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Abstract

This study explores the convergence of user experience (UX) and machine learning, particularly employing
computer vision techniques to preprocess audiovisual data to detect user interface (UI) elements.
With an emphasis on usability testing, the study introduces a novel approach for recognizing changes in Ul
screens within video recordings. The methodology involves a sequence of steps, including form prototype
creation, laboratory experiments, data analysis, and computer vision tasks. The future aim is to automate
the evaluation of user behavior during UX testing. This innovative approach is relevant to the agricultural
domain, where specialized applications for precision agriculture, subsidy requests, and production reporting
demand streamlined usability. The research introduces a frame extraction algorithm that identifies screen
changes by analyzing pixel differences between consecutive frames. Additionally, the study employs
YOLOV7, an efficient object detection model, to identify Ul elements within the video frames. Results
showcase successful screen change detection with minimal false negatives and acceptable false positives,
showcasing the potential for enhanced automation in UX testing. The study’s implications lie in simplifying
analysis processes, enhancing insights for design decisions, and fostering user-centric advancements
in diverse sectors, including precision agriculture.
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interface (UI) and the participant’s eye movement
(using eye tracking technology) or other data,
including biometric data. Obtaining these types
of data (i.e., audiovisual data) using dedicated UX

Introduction

The agricultural industry exhibits a unique set
of characteristics that sets it apart from other

sectors. In particular, the availability of funding
for research and development is limited compared
to other industries. Consequently, implementing
user  experience (UX) testing  practices
in the agricultural sector must rely heavily
on automated approaches in the future. The limited
financial resources within the industry necessitate
such automation to obtain necessary insights
and data to enhance agricultural practices.

During UX testing, it is now possible through
recording technologies to store audiovisual data
of the participant’s movement within the user

laboratories is the first step in developing machine
learning technologies that could allow UX experts
to process and evaluate the data automatically
and efficiently. The reasoning is that the information
about users’ behavior is stored within these data.
The new technology should automatically detect
this behavior (or deviations from the expected
behavior), thus making the data evaluation process
faster and more efficient.

Although there are many studies on UX evaluation,
few works have addressed the optimization
and automation of this process (Aviz et al., 2019).




Since it is not yet possible to analyze this data
algorithmically, itis necessary to process it manually
(usually by UX experts), which, however, leads
to extreme time and thus financial complexity
of the analysis, especially in the case of many
tested users (Harms, 2019). Experts often find
this repetitive work tedious. Using human
labor to explain and measure UX is inefficient
(Koonsanit and Nishiuchi, 2021). A method based
on Computer Vision could be a promising way
to tackle the automatic evaluation of UX testing
data. Computer vision techniques involve analyzing
and understanding digital images and videos
with the help of algorithms and mathematical
models. (Batch et al.,, 2023) propose UXSense
— a method for extracting multi-modal features
of human behavior from video and audio footage
using machine learning (ML) to support UX
and wusability professionals in their analysis
of user session data using interactive visualization.
Furthermore, computer vision in video analysis
has gained tremendous attention in recent years.
Video analysis involves extracting meaningful
information from a sequence of frames.
In contemporary times, computer vision plays
a significant role in enhancing the field of precision
agriculture, commonly referred to as agro-vision.
Its applications encompass various tasks, including
the monitoring and characterization of crops, weed
management, assistance in harvesting, guiding
agricultural vehicles, and creating yield maps.
(Patricio and Rieder, 2018; Mavridou et al., 2019;
Wang, Zhang and Wei, 2019; Bulanon et al., 2020)

To successfully develop a computer vision-based
method, it is, therefore, necessary first to create
a frame extraction algorithm that would consider
only distinct frames of the record. (Harrison,
Beverly L. and Baecker and Ronald, 1992)
pointed out years ago that user pressure
on the quality of applications in terms of usability
and UX is constantly increasing. Therefore,
the potential results of the present research
may also be demanded at the commercial level.
The development of this type of automation
should optimize the analysis process, where only
relevant data relevant to the research is presented
in the output from the entire testing record
without wasting time and risking overlooking
essential facts. Moreover, as concluded by (Novak
et al.,, 2023), the evaluation automation of UX
and usability is a current research trend, even
though not much addressed by the researchers yet.

This study was conducted within a project aimed
at developing and optimizing methods that
would, in the future, enable automatic evaluation

of audiovisual data from wusability and UX
testing using Al-based methods. These methods
can be used to develop applications specifically
for the agricultural sector. In this study, we focus
on a possible prediction of user actions associated
with common form elements (text fields, select
boxes, dropdown lists).

The main objective of this paper is to explore
the use of computer vision methods for detecting
UI objects within a video stream during usability
tests conducted in a laboratory setting. The primary
focus of this study is to assess the significance
of changes between consecutive frames
in the video recording. The aim is to identify
pertinent images for the computer vision task.
Subsequently, the findings from this task can be
integrated with eye-tracking data to pinpoint the UI
elements users target at specific moments.

Materials and methods

In the introductory section, the significance
of the frame extraction algorithm within the realm
of automated video processing was highlighted.
This entails the partitioning of a digital image
or video into distinct segments or regions guided
by their inherent attributes. The research
methodology comprises a sequence of steps,
commencing with creating an experimental
prototype form (step 1). Subsequently, controlled
experiments were conducted in a laboratory setting
to collect audiovisual data (step 2). In step 3,
the data is subjected to computational analysis
to extract unique frames (step in the form). Lastly,
we investigated the possibility of using computer
vision methods to identify the Ul elements (step 4).

Experimental prototype

Considering technology solutions to the specific
needs and challenges of the agrarian sector,
a basic web form was created. By creating
an application that mirrors the digital tools
commonly employed in the agrarian sector - such
as precision agriculture applications, applications
for subsidies, and supply chain management
interfaces—we can thoroughly follow the common
environment within this specialized technological
landscape. The application was designed
to mimic a stepwise process, as depicted in Figure 1.
The design was developed using the Bootstrap
4 CSS framework, which provides a cohesive
and consistent appearance across numerous form
designs utilized on the web. The web page layout
incorporated several form elements, which are
enumerated in Table 1.
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Figure 1: Example of the web page prototype application form.

Input name HTML Element Label alignment Prototype step
Simple text input <input type="text”> inline 1
Number <input type="number”> inline 1
Radio buttons 2 choices <input type="radio”> inline 1
Radio buttons <input type="radio”> separately 2,3
Checkboxes <input type="checkbox’> separately 2,3
Single checkboxes <input type="checkbox”> inline 4
Select box <select> inline 1,3

File upload <input type="file”> inline, separately 1,3
Textarea <textarea> separately 2,3

Source: own procesing

Table 1: Description of the elements of the created form for the experiment.

Experimental protocol collection are described in Table 2.

The experiments were held in the Laboratory
of usability (under the Human Behavior Research
Unit; HUBRU) at the Czech University of Life
Sciences Prague. The laboratory is composed of two
separate rooms. The test room is a soundproof space
containing chairs, computers, and an eye-tracking
deviceas shownin Figure 2. The control room, which
to the primary room and is used for the supervision
of the research activities. The moderators have
the option of either monitoring the participants
from the control room or being physically present
in the primary room to communicate with them.
There are three cameras and ambient microphones -
installed in the primary room, and communication Source: own procesing

between the two rooms is feasible in either Figure 2: Laboratory of usability (HUBRU) used to conduct
direction if required. The technologies used for data the experiments.




Device Description
PC Windows 10 Professional edition
Screen Full HD (1920x1024)

24-inch display

Peripherals Standard mouse and Keyboard

‘Web browser Google Chrome

Tobii Pro X2-60 (60hz; see Figure 3)

Eye tracker

Source: own procesing

Table 2: Technologies used for data collection.

The eye tracker was tuned with the default
parameters  for the  whole  experiment.
Atthe beginning of each testing session, participants
were introduced to the scope and purpose
of the experiment. After that, they were instructed
to find a comfortable seating position. Participants
received instructions about the testing method
from the moderator. Then, a nine-point calibration
of the eye tracker was carried out. Each participant
had to participate in a preliminary task to acquire
familiarity with the equipment.

In the following step, the participants followed
the prototype application according to instructions.
The task was finished by form submission.
The instructions were the following:

- Switch to the web browser window.
- Read the introductory paragraph.

- Fill out the following form. Consider it as a
registration to a web service.

- Fill in all the following steps and click next
until the summary section.

- Click the submit button to finish.

During the experiment, the audiovisual data were
acquired by the Tobii Pro Studio software, which
operates the eye tracker. The collected data was
then filtered and analyzed by a UX expert to select
appropriate samples for subsequent data processing
using computer vision techniques.

Frame extraction method

This task aimed to automate identifying screen
changes in eye-tracking videos using computer
vision algorithms. A screen change can be naturally
understood as a major change in pixel values.
In our case, we aim to identify moments when
a user moves to the next page while filling
out the presented form. Video records were loaded
and cut into frame images and were converted
to grayscale to reduce potential error sources.
The structural similarity index (SSIM) in Formula 1,
as well as the mean squared error (MSE)
in Formula 2, were computed on every two
consecutive frames of the example video. MSE

expresses error signals as the difference between
the original and distorted signals. When comparing
images, the MSE — while simple to implement
— is not highly indicative of perceived similarity.
SSIM aims to address this shortcoming by taking
texture into account (Wang et al., 2004; Wang
and Bovik, 2009)
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Formula 1 - SSIM, where x and p, are (respectively)
the local sample means of x and y, o_and o, are
(respectively) the local sample standard deviations
of x and y, and o, is the sample cross-correlation
of x and y after removing their means. The items
C,, C, and C, are small positive constants that
stabilize each term, so that near-zero sample means,
variances, or correlations do not lead to numerical
instability.
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Formula 2 - Mean Squere Error (MSE), where x
and y represents pixel values of the two executive
frames and A is number of pixels.

We implemented a floating threshold dependent
on SSIM results calculated as the mean SSIM
score values in addition to constant ¢, as shown
in Formula 3. Frames with SSIM scores lower than
the threshold are considered dissimilar to the next
consecutive image. They, therefore, are extracted
together with their timestamp - calculated
as a multiplication of image order index and frame
rate, as shown in Formula 4. Extracted frames
with timestamps are suspected of representing
major screen changes. Coming from (Shultz
et al., 2011) we then evaluated our algorithm using
confusion matrix and its related metrics as shown
in Table 3.
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Formula 3 — Floating threshold calculation
dependent on mean value of SSIM scores s,
and constanc c that is manually set to -0.03.
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Formula 4 - Frame to timestamp conversion, £,
is frame order number and v is frame rate being
~0.067.




Sensitivity / Recall TP
TPR=
TP+FN
Precision TP
pPV=—"—
TP+FP
Accuracy TP+TN
ACC= ——0
TP+FP+TN+FN
F1 score 2TP
Fl= ————«——
2TP + FP+FN

Source: own procesing

Table 3: Evaluation metricss of our computer vision experiments
are sensitivity, precision, accuracy and F1 score. Confusion
matrix contains true positives (TP), true negatives (TN), false
positives (FP), false negatives (FN).

Identification of UI elements

The objective of this step is to detect elements
of the user interface, such as buttons, checkboxes,
date pickers, file dialog, payment menu, radio
button, select box, textbox. Identification (getting
screen coordinates) of those items using object
detection would empower video processing
automation and bring new opportunities for video
analysis.

The utilization of YOLOvV7 for object detection is
well-justified due to its exceptional performance
and efficiency in real-time image analysis.
YOLOV7's ability to balance accuracy and speed
makes it an ideal choice for applications requiring
swift and reliable object detection.

We collected and annotated various images
of screenshots containing Ul elements for object
detection training. We divided dataset into a training
set, validation set and training set. We applied
augmentation steps — flip and 90° rotation to extend
training set. Images were stretched into maxiumum
allowed shape for YOLOv7. All images were
converted to grayscale. We used mplementation
of paper YOLOV7: Trainable bag-of-freebies sets
new state-of-the-art for real-time object detectors.
(Wang, et al., 2022) on a pretrained COCO dataset
model YOLOvV7 (Linetal.,2014). We then evaluated
using confusion matrix and related metrics.

Results and discussion

In Figures 3 and 4, we show an example of both
MSE and SSIM applied on our eye tracking video
records and visualized in time. The example shows
that SSIM can identify screen changes while MSE
is not capable of detecting them correctly. Choosing
SSIM  we processed thirty videos according

to technical details of the run introduced in Table 4.
The results of evaluating the detection of the unique
form step are shown in a confusion matrix
in Table 5. To further evaluate the results, we
calculated various metrics, as shown in Table 6.
All screen changes have been detected. We
achieved zero false negatives and, therefore, high
sensitivity and accuracy values. We obtained high
true negatives number 111 630. This result can
be attributed to the prevailing inactivity within
the video content, with screen changes occurring
in only approximately 0.7% of the total video
duration. We reached 630 false positives, bringing
precision down to 0.16 and F1 score to 0.364.
But exploring false positives showed that
the algorithm generates only four types them.
In fact, it worked correctly as the screen did change
in all cases, although not from one form to another,
which was the intended output. In Figures 5, 6, 7,
and 8, we may see detections of the opening select
box, file browser dialog, change of content in file
browser dialog, and switching of the eye tracking
at the end of the session. The last-named error can
be eliminated by either excluding all black screens
or ignoring the last screen change of the video
if the timestamp is just before the end of the record.
From the nature of the other three types of errors,
we stated that they all represent a screen change
(although the user didn’t move to the next screen)
and cannot be worked around by a simple algorithm.
Considering this, we did detect all screen changes
with 100%. accuracy (False Negative is 0, and False
Positive would be 0 if the above-described detected
events are considered screen changes, which,
in pixel comparison, they are).

mean squere error visualization from video 1
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Figure 3: Mean Square Error (MSE) visualization of an example
video where each two consecutive frames are compared.




Scores visualization from video 1

Predicted class . .
Ground truth class Positive (1) Negative (0)
- TP TN 111
Positive (1) 180 630

. FP FN
Negative (0) 630/ %0 0

A 100 r
095
1]
o
3| 0%
[
>
E 0.85
[)]
(1)}
0.80
— sores
Vs . . =
0 500 1000 1500 2000 2500

frames in consecutive order

Source: own procesing

Figure 4: Structural Similarity Index (SSIM) visualization
of an example video where each two consecutive frames are
compared.

Environment

CULS AI-LAB (Nvidia P40)

Number of processed videos

30

pairs

Average video size 1.5GB
Average video length 4,5 min
Total computation time 19h 47m
Number of compared frame 112 440

Detected screen changes
candidates

790 (26.3 per video
in average)

Threshold constant ¢

-0.03

Source: own procesing

Table 4: Technical details of the run points out on time
inefficiency of the proposed solution.

Source: own procesing
Table 5: Confusion matrix of the screen change detection
using SSIM. Shows unbalanced distribution of data between
tru positives and true negatives. * All 630 false positives
might be concluded not to be a failure of the algorithm
if error types in Figures 5,6,7,8 are considered not errors.

Sensitivity 1.0
Precision 022/%*1
Accuracy 0.998/*1
F1 score 0.364/* 1

Source: own procesing
Table 6: Related metrics of the screen change detection
using SSIM. * All metrics might be concluded equal to 1
if error types in Figures 5,6,7,8 are considered not errors.

@ Account Students:

Source: own procesing

Figure 5: Error of type 1 - user opens a selectbox component which triggers higher SSIM value and is
considered a screen change.




Source: own procesing

Figure 6: Error of type 2 — user opens a file browser dialog component which triggers higher SSIM value and is
considered a screen change.
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Figure 7: Error of type 3 — user changes content inside the selectbox and algorithm chooses a pair to be a screen
change.

Source: own procesing

Figure 8: Error of type 4 - As the recording session ends, it detects a screen change at the end of the video.

The situation with known errors that cannot be
worked around, and the very high computation cost
clearly calls for a machine learning based object
detection algorithm to do the rest of the work.
As object detection would also empower both
process automation and new opportunities for video
analysis. YOLOv7 was trained using attributes
in Table 7 and evaluated manually resulting

in confusion matrix in Table 8 and related metrics
in Table 9. Considering the findings presented,
we discern that there exists significant promise
for enhancements in several key facets of our
approach. These potential areas of improvement
include the fine-tuning process, the expansion
of our dataset, the split of frames into smaller
frames rather than applying stretching techniques,




and the optimization of dataset distribution to ensure
an sufficient representation of each class.

Environment Google Colab (Tesla T4)
Training set examples 435 (70%)

Validation set examples 43 (20%)

Test set examples 21 (10%)

Epochs 55

Batch size 16

Duration (minutes) 30

Image shape 608 x 608

Pretrained model COCO

Source: own procesing

Table 7: Technical details of YOLOV?7 train run — dataset split
details and training parameters.

Confusion matrix

Predicted class . .
Ground truth class Positive (1) Negative (0)
. TP TN
Positive (1) 107 does not apply
. FP FN
Negative (0) 37 9

Source: own procesing

Table 8: Confusion matrix of results from our YOLOV7
implementation shows potential of object detection task as well
as the need of improving both dataset and training parameters.

Sensitivity 0.922
Precision 0.743

Source: own procesing

Table 9: While YOLOV?7 resulting sensitiity is
quiet high, precision metric shows space
for improvement.
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Figure 9: Graph shows unbalanced distribution of UI elements
in test set.
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Figure 10: Example from test set shows both great potential
and great challenges in Ul elements object detection.

The landscape of object detection remains dynamic,
with diverse models continually emerging (such
as a fresh YOLOvS). This study is a proof-of-
concept solution and demonstrates feasibility while
acknowledging the evolving nature of the field.
Future strides are expected to introduce models
with improved performance and adaptability.
The presented solution is a foundational step,
but the ongoing evolution of technology
and research will likely yield better performances
and models trained on broader data sets. This
proof-of-concept highlights the vast potential
for innovation in automation of UX testing
evaluation.

Conclusion

In conclusion, computer vision techniques,
specifically object detection, play a key role
in the development of  technologies
for the automatic evaluation of audiovisual data
from UX testing. The ability to automatically
identify objects and regions in video data is
the first step towards developing technology that
can provide valuable insights into user behavior
and enable researchers to make more informed
design decisions. Recent advances in single-stage
detectors push the boundaries of performance
up and opens new opportunities for UX researchers
to quickly and efficiently understand user behavior.

The resulting solution could significantly
contribute to the automation of UX testing within
the agricultural sector, encompassing various




applications in precision agriculture. These
applications include the configuration and control
of machinery and IoT devices, processes related
to subsidy applications, and production reporting
for subsidy claims. Given the generally lower ICT
literacy in the agricultural sector, these applications
often tend to be complex and challenging
to navigate. The proposed approach could thus
represent a substantial advancement in simplifying
and automating UX testing in these applications,
ultimately enhancing their user-friendliness

study. Following this, our investigation will utilize
object detection, integrating with eye-tracking
data to facilitate a comprehensive analysis aimed
at delineating the precise points (i.e., UI elements)
of user focus. This multi-faceted approach holds
promise for advancing our understanding of user
interactions within the studied context.
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