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This study presents a framework specifically designed to measure and quantify visual experiences within academic campus
environments. The framework addresses the need for quantitative methods to analyze spatial experiences, focusing on key
elements of the built environment, such as visible sky, greenery, and spatial enclosure. While the framework emphasizes visual
components, it does not aim to analyze broader sensory or emotional experiences. Instead, it establishes a foundation for
future research to explore these dimensions comprehensively. The methodology utilizes mobile phones equipped with digital
cameras and GPS sensors to capture first-person visual data while participants freely navigate through campus open spaces.
Computer vision techniques, including instance segmentation and convolutional neural networks, are employed to categorize
architectural and natural elements within each video frame. This process quantifies the proportional composition of visual
elements such as greenery, open sky, walkways, buildings, and other structures that participants encounter. The framework is
implemented as a Python model that is capable of generating quantitative outcomes. Additionally, the analysis is enhanced by
integrating geographic information systems (GISs) for spatial analysis, allowing us to identify navigation and visual
engagement patterns. This comprehensive methodology not only quantifies the visual attributes of spaces but also interprets
their impact on the behavior and experiences of campus users. This framework offers insights into how navigation choices,
visual experiences, and the types of scenes encountered on campus can be understood and analyzed. The results aim to guide
urban designers in better understanding university students’ open space needs by exploring the connections between natural
movement patterns and visual preferences. This research complements other qualitative approaches, providing a more
comprehensive perspective on campus space utilization.
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are essential for fostering social engagement, happiness,
and well-being [2] while also contributing to ecological sus-

As universities worldwide face increasing challenges in cre-
ating engaging and sustainable campus environments, a
gap exists in understanding how visual elements influence
user experience and navigation behavior. While university
campus open spaces are visually rich environments, current
research primarily emphasizes their role in enhancing stu-
dents’ quality of life through restorative settings that
improve the overall campus experience [1]. These spaces

tainability by enhancing biodiversity and environmental
education [3]. The importance of sensory design is particu-
larly noted in hot-humid climates, where comfort is critical
for improving outdoor experiences [3]. Additionally, spatial
layouts and physical features—such as seating, shade, and
visibility—significantly influence student behavior and social
interactions, with informal adaptations emerging when
formal setups are unavailable [4]. Campus landscapes,
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including green and blue spaces, positively affect mental
health and well-being, fostering happiness, inclusiveness
[5], and relaxation while reducing feelings of disappoint-
ment and depression [6, 7].

However, existing research primarily focuses on these
qualities in isolation or as outcomes of designed environ-
ments, with limited attention to how users directly perceive
urban scene elements during navigation. This study
addresses this gap by developing an analytical framework
to systematically quantify visual information from pedes-
trians’ direct visual perspectives. By examining components
of the built environment—such as buildings, vegetation,
pathways, and architectural features—this research lays the
groundwork for future correlation of these visual factors
with emotional and spatial awareness, as well as environ-
mental influences.

To achieve this, the research integrates computer vision
(CV) techniques, such as instance segmentation and convo-
lutional neural networks (CNNs), to analyze visual attention.
Unlike traditional methods relying on static or panoramic
online images [8-10], this approach captures real-time
visual experiences using images extracted from videos
recorded at eye level during walking scenarios. This applica-
tion, combined with georeferenced data, provides actionable
insights into how users perceive their surroundings, offering
a new perspective on campus design that aligns with user
visual behavior and spatial preferences.

The proposed framework, implementing a developed
Python application, will be tested in a pilot study focused
on a user navigation experience. This proof-of-concept study
evaluates the feasibility of the methodology and refines it for
broader applications. Findings from this research will pro-
vide valuable insights into designing open spaces that
enhance visual engagement and spatial navigation, advanc-
ing evidence-based practices for creating functional and
appealing university campuses.

2. Literature Review

This literature review examines how CV and instance image
analysis have influenced urban studies. While urban theories
often emphasized aesthetic and formal concerns, subsequent
critiques by scholars and practitioners prompted a broader
human- and behavior-centered approach. Today, advanced
technologies, such as CV, enable more detailed analyses of
how people interact with urban environments, enhancing
our understanding of both physical design and social
dynamics. It highlights the evolution from basic data collec-
tion to advanced technologies like CV for understanding cit-
ies, blending technological objectivity with insights into
human behavior. The review also addresses these technolog-
ical advances’ social and ethical implications in shaping
urban environments. Lucas and Romice [11] emphasize that
urban design often prioritizes visual sensory modalities
while underrepresenting other sensory dimensions such as
sound, touch, and thermal perception. They advocate for a
multisensory approach to urban representation and design,
which more accurately reflects human experiences in urban
spaces.
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Urban study theories have evolved from an aesthetic focus
to a deeper understanding of human interactions within urban
spaces [12]. This shift, notably in the mid-20th century, moved
from prescriptive theories to empirical studies, driven by
concerns over the alienating effects of modernist designs.
This change underscores the importance of human-centric
approaches in urban planning, exemplified by Lynch and
Whyte’s work on mental mapping and public space usage,
which significantly influences contemporary urban design
by emphasizing space vitality and usage [5, 13, 14].

Traditional data collection methods in urban studies, such
as images, videos, and direct observation, faced labor intensity
and scalability limitations. The advent of advanced sensing
technologies and geotagged imagery enabled more efficient
and extensive urban analysis [12]. Whyte’s 1980 Street Life
Project, utilizing time-lapse filming of pedestrian behavior,
marked an early integration of technology and detailed obser-
vation in urban studies [15], revealing key behavioral trends.

Modern urban studies have evolved by incorporating
hybrid sensing, big data, and Al, revolutionizing the analysis
of physical and socioeconomic conditions and human
dynamics [12]. The application of CV technologies in urban
management represents a progression in employing image-
based Al for data collection [15]. However, these objective
approaches potentially overlook the complexities of human
perceptions [16].

A balanced approach integrating objective and subjective
measures is necessary. Subjective measures, derived from
interviews and surveys, offer deeper insights into human
behavior by considering the cognitive mapping of environ-
ments [13]. However, traditional methods for collecting per-
ception data often lack consistency and reliability and are
time-consuming, expensive, and challenging to interpret [16].

By combining advanced technologies like CV with sub-
jective insights, urban studies can comprehensively under-
stand urban spaces, informing design decisions that cater
to human needs and experiences while addressing social
and ethical implications.

2.1. Technological Advancements in Urban Studies: Sensing,
Big Data, and Al Integration. Street-level imagery has become
vital in various research areas, including urban planning, pub-
lic health, and real estate, due to its accessibility, coverage, and
objective views [12]. Computer vision techniques, which con-
vert images and videos into numerical matrices by analyzing
red, green, and blue (RGB) pixel values, require extensive data
to train models for accurately differentiating human actions
from background noise [15]. Semantic image segmentation
(SiS), as described by Csurka et al. [17], is crucial in CV, where
each pixel in an image is assigned to a specific semantic class to
understand different image parts.

Implementing activity surveys with CV involves data
collection and processing handling distinct video and GPS
data streams. Adherence to guidelines ensuring that videos
reflect human perception and are consistent for accurate
tracking is crucial [18]. Integrating these data streams facili-
tates accurate mapping of activity data in physical space,
enhancing understanding of human interactions in urban
environments.
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2.2. Evaluating Urban Environments: Semantic Segmentation
and CV Methods. The “Urban Visual Intelligence” frame-
work, elucidated by Zhang et al. [12], integrates AI with imag-
ery to analyze urban environments, addressing physical and
socioeconomic dimensions. This framework overcomes the
limitations of traditional methods, providing a nuanced per-
spective that includes observing urban environments at a
human scale, deriving semantic information from imagery,
quantifying physical environments, and exploring their phys-
ical and socioeconomic interplay.

Challenging the assumption of linear relationships
between the built environment and walking behavior, Liu
et al. [19] introduced an alternate perspective. Their research
suggests that intrinsic motivations and utilitarian travel
needs may influence walking desires, indicating a potential
saturation point in the built environment’s influence on
walking. Addressing the geographical gap in research, the
study explores nonlinear associations between street view—
derived environmental characteristics and pedestrian walking
duration in Amsterdam, focusing on identifying influencing
features and understanding their variations across different
times, including weekdays and weekends.

To support this analysis, Liu et al. [19] utilized semanti-
cally segmented street environmental features with a fully
CNN, specifically the Xception-71 CNN, pretrained on the
Cityscapes dataset comprising pixel-level annotated street
scenes from 50 different cities, demonstrating favorable per-
formance compared to alternative CNN architectures. Yan
et al. [20] employed an urban perception evaluation frame-
work to complement this approach. This framework analyzes
a vast collection of old city landscape street images, focusing
on image semantic segmentation to categorize data based on
landscape spatial elements. The study quantifies elements such
as building area, road area, green viewing rate, human and
vehicle flow, and sky area, filtering out extreme proportions
of certain elements to maintain accuracy. Their findings reveal
an average greenness rate of 30.14% in the analyzed images.

Shifting the focus from social media imagery, Duarte and
Ratti [21] emphasize using specialized urban cameras
designed to collect visual data about cities. This approach
has also been effectively applied in Cairo, where Wael et al.
[22] used CV technology to monitor movement behavior from
above, providing actionable insights into pedestrian dynamics
and urban configuration. This shift from user-generated, geo-
tagged photographs used in previous studies to assess urban
attractiveness or aesthetic appeal represents a move toward
more objective urban data collection [21]. Additionally, Lee
et al. [23] highlight using CV technologies, such as semantic
segmentation and edge detection, to evaluate urban space
quality. These technologies assess aspects like enclosure, open-
ness, greenery, and the ratio of feature areas, while edge detec-
tion quantifies complexity. The data obtained is processed and
interpreted using a machine learning model and the SHAP
algorithm, contributing to a comprehensive understanding
of urban space elements and their impact on urban life.

2.3. Applications of CV Segmentation in Urban Spaces and
Pedestrian Behavior Analysis. Computer vision segmenta-
tion techniques are invaluable for understanding and opti-

mizing urban spaces for pedestrians by assessing factors
that influence walkability and pedestrian behavior and vari-
ous other aspects (see Figure 1). Walking shapes urban
experiences and community dynamics [23], with street envi-
ronment qualities like green spaces, building layouts, and
open areas directly impacting walking appeal. Pedestrian
satisfaction relates to perceptions of imageability, enclosure,
human scale, openness, and complexity [24], measurable
through segmentation.

Segmentation enables virtual assessments of pedestrian
volumes, a key walkability indicator [25]. Street View Imag-
ery (SVI) and segmentation algorithms like the visual walk-
ability index [26] evaluate aspects like crowdedness and
obstacles, revealing walkability variations across locations.
Urban morphology qualities like area ratio, enclosure,
openness, and complexity are extracted through semantic
segmentation [23]. Enclosure (D:H ratio) and openness (vis-
ible sky proportion) impact pedestrian comfort, while com-
plexity enhances satisfaction. Greenery analysis, such as the
green view index (GVI) from SVT [26], assesses urban green-
ery’s pedestrian perspective, shading, and aesthetic value.
Health studies utilize SVI to analyze links between physical
activity, neighborhood greenery, sidewalk quality, and recre-
ational facilities [26]. Urban perception research leverages
SVI’s human-centered street characterization for assessing
safety, wealth, and vibrancy, integrating surveys and audio
data. In transportation, SVI enables virtual street audits,
road analysis, pedestrian volume assessment [25], traffic
indicators, and cycling pattern exploration based on green-
ery and architecture [26]. Monitoring pedestrian and vehicle
traffic informs planning decisions. Historical change detec-
tion through image comparisons supports urban heritage
conservation.

However, using SVI raises ethical concerns regarding
transparency, accuracy, and potential profiling [15], necessi-
tating ongoing policy discussions for responsible and ethical
implementation in urban studies.

3. Research Framework and Methodology

A pilot approach was adopted to rigorously evaluate the sug-
gested CV framework developed for this study, centering on
an in-depth analysis of one student’s navigational experience
through the campus. This methodological choice was not
intended to generalize findings across user groups but to dem-
onstrate the feasibility and robustness of the framework in
capturing and quantifying visual experiences. The primary
focus was ensuring the framework’s analytical precision and
validating CV and geospatial data integration. Future studies
may expand to include multiple users to explore variations
in visual experiences and navigation patterns; however, this
was beyond the scope of the current research.

Advancements in hardware and research into CNNs
have led to sophisticated deep learning models for image
analysis. Notable examples include the VGGNet [27], the
YOLO (You Only Look Once) object detection framework
[28, 29], and the Fast R-CNN [30, 31] for object detection
and classification.
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FiGurk 1: These points summarize the literature review findings on using images with segmented content extracted from videos.

Object detection involves identifying and localizing
objects within an image. Classification assigns labels to
entire images or objects, which is essential for interpreting
visual content. Segmentation offers a granular approach by
assigning labels to individual pixels, providing detailed anal-
ysis crucial for applications like land cover delineation and
augmented reality. Segmentation divides an image into
meaningful regions, grouping pixels into semantically coher-
ent clusters. Semantic segmentation classifies each pixel into
predefined categories, while instance segmentation differen-
tiates between individual object instances [32].

The suggested model represents an advancement in CV
applications for urban space analysis, blending the YOLO
framework’s object detection and segmentation capabilities
with geospatial data integration. Utilizing the Ultralytics
library for using the YOLO segmentation model for predic-
tion, the framework processes video frames to extract masks,
calculate segmented object areas, and identify focal objects
through bounding boxes.

The algorithm calculates the total frame area, retrieves
object labels, finds contours defining object shapes within
masks, and computes the percentage of frame coverage by
objects. It also determines the object closest to the frame’s
center using Euclidean distance calculations and bounding
box center coordinates. The algorithm calculates the total
area of the image frame (area = height x width) and retrieves
the label of the detected object (e.g., “car” and “person”). It

then finds the contours defining the object’s shape within
the mask using the green formula and calculates the total
area enclosed by those contours (sum of each contour object
area). Utilizing this object area and the total frame area, it
computes the percentage of the frame covered by the object
(percentage of coverage = (object area/total area) x 100).

The proposed framework captures and quantifies what
user (s) see and where they see it as they navigate urban spaces,
providing a detailed analysis of their visual experience. This is
achieved by integrating a Cloud-GIS-based mobile application
platform with CV analysis. The mobile application records the
user’s movement in space by tracking x, y, and z coordinates
and synchronizing these spatial data points with the time-
stamps of video and image frames. This synchronization
enables precise geolocation of visual data, allowing each video
frame to be accurately linked to the specific location where it
was captured during navigation (see Figure 2).

The algorithm processes each video frame to determine
the object closest to its center by calculating the Euclidean dis-
tance between the frame’s center coordinates (center_x and
center_y) and the centers of detected object bounding boxes.
If the frame’s center falls within a bounding box, the closest
object is identified, and the object’s label and frame number
are recorded. This process enables detailed extraction of object
coverage percentages and dynamic tracking of prominent
objects over time, enriching the understanding of urban ele-
ments encountered along the user’s path.
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FIGURE 2: Framework of the proposed model, translated to Python code, delineating the stages of input, processing, and output.

The model generates a comprehensive dataset that links
spatial and visual information. Data on classified objects,
pedestrian and vehicle counts, and areas of attention focus
are compiled into a CSV file. This file is an intermediary
for integrating CV outputs with the GIS platform. The geor-
eferenced data enables spatial analysis of visual attention
patterns, revealing how different urban elements, such as
architectural features, landscape components, open sky,
and human presence, are perceived and distributed in urban
open spaces.

The case study used a simple straight-line movement to
validate the synchronization between spatial and visual data.
The results demonstrated accurate mapping of visual elements
to their corresponding spatial locations, confirming the
robustness of the integration. This quantified approach pro-
vides insights into urban spaces’ visual structure and design
quality, offering a foundation for future applications. While
this study focuses on visual perception, future research could
expand the framework to incorporate other sensory dimen-
sions, such as auditory inputs, thermal comfort, or emotional
responses. This would enable a holistic analysis of sensory
experiences during navigation, advancing the understanding
of user interactions with urban environments.

This framework represents a new approach to urban
studies by quantifying and mapping visual experiences
through dynamic movement in urban contexts. By combin-
ing CV analysis with geospatial data, it facilitates a multidi-
mensional understanding of visual attention and spatial
context, supporting more informed urban planning and
design decisions.

This framework leverages CV and geospatial data to map
visual experiences in urban spaces, providing researchers
and planners with a tool to analyze spatial dynamics and
support informed decision-making.

4. Developing the Digital Application

The following datasets for this research are used to detect
and segment open urban spaces. The dataset comprises
2763 images across 16 distinct classes, with an average image
resolution of 2048 x 1024 pixels. These images were col-
lected from various sources, including “Cityscapes” and
other online repositories via “Roboflow” datasets, to create
a comprehensive dataset tailored to the research needs. Spe-
cific classes required consolidation and preprocessing from

diverse sources to ensure representativeness for the study
(see Figures 3 and 4).

The dataset underwent preprocessing to address class
imbalances and resize requirements. Automatic orientation
adjustments were applied, and images were resized to 320
x 224 pixels. Data augmentation techniques were employed
to achieve class balance, including horizontal and vertical
flips and slight rotations within +5°. The figure illustrates
augmentation and represents the model’s perception of clas-
ses like sky, road, and persons.

The YOLOV8 segmentation model was fine-tuned using
a custom dataset of 5000 images across five distinct classes,
divided into training (80%), validation (10%), and testing
(10%) sets. The training involved 100 epochs with images
resized to 640 x 640 pixels, a batch size of 16, and using
the “Adamsw” optimizer. The model achieved a mean
average precision (mAP@0.5) of 43.8 on the held-out test
set. Class-specific mAP analysis demonstrated the model’s
segmentation proficiency across various object categories.

Comparative  assessment  against  state-of-the-art
approaches emphasized the proposed method’s competitive-
ness. Qualitative inspection through visual examples show-
cased the model’s accuracy in segmenting objects across
diverse scenarios. Analysis of the loss curve during training
(see Figure 5) provided insights into convergence behavior,
with no significant signs of overfitting or underfitting
observed. The results contextualized the achieved mAP
score, outlining the strengths and limitations of the YOLO
model for segmentation tasks and suggesting avenues for
future research and enhancement (see Figures 5 and 6).

5. Data Analysis of the Case Study

As a case study, the research focuses on the main walking
spine at the American University in Cairo’s (AUC) new
campus in New Cairo, Egypt. This primary pedestrian
corridor, connecting most campus buildings, was carefully
selected for its controlled environment, rich environmental
elements, and diverse morphological cross-sections along
the spine. The main intention is to test the developed Python
model by analyzing video footage captured while navigating
through this spine.

A pilot study with a single user evaluated the model’s
functionality and refined its design. While a single-user
approach inherently limits the ability to generalize findings,
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FiGure 3: Class distributions and classes.

FIGURE 4: Segmentation masks in an image from the dataset.

the primary aim of this study is to build and validate a rep-
licable framework capable of capturing and quantifying
visual experiences. The objective is not to analyze user differ-
ences but to establish a methodology that can be applied to
study such variations in future research. The findings from
this pilot test serve as a proof of concept, demonstrating
the Python model’s potential for broader applications in
urban study research.

Visual data is processed to elaborate on the classification
and segmentation of images from video to quantify environ-
mental elements (see Figure 7). It dissects the fluctuating
patterns of visual engagement in an urban setting, which is

pivotal for decoding the spatial configuration’s influence on
pedestrian behavior. Figure 7a maps out the instances of object
detection over time, highlighting the dominance of buildings
and sky in the visual field—a reflection of their physical and
visual prominence. Figure 7b complements this with a histo-
gram connecting the visual focus to spatial progression, indi-
cating selective visual attention influenced by environmental
cues. Regular detections of vegetation suggest its role as a
visual constant and navigational aid. The bar chart in
Figure 7c prioritizes visual elements by frequency, underscor-
ing roads as pivotal navigation aids and reducing electric cars
and poles to less-noticed visual noise unless they become
obstructions or hold significance. Figure 7d’s box plots expose
the size distribution of detected objects, underscoring the
scale’s impact on perception. The variability of areas covered
by each object, especially the outliers, can inform proportional
balance in urban spaces for optimal visual accessibility.

Together, these visual data sets corroborate the intricate
nature of pedestrian visual experiences, highlighting the
necessity for urban spaces that cater to pedestrians’ dynamic
visual stimuli, which affect their navigation and psychologi-
cal well-being.

The AUC Library Plaza offers a captivating pedestrian
experience, as evidenced by the integrative visual and quanti-
tative analysis presented in Figure 8, which captures the
dynamic interplay between architectural presence and natural
elements along a delineated path. The upper graph (Figure 8a)
quantitatively tracks the visibility of various elements—build-
ings, roads (pedestrian pathway), sidewalks, sky, trees, and
vegetation—as the passerby perceives. Substantial fluctuation
in-building coverage, observed at Waypoints 2, 6, and 9, corre-
spond to the dominance of prominent architectural forms
such as the Abdul Latif Jameel Hall and the AUC Library.
These points of architectural prominence contrast with more
open spatial arrangements in Zones 4 and 8, where the sky
and vegetation are more visible.

The graphical portrayal illuminates the visual rhythm
dictated by the built environment and highlights the consis-
tent punctuation of the pedestrian’s view by greenery, imply-
ing a sustained visual dialogue with nature amidst the urban
backdrop. The coverage of roads and sidewalks ebbs and
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FiGgure 6: Confusion matrix of the YOLO V8 model.

flows in concert with the built form, underscoring their
complementary roles in the spatial experience. For instance,
the juxtaposition of decreased building coverage with
enhanced road and sidewalk visibility at Location 7 illus-
trates the nuanced balance of the plaza’s design.

By merging the precise metrics of CV with the spatial
narrative of the plaza, Figure 8c vividly depicts the pedes-
trian’s journey, marked by varying degrees of visual
engagement with both the built and natural environments.
This analysis advances our understanding of the spatial
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FIGURE 8: (a, b) Analysis of the visual experience of a pedestrian walking through the library plaza at the American University in Cairo
(AUC). (a) The area coverage over time for different objects or elements encountered along the walking path, such as buildings, roads,
sidewalks, sky, trees, and vegetation. (b) The floor plan of the library plaza area, with the walking path marked in red dots, indicating the
specific locations (1 to 12) corresponding to the area coverage data in the graph. (c) A series of 12 visual snapshots corresponding to the
waypoints on the schematic layout, each accompanied by a coverage percentage legend. These images, processed through a computer
vision segmentation algorithm, categorize and color-code elements within the user’s field of vision. The legend specifies the percentage
coverage of each category (sky, road, person, building, traffic sign, vegetation, sidewalk, and car) within that frame, offering a
quantitative insight into the visual experience of the pedestrian at specific locations along the path.
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configurations within an urban campus and posits a frame-
work for considering how such configurations might influ-
ence the experiential quality of pedestrian movement and
space perception. Integrating quantitative data with visual
representations provides a comprehensive understanding
of the complex interplay between architectural elements
and natural features in shaping the pedestrian experience.

6. Results and Discussion

This section presents the study’s findings and discusses their
implications in the context of campus design and visual
engagement. The study’s application of CV to analyze 2763
campus images revealed a rich tapestry of visual engagement
characterized by different experiences. While 35% of visual
engagement focused on green spaces, the remainder concen-
trated on architectural elements and open skies. This signals
the importance of a harmonious balance between nature and
architecture in creating stimulating urban spaces. The find-
ings from this pilot study, though based on the visual
engagement patterns of a single participant, offer prelimi-
nary insights into the potential of the applied CV framework
to enhance our understanding of pedestrian experiences in
urban spaces. The nuanced analysis of the participant’s
interaction with the built and natural environment under-
scores the framework’s capacity to capture and quantify
complex visual engagement behaviors, suggesting promising
avenues for future urban study research and practice.

The experiment assessed the CV model’s ability to segment
and detect the participant’s visual focus areas, distinguishing it
from approaches that rely on aerial views, such as those used
by Wael et al. [22], or static and panoramic images analyzed
in prior studies [8-10]. If applied to diverse groups—such as
individuals with special needs, varying age groups, genders, or
different urban settings—the model has the potential to identify
distinct personas based on preferences for urban elements,
landscape components, and architectural features.

This capability highlights the importance of inclusive
design strategies that account for diverse visual preferences
and user experiences. By categorizing personas according
to their visual focus and navigation patterns, the model pro-
vides a framework for designing urban spaces that cater to
varied user needs and priorities. These insights could guide
urban designers in creating environments that balance nav-
igational clarity, aesthetic quality, and overall user satisfac-
tion, ensuring that spaces are both functional and engaging
for a wide range of users.

The correlation between visual stimuli and navigation
choices extends beyond mere aesthetics, influencing feelings
of safety, belonging, and identity within the campus envi-
ronment. The study suggests that effective urban spaces
should foster physical and emotional connectivity between
individuals and the urban space.

7. Conclusion

This research offers a methodologically innovative approach,
employing CV and semantic segmentation to uncover the
intricate relationship between visual stimuli and navigation
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behavior in understanding the visual engagement of univer-
sity students with their campus environments.

This pilot study serves as a foundational step in explor-
ing the applicability of CV techniques to urban study
research. By focusing on a singular user experience, key
areas for methodological refinement were identified, provid-
ing valuable insights to guide the expansion of this research
into larger, more diverse participant groups.

While the CV approach provides valuable insights, it is
essential to recognize its limitations, such as potential data
collection and interpretation biases. Using this technology
in public spaces raises important ethical questions regarding
privacy and consent. Preserving privacy is crucial and
requires appropriate measures to prevent unintentional
identification of individuals. To address this concern, the
model should improve an automated process of blurring
pedestrians’ faces. Future research must carefully navigate
these privacy and ethical considerations, ensuring that tech-
nological applications in urban studies adhere to appropriate
standards and respect individual privacy rights.

Furthermore, the current model works better for analyz-
ing individual experiences; however, capturing group or
crowded scenarios requires further adjustments or different
techniques. One potential enhancement could be incorpo-
rating higher camera angles, providing a wider view beyond
an individual’s perspective, and enabling tracking and anal-
ysis of movements and interactions within larger groups or
crowds rather than relying solely on a person’s perspective.

This study lays the groundwork for future research
exploring the relationship between urban spaces and pedes-
trian visual engagement. Ultimately, the aim is to create
more inclusive and engaging public spaces. Future work
could expand the methodology by incorporating varied data
sources and analysis methods to deepen our understanding
of the navigation experience in open or indoor spaces.

The initial case study was instrumental in validating the
proposed model. However, its application in varied urban
contexts will require careful consideration of contextual dif-
ferences and potential adaptations to maintain its relevance
and effectiveness. The model’s future applications should
also consider the impact of seasonal changes and cultural
contexts on visual preferences and navigation patterns, offer-
ing richer insights into the complex dynamics of urban
spaces.

In conclusion, this study employs CV to significantly
enhance our understanding of urban environments. By pro-
viding a nuanced analysis using qualitative data, critically
evaluating methodologies, and considering ethical implica-
tions, the research opens new pathways for creating truly
engaging, inclusive, and responsive urban spaces. The
model’s readiness for broader application holds immense
promise to enrich urban design and planning discourse,
advocating for a data-driven and deeply attuned approach
to the human experience.
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