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ABSTRACT:

With the aims of ensuring safety and decreasing maintenance costs, previous studies in bridge inspection research have worked to
elucidate damage indicators and understand their correspondence to structural deficiency. During this process, understanding how
an inspector looks at a structure comprehensively as well as how they localize on damage is vital to examining diagnostic bias
and how it can play a role in the preservation and maintenance process. To understand human perception and assess the human-
infrastructure interaction during the feature extraction process, eye tracking can be useful. Eye tracking data can accurately map
where a human is looking and what they are focusing on based on metrics such as fixation, saccade, pupil dilation, and scan path.
The present research highlights the use of eye tracking metrics for recognizing and inferring human implicit attention and intention
while performing a structural inspection. These metrics will be used to learn the behavior of human eyes and how detection tasks
can change a person’s overall behavior. A preliminary study has been carried out for damage detection to analyze key features that
are important for understanding human-infrastructure interaction during damage assessment. These eye tracking features will lay
the foundation for human intent prediction and how an inspector performs inspection on historic structures for existing types of
damage. In future, the results of this work will be used to train a machine learning agent for autonomous and reactive decision
making.

1. INTRODUCTION

Infrastructure is continuously subjected to the combined ef-
fect of material aging, structural degradation, and environ-
mental loads. To monitor this, on-site inspections are required
by federal law to ensure the safety and longevity of infra-
structure (Gee and Henderson, 2007). Presently, there are
three modalities of inspection that are primarily carried out: 1)
visual inspection by field inspectors, where they walk around a
structure and identify features of concern; 2) pre-programmed
flights for the unmanned aerial vehicle (UAV) to capture im-
ages of the structure for later analysis; 3) remote inspection by
site inspector using remote-controlled UAVs (Dorafshan and
Maguire, 2018). Reactive approaches to architecture inspection
— at their simplest expression, allow the person or machine to
automatically shift when related data require the inspector to
investigate a particular feature or structural weakness initially
unanticipated. Based on the second modality, little chance for
reactive inspection and documentation as the UAV is on a pre-
determined path, limiting the feedback to the remote inspector.
Based on the first and third modalities, which can be reactive,
the inspector’s knowledge is either dependent on their expertise
doing a manual visual inspection or the quality and lag-time of
the UAV’s camera feed going back to the flight controller. To
capture expert knowledge and human-infrastructure interaction,
this work will consider the use of eye-tracking.

Eye-tracking technology is an objective tool that detects dif-
ferences in viewing patterns. The application of eye-tracking
as a means of evaluating human behavior has been established
∗ corresponding author

in many fields. It has been shown that eye tracking enables
us to track and understand human eye movements, and in turn,
this information can provide us with cues about a person’s focal
point and attention. Eye-tracking informs us about implicit hu-
man intent by telling where a person is looking, what caught
their attention for long periods, and how they shift between
different points in a visual scene. The two most crucial eye
movements for this type of research are fixations and saccades,
which tell researchers about human attention to a visible loca-
tion (Borys and Plechawska-Wójcik, 2017).

Fixations are when eyes essentially stop scanning about the
scene, holding the central foveal vision in place so that the
visual system can take in detailed information about what is
being observed. Saccades are rapid, ballistic movements of
the eyes from one point of interest to another. Human per-
ception is guided by alternating sequences of fixations and
saccades (Purves et al., 2001). Due to the fast eye move-
ment during a saccade, the image on the retina is poor qual-
ity; thus, information intake happens mainly during the fixation
period. Both these elements are beneficial for uncovering pat-
terns and understanding eye movements in natural tasks to see
how people coordinate actions in real life. This, in turn, reveals
cognitive/perceptual processes and limitations.

For example, when a human inspector scans a structure for
damage, they look at the structure dynamically to identify po-
tential defects. While this is occurring, the inspectors are not
aware of the electrical signals which cause the contractions in
their eye muscles (squinting) and neck (turning) (Palinko et al.,
2016). The human brain actively transmits signals to the sens-
ory system through neurons and compensates for any new in-

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVI-M-1-2021 
28th CIPA Symposium “Great Learning & Digital Emotion”, 28 August–1 September 2021, Beijing, China

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLVI-M-1-2021-653-2021 | © Author(s) 2021. CC BY 4.0 License.

 
653



formation using feedback control and common-sense reason-
ing. While this is something a human can do within a blink
of an eye, engineers must know the metrics that are respons-
ible for sense-making and/or decision-making in order to un-
derstand the process more fully to quantify human biases and/or
control intelligent, automated systems in the future.

In previous work, eye tracking has been used extensively
for psychology (Mele and Federici, 2012), cognitive linguist-
ics (Sagarra and Hanson, 2011) and product design (Eyeware,
2019). Recent developments in the eye tracking industry have
enabled researchers to study efficient and accurate assessment
of human visual attention (Brunyé et al., 2019). Eye move-
ments can help understand a person’s gaze pattern by show-
ing where an individual is looking, the duration, and the pat-
tern in which their attention switches from one location to an-
other. Many studies have been conducted using either screen-
based (Bylinskii et al., 2017); (Peters et al., 2015) or wearable
devices (Hwang et al., 2013) for collecting eye tracking data
and performing analyses for human intent prediction. Several
researchers have explored the use of eye tracking technology
to augment hazard recognition and examine worker activity for
construction sites (Xu et al., 2019); (Jeelani et al., 2019). Fur-
thermore, (Helmert et al., 2017) used eye tracking to analyze
consumer behavior regarding visually suboptimal food items
by altering design and colors to manipulate attention, cognit-
ive process, and purchase decision making.

This paper aims to elucidate correlations between standard eye-
tracking metrics and human-based infrastructure inspection in
consideration of previous work. To do this, a case study was
carried out on the Palmer Museum of Art at Pennsylvania State
University using Tobii eye-tracking technology. Statistical ana-
lysis of the experimental results shows the difference between
the two inspection procedures and how they correspond to dif-
ferent damage. Documenting reactive inspection procedures
will be necessary for future work in understanding cognitive
and diagnostic biases in the human inspection process and cap-
turing expert knowledge to automate specific inspection pro-
cesses

2. EYE TRACKING METRICS

Eye trackers help assess a person’s visual attention and human
intent by analyzing their eye movements. Eye movements in-
clude where a person is looking, how long they are fixated, and
their gaze pattern and come together to define how a person’s
attention switches between different elements. We will briefly
explain some of the most common eye-tracking metrics used
for research based on eye movements and pupillary responses
(Sharafi et al., 2015):

1. Fixations: are periods when the eyes are stationary and
stable. The average fixation time is 200-300 msec.

2. Fixation duration: is the amount of time a person is fix-
ated on a specific point while looking at an object or scene.
Longer fixation duration can show a person’s interest or
lack of understanding about a particular task in an obser-
vation.

3. Fixation count: is the number of times a person looks
back at a specific fixation location.

4. Saccades: are the rapid eye movements that occur
between consecutive fixations. These are voluntary and
can last about 30-50 msec on average. The directional-
ity of saccades is useful in understanding the relationship
between areas of interest (AOI).

5. Visit count: is the number of times a person looks back
to the same fixation point in a specific AOI. The higher
visit count indicates the significance of the AOI that caught
more attention of the person.

6. Visit duration: is the amount of time a person visits a
specific AOI while looking at an object or scene. Longer
visit duration can show a person’s lack of understanding
leading to long and repetitive visits.

7. Scan path: is the summation of fixations and saccades and
represents a person’s eye movement pattern.

8. Pupil gradient: indicates the dilation of pupils; this varies
depending on the person’s focus and lighting conditions. A
change in a person’s interest can be analyzed by pupil size
as it indicates person’s cognitive effort.

In addition to these metrics, several studies discuss how bias
can be induced in measurement and can occur due to various
reasons, regardless of a person’s intent. These biases can signi-
ficantly affect the decision-making of an inspector while enact-
ing engineering judgment. These can include attentional bias,
fixation bias, cognitive bias, and negativity bias. While these
forms of bias will be critical to a comprehensive understanding
of the human-infrastructure interface, they will not be examined
in this work; this will be left to future studies.

3. METHODOLOGY

In this study, we used a screen-based eye-tracking system to
understand the importance of inspector perception during reas-
oning tasks. The overall research workflow is shown in Fig. 1,
which consists of three different phases: 1) Capture: eye track-
ing is used to capture data for documentation; 2) Understand:
eye-tracking metrics will be analyzed to assist in understand-
ing the collected data and latent features in that data set (intent,
bias), 3) Analyze: these collected data can be analyzed to see
how these metrics corresponds to human attention and focus

Figure 1. Overall research workflow of eye tracking
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Figure 2. Experimental setup of Screen-based eye tracker

and get an intuition about implicit intent and bias. To this end,
we will perform an exploratory study on cultural heritage mu-
seums and collect preliminary data to understand human inter-
action within a damaged infrastructure environment.

3.1 Device for measuring eye movement

To measure human eye movement and the pupillary response,
we used the screen-based tracker Pro Nano by Tobii techno-
logy for eye tracking (Tobii Pro, 2014). Tobii Pro Nano (see
Fig. 2) ) is a second-generation screen-based tracker with high
sampling frequency and low latency. The technical specifica-
tions are mentioned in Table 1. Screen-based trackers are signi-
ficant for data collection with high accuracy and precision due
to less head and body motion. In this study, we are trying to
learn about human intent while doing damage detection on a
structure for identifying and quantifying any potential damage.
The traditional metrics for analyzing eye movements are based
on fixation, saccades, and pupil diameter; however, Tobii Pro
Lab (Tobii Pro AB, 2014) software, in addition to these, cal-
culates visits, interval and event metrics on an area of interest
(AOI). Table 2 discusses the metrics that Tobii pro Lab helps
us analyze by providing quantitative measures for performance
evaluation based on eye-gaze data.

4. CASE STUDY ON THE PALMER MUSEUM OF ART

A preliminary case study was conducted for damage assessment
using screen-based eye trackers on Palmer Museum of Art, as
shown in Fig. 3. The University Art Museum was built on Oc-
tober 7, 1972, located on the University Park campus in State
College, Pennsylvania. The building is around 50 years old,
and lack of maintenance led to some damage on the building’s
outer envelope. In this study, we examined the outer envelope

Table 1. Tobii pro nano technical specifications. (Tobii Pro,
2014)

Characteristics Technical specifications

Eye tracking technique Video-based pupil- and corneal
reflection eye tracking with dark and
bright pupil illumination modes

Sampling frequency 60 Hz
Precision 0.10◦ RMS in optimal conditions∗
Accuracy 0.3◦ in optimal conditions∗
Binocular eye tracking Yes
System latency 1 frame (17ms)
Blink recovery time 1 frame (immediate)
Gaze recovery time 250ms

∗ Using built-in filtering

and study each participant’s behavior when they are informed to
do an inspection. Some of the prominent damage are the result
of environmental effects and they have caused such as cracks
in the columns, efflorescence on the masonry, and biological
growth in masonry joints as depicted in Fig. 3. In addition to
these, dark spots (gypsum crust) are also prominent on the brick
facade which could lead to structural deterioration. These dam-
age are essential to diagnose to ensure proper restoration of the
building and preservation.

To capture static eye movements in an indoor environment
while looking at a computer screen, we analyzed multiple eye-
tracking metrics (visit count, fixation, pupil dilation) for the
three different types of damage described above to understand
how an inspector behaves under these conditions. The data
shown to participants was in the form of a video clip (8-minute
duration), which covers sections of Palmer Museum’s outer
building envelope with no pre-processing. The participants
were asked to view the building structure in the way an in-
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Table 2. Different types of quantitative metrics for eye-tracking.

Quantitative measures Definitions

Fixations based metrics
Fixation count The total number of fixations made within the AOIs
Fixation duration The total time for which an individual has fixated the gaze for an AOI
Average fixation duration The average duration of the fixations within each AOI

Visit based metrics
Visit counts The number of visits that are made within the AOI
Visit duration The total time an individual has visit an AOI
Average visit duration The average duration of the visits within each AOI

Eye movement types The type of eye movement classified by the fixation filter for gaze data i.e., fixation,
saccade or unclassified

Pupil diameter The estimated size of the pupils when viewing a stimulus
Mapped gazed point The combined assisted and manually assisted gaze point coordinates
Assisted mapping gaze point score Similarity score of the assisted mapping gaze points
Scan path Spatial arrangement of the sequence of fixations during visualization of the stimuli
Heat map Display heat map of an image where the fixation values are represented as color-coded,

the highest point colored in red (default color) represents high fixation count

Figure 3. Palmer Museum of Art at University Park

spector would look for any potential damage.

For this study, we considered two participants’ data. The par-
ticipants were advanced students in architectural engineering
with prior knowledge about different types of building dam-
age. Participant 1 is a third-year undergraduate male in his
early twenties. This participant has no prior working experience
but general knowledge of diagnostics and damage assessment.
Participant 2 is a first-year Ph.D. male in his mid-twenties.
This participant has prior experience developing convolutional
neural networks to detect cracks in concrete bridge piers auto-
matically. Pro Nano was calibrated using a 9-point calibration
technique in Tobii Pro Lab software to ensure accuracy and pre-
cision without any need for additional pre-processing on the
collected video data which could lead to bias. The participants
were given a prompt to do a building diagnostic and assess the
structure if any damage caught their attention.

5. RESULTS AND ANALYSIS

5.1 Data processing and fixation classification

Since the viewing patterns vary widely among different parti-
cipants and research fields as well as since the characteristics
in the visual scene under observation vary greatly, it becomes
difficult to determine the parameter values to measure that are
optimal for most use case scenarios in eye tracking research.
Tobii pro lab features I-VT (Velocity-Threshold Identification)
fixations, attention, and raw filter (Olsen, 2012) in addition to
custom filter which can be tuned depending on the settings from
the the users to be able to use it in either default or custom set-
tings for fixation classification. When selecting the I-VT filter
parameters, one needs to ensure that the settings are as optimal
according to the specific situations at hand. One of the chal-
lenges in doing visual inspection is that there is a lot of head
and body movement that can affect the data collection. How-
ever, for an indoor experiment, its the opposite–less head and
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(a) Surface stains (b) Crack (c) Biological growth

(d) (e) (f)

(g) (h) (i)

Figure 4. Heatmaps and gaze plots for different sections of building structure; (a-c): Original images; (d-f): Aggregated heatmaps;
(g-i): Aggregated gaze plots—’Yellow’ indicates participant-1 and ’Cyan’ indicates participant-2
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body movement leads to more stable gaze samples which can
yield better results. For those different cases, we must choose
the attention or fixation filter that fits the given experimental
design requirements.

Many different algorithms have been used to identify the eye
movements such as saccades or smooth pursuits (Komogortsev
et al., 2010), and depending on which kind of eye movement
is of interest, the different classification algorithms are more or
less suitable. In this study, we have selected fixation filter as
we are more interested in understanding where a person gaze
is getting fixated and what grabs their focus while assessing a
structure. The I-VT fixation classification algorithm is a ve-
locity based classification algorithm (Salvucci and Goldberg,
2000) based on the velocity of the directional shifts of the eye
measured in visual degrees per second (◦/s). If it is above a
certain threshold for the I-VT filter, it is classified as a saccade
and below it is seen as part of a fixation.

5.2 Experimental results

For this study, the data was collected from the two participants
described above. Fig. 4 shows a comparison of heatmaps and
gaze plots for different parts of the structure. They provide fast,
qualitative information about how each inspector viewed differ-
ent components of the structure. Each heatmap (see Fig. 4(d)-
4(f)) shows the fixations of individual participants and helps in
understanding the overall correlation of their gaze; here, red
indicates long fixation periods, where green represents short
fixation periods. Similarly, the gaze plot (see Fig. 4(g)- 4(i))
indicates the participant’s eye patterns and path while looking
at the structure by moving their eyes from one element to an-
other. The yellow color gaze trail indicates Participant 1 data,
and the cyan color gaze trail indicates Participant 2 data collec-
ted through eye trackers. The numbers in the circles represent
the order of the gaze from one fixation to another. It is observed
that the gaze plot of both participants varies, which could in-
dicate differences in their diagnostic reasoning capabilities and
understanding of the test stimulus while looking for damage.
Participant 1 seems to scan the overall structure with a stable
gaze close to potential damage and defects in a structure, while
Participant 2’s gaze path indicates a thorough and somewhat
less concise assessment. In Fig. 4(g), it can be seen that Parti-
cipant 1 is fixing their eye gaze at white spots of efflorescence
and minor cracks in the column while Participant 2’s gaze indic-
ates some randomness indicating difficulty in finding damage.
Similarly, Fig. 4(h) indicates both participants got their atten-
tion fixed at the black spots (gypsum crusts and other surface
staining) and on significant cracks running vertically across the
column. Lastly, Fig. 4(i) indicates a portion of the structure
that contains biological growth (algae) on the brick wall and a
lot of black surface stains. These defects indicate water leak-
age that results in creep and water infiltration into the building
facade. Both participant gaze indicates their fixations on the al-
gae and some minor cracks present on the column supporting
the girder. It is depicted that Participant 2 is thoroughly ob-
serving the structure while Participant 1 gaze points are only
where the defects have occurred.

Further, it can be argued that these results have some bias due
to the quality of the video data collected, and some room is
present for bias due to noise and jitters. While these results in-
dicate both participants’ fixations and gaze directions how they
shifted from one point in time to another, it is necessary to per-
form metric analysis. To better make sense of the data, bias, or

Figure 5. AOI labeling on visual stimuli for damage category

engineering judgment that was occurring, additional analysis
was carried out considering fixations and visits in detail, as de-
scribed in the next section.

5.3 Metric analyses and discussion

For more rigorous analysis, one pair of the structural columns
on the front of the Museum were taken into further considera-
tion. The structural columns, as shown in Fig. 5, were marked
into three main regions denoting damage typology: crack, white
surface staining, and black surface staining. The three AOIs
were segmented as potential damage regions for inspection and
the metrics under consideration are eye fixation and number of
visits. Fixation and visit metrics were analyzed in detail corres-
ponding to the marked AOIs for both participants. The analyt-
ical results of fixations count and duration as well as visit count
and duration are shown in Fig. 6 and Fig. 7, respectively.

Considering fixation duration and count (see Fig. 6), Parti-
cipant 1 inspected the structure overall with all the three re-
gions marked as defects. The average fixation duration of parti-
cipant 1 showed greater attention towards the black staining and
slightly less but significant fixation on the cracks in the columns
in comparison to the white staining that occurs at the top sup-
port of the columns. Participant 2 spent more time on the crack
damage and black surface stains with longer fixations and little
to no time on white surface change defects. The time distri-
bution shows an average fixation of 30 sec for crack damage,
6.5 sec for black surface stains due to gypsum crust damage,
and 21.5 sec for white stain damage due to calcium carbonate
leeching out the surface, respectively. Similarly, Fig. 7 shows
visit metrics and visit duration for the two participants. As a
reminder to the reader, the difference in fixation and visitation
is that fixation can be any point in the visual scene while visit
corresponds to annotated AOIs under consideration. It can be
deduced from the results that Participant 1 visited white surface
stains due to calcium carbonate leeching many times for longer
durations; paired with the gaze plot (see 4(h)), which shows
more gaze points at the top and the back-and-forth movement
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Figure 6. Comparison of fixation count Vs. total fixation
duration per AOI

Figure 7. Comparison of visit count Vs. total visit duration per
AOI

of eyes, this data indicates that the participant was trying to
compare the damage regions. Alternatively, Participant 2 spent
more time on crack damage with an average visit duration of
1.03 sec for each fixation and did not show evidence of com-
parison between AOI.

These results confirm the qualitative plots above and show how
an inspector performs their background biases assessments (i.e.,
someone who has worked explicitly with damage inspection fo-
cused on thorough assessment versus someone who has no prior
work experience struggles to assess the critical damage and fo-
cus on irrelevant data. Thus, the background can alter the fo-
cus of an inspector, which can cause bias during an inspection.
Further investigation into how training and previous experience
affect fixation during an inspection will be vital information to
have for both training new inspectors and training robots in a
way that will minimize bias.

6. CONCLUSION

In this paper, we study and analyze eye-tracking metrics to
identify human-gaze patterns and their correspondence to visual
attention while performing the structural inspection of a cul-
tural heritage building. A pilot study was conducted using a
test structure to understand how inspectors with diverse back-
grounds perform inspection and analyze their performance us-
ing fixation and visit metrics. From the results and analysis, we
confirm how the performance of an inspector can be biased de-
pending on their prior work knowledge and experience, which
can mislead their focus point. This prior work knowledge
and experience is crucial for engineers as they rely on the in-
spector’s abilities while making an engineering judgment and
perform decision-making. Therefore, understanding how train-
ing and previous knowledge prune inspector abilities and affect
fixation is essential for future trainees and robots in an attempt
to minimize bias.

This pilot study serves as the basis of preliminary data, which
can be further analyzed to build a multi-agent model to train
drones for inspection and diagnostics of structure. It will help
in making the heritage documentation procedure autonomous,
less-intrusive, and accurate to detail. In the future, we will ex-
tend the number of participants and conduct experiments on a

small-scale structure with a trained model for damage detection
to understand human-infrastructure interaction better.
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