/2168556.2168599
https://doi.org/10.1145/2168556.2168599
https://doi.org/10.1109/WACV.2019.00058
https://doi.org/10.1109/WACV.2019.00058
https://doi.org/10.1162/105474603322391604
https://doi.org/10.1162/105474603322391604
https://doi.org/10.1038/s41598-020-59251-5
https://doi.org/10.1111/desc.12251
https://doi.org/10.16910/jemr.8.5.2
https://doi.org/10.16910/jemr.8.5.2

Behavior Research Methods (2023) 55:1372-1391

1391

Pervasive and Ubiquitous Computing, 1161-1167. https://doi.org/
10.1145/2638728.2641693.

Lappi, O. (2016). Eye movements in the wild: Oculomotor control,
gaze behavior & frames of reference. Neuroscience & Biobehav-
ioral Reviews, 69, 49-68. https://doi.org/10.1016/j.neubiorev.
2016.06.006

Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ramanan, D.,
Dollar, P., & Zitnick, C. L. (2014). Microsoft COCO: Common
objects in context. Computer Vision — ECCV, 2014, 8693,740-
8693,755. https://doi.org/10.1007/978-3-319-10602-1_48

Loh, Y. P., & Chan, C. S. (2019). Getting to know low-light images
with the exclusively dark dataset. Computer Vision and Image
Understanding, 178, 30-42. https://doi.org/10.1016/j.cviu.2018.
10.010

Lowe, D. G. (1999). Object recognition from local scale-invariant fea-
tures. Proceedings of the Seventh IEEE International Conference
on Computer Vision, 2, 1150-1157. https://doi.org/10.1109/ICCV.
1999.790410

Lundqvist, D., Flykt, A., & Ohman, A. (1998). The Karolinska
directed emotional faces. CD ROM from Department of Clinical
Neuroscience, Psychology section, Karolinska Institute. ISBN
91-630-7164-9.

Marius't Hart, B., Vockeroth, J., Schumann, F., Bartl, K., Schneider,
E., Koenig, P., & Einhduser, W. (2009). Gaze allocation in natural
stimuli: Comparing free exploration to head-fixed viewing condi-
tions. Visual Cognition, 17(6-7), 1132—-1158. https://doi.org/10.
1080/13506280902812304

Ming, Y., Meng, X., Fan, C., & Yu, H. (2021). Deep learning for
monocular depth estimation: A review. Neurocomputing, 438,
14-33. https://doi.org/10.1016/j.neucom.2020.12.089

Olsen, A. (2012). The Tobii I-VT Fixation Filter: Algorithm descrip-
tion. Copyright © Tobii Technology AB.

Pelli, D. G. (1997). The VideoToolbox software for visual psychophys-
ics: Transforming numbers into movies. Spatial Vision, 10(4),
437-442. https://doi.org/10.1163/156856897X00366

Pourtois, G., Grandjean, D., Sander, D., & Vuilleumier, P. (2004).
Electrophysiological correlates of rapid spatial orienting towards
fearful faces. Cerebral Cortex, 14(6), 619—633. https://doi.org/
10.1093/cercor/bhh023

Pourtois, G., Schettino, A., & Vuilleumier, P. (2013). Brain mecha-
nisms for emotional influences on perception and attention: What
is magic and what is not. Biological Psychology, 92(3), 492-512.
https://doi.org/10.1016/j.biopsycho.2012.02.007

Rayner, K., Li, X., Williams, C. C., Cave, K. R., & Well, A. D. (2007).
Eye movements during information processing tasks: Individual
differences and cultural effects. Vision Research, 47(21), 2714—
2726. https://doi.org/10.1016/j.visres.2007.05.007

Redmon, J., Divvala, S., Girshick, R., & Farhadi, A. (2016). You only
look once: Unified, real-time object detection. In Proceedings of
the IEEE conference on computer vision and pattern recognition.
779-788.

Ren, S., He, K., Girshick, R., & Sun, J. (2015). Faster R-CNN:
Towards real-time object detection with region proposal networks.
Advances in Neural Information Processing Systems, 28.

Salvucci, D. D., & Goldberg, J. H. (2000). Identifying fixations and
saccades in eye-tracking protocols. Proceedings of the 2000 Sym-
posium on Eye Tracking Research & Applications, 71-78. https://
doi.org/10.1145/355017.355028

Samani, E. U., Yang, X., & Banerjee, A. G. (2021). Visual object rec-
ognition in indoor environments using topologically persistent
features. IEEE Robotics and Automation Letters, 6(4), 7509-7516.
https://doi.org/10.1109/LRA.2021.3099460

Steil, J., Huang, M. X., & Bulling, A. (2018). Fixation detection for
head-mounted eye tracking based on visual similarity of gaze tar-
gets. In Proceedings of the 2018 ACM Symposium on Eye Tracking
Research & Applications, 1-9. https://doi.org/10.1145/3204493.
3204538.

Sural, S., Qian, G., & Pramanik, S. (2002). Segmentation and histo-
gram generation using the HSV color space for image retrieval.
Proceedings. International Conference on Image Processing, 2,
589-592. https://doi.org/10.1109/ICIP.2002.1040019

Tomasi, M., Pundlik, S., Bowers, A. R., Peli, E., & Luo, G. (2016).
Mobile gaze tracking system for outdoor walking behavioral stud-
ies. Journal of Vision, 16(3), 27-27. https://doi.org/10.1167/16.3.
27

Toth, E., Mazaheri, A., & Raymond, J. E. (2020). Urban and natural
cintexts differentially module attention bias towards threat. Psy-
chArchives. https://doi.org/10.23668/psycharchives.4396

Toyama, T., Kieninger, T., Shafait, F., & Dengel, A. (2012). Gaze
guided object recognition using a head-mounted eye tracker.
Proceedings of the Symposium on Eye Tracking Research and
Applications, 91-98. https://doi.org/10.1145/2168556.2168570

Trefzger, M., Blascheck, T., Raschke, M., Hausmann, S., & Schlegel,
T. (2018). A visual comparison of gaze behavior from pedestrians
and cyclists. Proceedings of the 2018 ACM Symposium on Eye
Tracking Research & Applications, 1-5. https://doi.org/10.1145/
3204493.3204553

Voigtlaender, P., Krause, M., Osep, A., Luiten, J., Sekar, B. B. G.,
Geiger, A., & Leibe, B. (2019). Mots: Multi-object tracking and
segmentation. In Proceedings of the ieee/cvf conference on com-
puter vision and pattern recognition, 7942-7951.

Voigtlaender, P., Luiten, J., Torr, P. H., & Leibe, B. (2020). Siam
R-CNN: Visual tracking by re-detection. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, 6578—6588.

Wu, X., Zhu, X., Wu, G. Q., & Ding, W. (2013). Data mining with big
data. IEEE Transactions on Knowledge and Data Engineering,
26(1), 97-107. https://doi.org/10.1109/TKDE.2013.109

Yeo, S. H. [Sang-Hoon Yeo]. (2020). Gaze-Tracking with Mask
R-CNN [Video file]. Retrieved from: https://www.youtube.com/
watch?v=VME_wmlIbIcA.

Zult, T., Allsop, J., Timmis, M. A., & Pardhan, S. (2019). The effects
of temporal pressure on obstacle negotiation and gaze behavior in
young adults with simulated vision loss. Scientific Reports, 9(1),
1-13. https://doi.org/10.1038/s41598-019-51926-y

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1145/2638728.2641693
https://doi.org/10.1145/2638728.2641693
https://doi.org/10.1016/j.neubiorev.2016.06.006
https://doi.org/10.1016/j.neubiorev.2016.06.006
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1016/j.cviu.2018.10.010
https://doi.org/10.1016/j.cviu.2018.10.010
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1080/13506280902812304
https://doi.org/10.1080/13506280902812304
https://doi.org/10.1016/j.neucom.2020.12.089
https://doi.org/10.1163/156856897X00366
https://doi.org/10.1093/cercor/bhh023
https://doi.org/10.1093/cercor/bhh023
https://doi.org/10.1016/j.biopsycho.2012.02.007
https://doi.org/10.1016/j.visres.2007.05.007
https://doi.org/10.1145/355017.355028
https://doi.org/10.1145/355017.355028
https://doi.org/10.1109/LRA.2021.3099460
https://doi.org/10.1145/3204493.3204538
https://doi.org/10.1145/3204493.3204538
https://doi.org/10.1109/ICIP.2002.1040019
https://doi.org/10.1167/16.3.27
https://doi.org/10.1167/16.3.27
https://doi.org/10.23668/psycharchives.4396
https://doi.org/10.1145/2168556.2168570
https://doi.org/10.1145/3204493.3204553
https://doi.org/10.1145/3204493.3204553
https://doi.org/10.1109/TKDE.2013.109
https://www.youtube.com/watch?v=VME_wmIbIcA.
https://www.youtube.com/watch?v=VME_wmIbIcA.
https://doi.org/10.1038/s41598-019-51926-y

	Deep-SAGA: a deep-learning-based system for automatic gaze annotation from eye-tracking data
	Abstract
	Introduction
	Methods: System development
	Eye-tracking device
	The masked regional convolutional neural network
	The complete gaze detection system

	System evaluation
	Evaluation methods
	Participants
	Materials
	Procedure
	Data processing and analysis

	Evaluation results

	Case study
	Case study methods
	Experimental design
	Data processing and analysis

	Case study results
	Scene and gaze characteristics
	Attentional bias analyses


	Conclusion and discussion
	Conclusion of system evaluation
	Conclusion of case study
	Limitations and future work
	Summary

	References


