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Abstract: University libraries are essential academic spaces, yet existing smart systems
often overlook user perception in environmental optimization. A key challenge is the lack
of adaptive frameworks balancing objective sensor data with subjective user experience.
This study introduces an Internet of Things (IoT)-powered framework integrating real-
time sensor data, image-based occupancy tracking, and user feedback to enhance study
conditions via machine learning (ML). Unlike prior works, our system fuses objective
measurements and subjective input for personalized assessment. Environmental factors—
including air quality, sound, temperature, humidity, and lighting—were monitored using
microcontrollers and image processing. User feedback was collected via surveys and in-
corporated into models trained using Logistic Regression, Decision Trees, Random Forest,
Support Vector Machine (SVM), K-Nearest Neighbors (KNNs), Extreme Gradient Boosting
(XGBoost), and Naive Bayes. KNNs achieved the highest F1 score (99.04%), validating the
hybrid approach. A user interface analyzes environmental factors, identifying primary
contributors to suboptimal conditions. A scalable fog–cloud architecture distributes com-
putation between edge devices (fog) and cloud servers, optimizing resource management.
Beyond libraries, the framework extends to other smart workspaces. By integrating the
IoT, ML, and user-driven optimization, this study presents an adaptive decision support
system, transforming libraries into intelligent, user-responsive environments.

Keywords: university library; environmental quality; IoT; machine learning; user feedback;
KNN; fog–cloud architecture

1. Introduction
The effective management of environmental factors such as temperature, light, humid-

ity, air quality, and occupancy is essential for an efficient working environment. Research
has shown that optimizing these factors has positive effects on concentration, productiv-
ity, and overall performance [1]. In contrast, external environmental factors—such as air
pollution and extreme temperatures—have negative impacts on human health and work
performance [2]. Additionally, the extremities of indoor temperatures are highlighted as
having adverse consequences on productivity and general health [3].

Elevated CO2 levels in indoor air can lead to a decline in cognitive functions, difficulty
concentrating, and overall fatigue. Inadequate ventilation can exacerbate these effects,
while regular ventilation is critical for maintaining indoor air quality [4]. Additionally,
exposure to noise has been found to disrupt teaching and learning processes, with noise
levels influencing the perceived learning performance of students [5].
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The quality of the learning environment also plays a crucial role in academic per-
formance. Natural light, in particular, has been shown to improve health, satisfaction,
attention, and performance for students and staff [6]. Moreover, lighting such as blue-toned
white light has been found to enhance cognitive function and reduce eye fatigue, benefiting
environments where long periods of reading and research occur, such as libraries [7].

Today, university libraries have evolved into dynamic, technologically advanced
spaces that support academic and social development. In this context, fog computing
plays a vital role. Fog computing is a distributed computing paradigm that processes data
at the network’s edge, reducing latency and improving efficiency. The low latency and
mobility support offered by fog computing in real-time applications, such as IoT devices
and smart cities, also provide significant benefits in managing environmental factors in
library settings [8].

By enabling real-time data processing from sensors, fog computing allows for the
effective monitoring of environmental factors such as temperature, humidity, and air quality
in library spaces, enhancing user productivity [9]. Furthermore, combining fog and cloud
computing offers an ideal solution for managing large-scale data processing and storage
needs in libraries, improving efficiency and reducing costs [10].

University libraries, as fundamental pillars of higher education, serve as central spaces
for access to information, learning, and research processes for students, academics, and
researchers [11]. These libraries are public spaces that play a crucial role in providing
access to information, supporting learning, and facilitating research activities for both
students and academic staff [12]. Today, these spaces are defined not only as providers of
information but also as dynamic structures that support academic and social development,
responding to changing needs [13]. Therefore, the design and management processes
should be organized in a way that aligns with the institution’s educational goals and
addresses the evolving needs of users. In recent years, rapid advancements in educational
technologies and changes in learning habits have led to significant transformations in
libraries [14].

Although the focus of this research is specifically on university libraries, this choice
is not arbitrary. Libraries present a unique context for environmental optimization due to
their distinct characteristics, such as their diverse user base, fluctuating occupancy rates,
and the need for a conducive atmosphere for study and research. Unlike other settings
like offices, restaurants, or industrial environments, libraries face specific challenges in
creating an optimal environment that supports both individual and group activities, making
them an ideal case study for this research. Additionally, the integration of the IoT and AI
technologies in a library setting offers valuable insights that could be transferable to other
environments in the future. This targeted approach allows for a more nuanced exploration
of how environmental factors impact user experience in academic settings, which could
serve as a model for broader applications.

The central challenge of this study lies in accurately modeling the complex relation-
ships between environmental factors in university libraries and user productivity and
satisfaction, with limited data and potential noise from sensor readings. Traditional ma-
chine learning algorithms often struggle with small datasets and class imbalance, which
can lead to overfitting and reduced generalization. To address this, we implemented a
comprehensive approach by carefully selecting robust algorithms like KNNs and Random
Forest and applying the Synthetic Minority Over-sampling Technique (SMOTE) to balance
the dataset. This ensured the model could generalize effectively while mitigating the risk
of overfitting. Our approach also emphasizes the interpretability and efficiency of the
selected models, making them well suited for real-world applications in smart campus
environments. Through these strategies, we were able to achieve high accuracy and provide
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actionable insights into the influence of environmental factors on user behavior, overcoming
the challenges posed by the limitations of the dataset and algorithmic complexity.

Contributions

This study presents several key contributions to the optimization of university library
workspaces through an IoT-based system:

• Development of an IoT-based system: the system monitors and analyzes environmen-
tal factors such as sound, light, temperature, humidity, air quality, and occupancy,
collecting real-time data and storing them in the cloud.

• User feedback integration: the system integrates user feedback to assess work experiences
and productivity, offering actionable recommendations for efficiency improvements [15].

• Use of machine learning: machine learning algorithms process the collected data to
identify ideal conditions for optimizing library workspaces [16].

• Environmental optimization: the system addresses environmental factors holistically,
aiming to enhance learning and productivity in libraries, which are crucial spaces for
students and academic staff.

• Impact of environmental factors on cognitive functions: research highlights the influ-
ence of temperature, lighting, and air quality on cognitive function, attention, and
overall work effectiveness [16].

• Focus on air quality: the system analyzes key air quality parameters (CO, CO2, TVOCs)
and optimizes ventilation, pollutant control, and humidity regulation [17].

• Comprehensive framework: this study presents a comprehensive IoT-driven library
management framework that combines objective sensor data with user feedback,
creating more adaptive and efficient learning environments.

• Impact on satisfaction and productivity: good air quality enhances satisfaction and
productivity in study environments, and effective ventilation plays a crucial role in
maintaining a healthy indoor atmosphere [18,19].

• Advances in technology: The use of IoT sensors enables the real-time monitoring of
environmental factors in libraries. The data from these sensors are analyzed with
machine learning to optimize conditions, improving library management and user
experience [20].

2. Related Works
Recent research has focused on environmental factors that impact work efficiency, par-

ticularly in educational settings like university libraries. Studies show that environmental
conditions significantly affect academic performance and productivity, with factors such
as lighting, temperature, humidity, noise, and air quality influencing concentration and
work output. However, most research addresses individual factors, with limited studies
evaluating multiple factors simultaneously. Additionally, there is a gap in the literature
regarding the use of IoT-based systems for monitoring environmental data.

2.1. The Impact of Environmental Factors on Academic Performance

Various studies have explored the impact of environmental factors on academic perfor-
mance, with noise being a significant distraction that negatively affects concentration and
information processing. High noise levels have been shown to hinder effective academic
performance [21]. Similarly, the indoor environmental quality (IEQ) is critical for health
and productivity. A study evaluating the IEQ of a university library examined parameters
such as the indoor air quality (IAQ), lighting, and acoustics, assessing their effects based on
the LEED v4, ASHRAE 62.1, and WELL standards. The findings underscored the crucial
role of these factors in shaping user experience [19].
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Additional research on a campus library’s IEQ identified issues including high temper-
atures (above 21.2 ◦C), humidity levels ranging from 51.3% to 55.8%, poor air circulation,
elevated CO2 levels (up to 588 ppm), noise levels of between 43 and 61 dB, and inadequate
light intensity (below 300 lux). Recommendations included maintaining a temperature
range of 24.5–26.5 ◦C, improving insulation, and optimizing window-to-wall ratios [22].
Another study assessed academic library environments in Nigeria during peak usage
periods, analyzing the acoustic, visual, and thermal comfort using portable devices based
on the ASHRAE 55 and ISO 7730 standards. The results were compared to CIBSE Guide A,
providing insights for improving the IEQ [23].

Research has also explored the influence of the IAQ on student concentration. One
study revealed that poor air quality (average 2115 ppm CO2) did not directly reduce concen-
tration but significantly increased error rates in cognitive tasks [24]. Similarly, a study on
the IEQ in educational buildings found that administrative staff in Ghana reported higher
satisfaction with their office environments, enhancing productivity, whereas academic staff
experienced a negative impact [25].

2.2. Spatial Innovations and Environmental Optimization in Libraries

Research on spatial innovations in university libraries has examined various aspects
influencing user satisfaction. A study focusing on three university libraries in Wuhan,
China, evaluated six key dimensions, including service accessibility, interior design, and
environmental factors, using multiple linear regression analysis. The findings provided
valuable recommendations for library design improvements [26].

Additionally, studies have investigated how outdoor air pollution and noise influence
indoor environmental quality. One study proposed using sensors and AI-based real-time
data detection to enhance air quality and minimize noise, promoting natural ventilation
behaviors [27]. Another study identified the IEQ criteria affecting user performance and
well-being in higher education libraries. Data from 421 students revealed varying priorities
among different user groups, highlighting the need for targeted improvements [28].

A qualitative study with 11 faculty members and 24 students further emphasized the
adverse effects of poor thermal, lighting, acoustic, and IAQ conditions on teaching and
learning. Faculty struggled to maintain optimal environments, while students reported
discomfort and reduced learning quality due to noise disturbances [29]. Another study
tested the effects of temperature, noise, and lighting on learning efficiency, identifying the
optimal environmental conditions for different cognitive tasks [30].

2.3. The Role of IoT and AI in Library Environmental Monitoring

IoT-based solutions have been increasingly explored to optimize environmental condi-
tions in libraries. A study in metropolitan cities highlighted how IoT-enabled sensors could
improve the IAQ and noise management [31]. Another investigation assessed the IEQ of a
campus library, identifying thermal discomfort, high CO2 levels, and inadequate lighting,
with recommendations for architectural modifications [22].

Furthermore, research on IoT adoption in libraries surveyed 389 staff members in
Nanjing, China, emphasizing the importance of effective management and staff motivation
for successful implementation [32]. Another study explored the integration of the IoT and
machine learning for personal thermal comfort modeling, demonstrating high predictive
accuracy using the Extra Trees classifier [33].

AI-driven environmental monitoring systems have also been proposed. A study
introduced an IAQ evaluation system utilizing microcontrollers and sensors to collect
real-time air parameters. Using artificial intelligence, the system compared indoor and
outdoor data, aiding decision-making for library management [34]. Similarly, a Romanian
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study combined biometric data from wearable devices with environmental monitoring to
create an ecological system aimed at enhancing air quality [35].

Recent advancements in Smart Environmental Monitoring (SEM) systems, powered
by the IoT and modern sensors, have improved early pollution detection. These systems
monitor environmental factors such as CO2, PM, NOx, VOCs, and water quality, with
machine learning enhancing data analysis [36]. The IoT is also transforming libraries by
improving infrastructure, collection management, and security [37]. The IoT is transforming
libraries by enhancing areas like building management, collection management, education,
and data security. It is important for librarians to understand the IoT and for users to be
educated on security issues. The IoT has the potential to modernize library infrastructure,
improving user satisfaction [38]. The rapid development of artificial intelligence (AI) and
the IoT has led to the integration of smart devices, revolutionizing public services and
library science, ushering in the era of “smart libraries” [39].

2.4. Fog–Cloud Computing for Enhanced Library Systems

Efficient IoT integration in libraries requires robust computing infrastructure for
real-time data processing. Fog computing enhances performance by providing localized
processing and storage at the network edge. This model acts as an intermediary between
cloud and edge layers, optimizing network efficiency and reducing cloud dependency [40].

Fog computing plays a crucial role in IoT applications such as smart cities, industrial
automation, and library management by processing data closer to the source. It reduces
latency and enhances real-time decision-making, ultimately improving the efficiency of
smart library systems [41]. Given the increasing number of IoT devices, cloud-based data
transmission can create network bottlenecks. Fog computing addresses this challenge by
utilizing intelligent gateways at the network edge, optimizing resource allocation and
improving overall system performance [42].

Recent research highlights various applications of fog–cloud computing in enhancing
system performance across multiple domains. For instance, air quality monitoring and
forecasting systems benefit from fog computing by integrating the IoT, LPWANs, and deep
learning models for real-time environmental analysis. The fog-enabled Air Quality Monitor-
ing and Prediction (FAQMP) system utilizes Smart Fog Environmental Gateways (SFEGs)
for localized deep learning processing, ensuring real-time predictions while optimizing
resource usage [43].

Similarly, low-cost and automated monitoring systems employing edge AI computing
have demonstrated effectiveness in the real-time observation of environmental dynam-
ics. Such systems can be leveraged for library environments to monitor air quality, user
occupancy, and energy consumption patterns, contributing to sustainable smart library
ecosystems [44].

Furthermore, the convergence of cloud computing, fog computing, machine learning,
and the IoT has opened new possibilities for intelligent data processing. Fog computing
alleviates network burdens by enabling resource-intensive computations closer to the data
source. Machine learning techniques, including object and text detection models, can be
deployed within fog nodes to improve information retrieval and automation in library
management systems [45].

Another emerging challenge is ensuring seamless data migration and synchronization
between cloud and fog environments. Existing frameworks, such as FETCH, integrate
deep learning and automated monitoring to enhance system compatibility, particularly in
health monitoring applications. Applying similar frameworks in library systems could
facilitate efficient data handling, reducing latency and improving service reliability through
optimized fog–cloud interactions [46].
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By incorporating these technological advancements, this study proposes a novel frame-
work for integrating the IoT and AI in university libraries, aiming to enhance environmental
conditions and optimize user experiences.

2.5. Literature Comparison

To further elucidate the unique contributions of this study, a comparison with similar
research in the field is presented. Table 1 summarizes the key findings from previous studies,
outlining the environmental factors, data collection methods, machine learning techniques,
and innovative approaches. This structured comparison emphasizes the distinguishing
elements of this research, highlighting how it extends and refines existing knowledge in
the domain of smart library systems and environmental optimization.

Table 1. Comparison of environmental factors and methods in related studies.

Study Environmental
Factors Used

Data Collection
Methods

Machine Learning/
Analysis Methods

Contributions and
Innovations

What is the Added
Value of Our Paper?

[21] Noise Surveys and
observations -

Highlights the
negative effects of

noise on academic per-
formance.

By analyzing noise and
other environmental factors

together, more
comprehensive results

are presented.

[19]
IAQ (indoor air
quality), light,
and acoustics

Physical
measurements

and surveys
-

Examined the impact
of environmental

factors in the library
on user experience.

Combines environmental
factors in the library with
user feedback and allows
more efficient monitoring

through IoT sensors.

[22]
Temperature,

humidity, CO2,
noise, and light

Environmental
sensors and

portable devices
-

Provides suggestions
for monitoring and
optimizing various

environmental factors.

This study analyzes sensor
data with machine learning

algorithms and improves
environmental factors
through more detailed

decision support systems.

[23]
Acoustic, visual,

and thermal
comfort

Portable devices -

Proposes
improvements to
comfort levels in

library environments.

More personalized
environmental

improvements are achieved
using IoT-enabled sensors

and user feedback.

[24] IAQ (indoor air
quality)

Environmental
sensors -

Investigated the
impact of the IAQ on

student concentration.

IAQ optimization can be
conducted dynamically and
instantaneously with sensor
data and machine learning.

[25] IAQ, light, and
acoustics

Surveys and
physical

measurements
-

Evaluated the
experiences of

students and academic
staff regarding the

indoor environmental
quality (IEQ) in

library environments.

In this study, more precise
environmental control is

provided, optimized
through student and

staff feedback.

[26]

Service
accessibility,

interior design,
and

environmental
factors

Surveys and
observations Regression analysis

Investigated the effect
of environmental

factors in libraries on
user satisfaction.

With IoT- and AI-based
solutions, the continuous

monitoring of
environmental factors and

data-driven decision
support systems

are proposed.
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Table 1. Cont.

Study Environmental
Factors Used

Data Collection
Methods

Machine Learning/
Analysis Methods

Contributions and
Innovations

What is the Added
Value of Our Paper?

[27] Air quality and
noise

Sensors and
AI-based data AI

Suggested ways to
optimize air quality

and noise levels.

Real-time data analysis
enables more effective

improvement in
environmental conditions.

[28]
IAQ,

temperature, and
acoustics

Surveys and
sensors -

Investigated the
priorities of library

users regarding
environmental factors.

This study offers more
flexible and dynamic

environmental optimization
through user feedback.

[29]
Temperature,

light, acoustics,
and IAQ

Surveys and
observations -

Analyzed the impact
of poor environmental

conditions on
education and

learning.

Continuous monitoring
with IoT sensors allows
faster and more targeted

environmental
improvements.

[30] Temperature,
noise, and light

Sensors and
observations -

Tested the
environmental factors

affecting
learning efficiency.

Sensor data and machine
learning facilitate rapid

adaptation to
environmental conditions.

[31] IAQ and noise IoT sensors -
Proposed IoT-based

solutions for IAQ and
noise management.

Real-time feedback is
provided with IoT- and
AI-based environmental

monitoring systems.

[32] IAQ and thermal
comfort

Surveys and
sensors -

Investigated how IoT
technologies can be

more effectively
utilized in library

environments.

In this study, the continuous
optimization of

environmental data is
ensured with IoT and

AI integration.

[33] Thermal comfort Sensors and AI Machine learning
(Extra Trees classifier)

Used IoT and machine
learning for personal

thermal
comfort modeling.

Environmental factors are
dynamically optimized

according to
personal preferences.

[34] IAQ Sensors and
microcontrollers AI Developed an IAQ

assessment system.

Integration of IAQ data with
user feedback and

environmental factors
provides more

comprehensive monitoring.

[35] IAQ Biometric data
and IoT sensors AI

Conducted IAQ
analysis with

biometric data.

This study enables real-time
environmental monitoring

using a broader sensor
network integrated

with IoT.

[36]
CO2, PM, NOx,

VOCs, and water
quality

IoT sensors Machine learning
Developed IoT-based

environmental
monitoring systems.

Real-time data analysis and
machine learning enable

more efficient management
of environmental data.

[37] Environmental
factors IoT devices -

Proposed IoT
solutions for library

infrastructure
and security.

More detailed data analysis
focused on infrastructure

management and user
satisfaction is achieved

with IoT.

[38] Environmental
factors IoT devices -

Increased user
satisfaction by

integrating IoT into
library infrastructure.

By combining IoT-enabled
environmental optimization
and security solutions, more
secure and efficient library

environments are provided.



Appl. Sci. 2025, 15, 3792 8 of 32

Table 1. Cont.

Study Environmental
Factors Used

Data Collection
Methods

Machine Learning/
Analysis Methods

Contributions and
Innovations

What is the Added
Value of Our Paper?

[39] Environmental
factors IoT devices -

Introduced IoT and AI
solutions for “smart

libraries”.

Continuous optimization of
environmental factors is

achieved with AI and IoT
integration, enhancing the

user experience.

[40] Environmental
factors

Sensors and IoT
devices -

Ensured local data
processing with cloud

and fog computing
integration.

In this study, environmental
data are processed and
optimized more quickly

through IoT and fog
computing integration.

[41] Environmental
factors IoT devices -

Local data processing
was enabled using fog

computing.

Machine learning- and
AI-based solutions are

provided for faster
processing of

environmental factors.

[42] Environmental
factors IoT devices -

Overcame data
transfer bottlenecks in
IoT devices with fog

computing.

This study ensures faster
data flow through IoT
devices and AI-based

solutions for optimizing
environmental data.

[43]

Air quality
(AQI),

temperature,
humidity, and
Gas Sensors

IoT sensors and
data

transmission via
LPWAN (LoRa)

Seq2Seq GRU
Attention,

Post-Training
Quantization (PTQ)
Model Optimization

Provides optimized
real-time air quality
prediction with fog

computing, with
model reduction for

operation on low-cost
devices.

This study integrates not
only air quality but also

light, sound, temperature,
and user feedback to

achieve a more
comprehensive

optimization. Additionally,
it provides actionable,

user-experience-oriented
recommendations rather

than relying solely on
predictive models.

[44]

Wastewater
Pumping (Fat,
Grease, Solid

Waste
Accumulation),

Water Level,
Flow Rate, and
Surface Vortices

Camera-based
Imaging System

and local
processing via

edge AI

Deep learning-based
Computer Vision

Algorithms (Image
Analysis, Shape
Change, Flow

Dynamics)

Optimizes
maintenance planning

for wastewater
stations, offering

low-cost and
long-term data

collection.

This study combines
multiple environmental

factors (light, sound,
temperature, humidity, air
quality, user feedback) for

real-time optimization and a
decision support system

that enhances user
experience. Additionally,

the fog–cloud architecture
ensures data security and

efficient data transfer.

[45]

IoT devices,
Network Load
Reduction, and

Resource-
Intensive
Functions

IoT devices,
sensor data, and

data
communication

Machine learning
(object detection, text
detection, algorithms)

Reduces network load
with fog computing,
enabling advanced
tasks like object and

text detection via
machine learning.

It not only reduces network
load but also combines a

wide range of
environmental factors with

user feedback to provide
deeper, real-time

optimizations. The system
dynamically improves both
the physical environment

and user experience,
offering real-time

recommendations for more
effective decision support.
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Table 1. Cont.

Study Environmental
Factors Used

Data Collection
Methods

Machine Learning/
Analysis Methods

Contributions and
Innovations

What is the Added
Value of Our Paper?

[46] Health data (e.g.,
Heart Disease)

Edge Computing
Devices and

Deep Learning
Technology

Automated
monitoring and deep

learning-based
analysis

Focuses on solving
device latency and
high-data-volume

issues in health
systems.

Unlike this study, this study
goes beyond health data by

integrating various
environmental factors such
as air quality, light, sound,

temperature, humidity, and
user feedback. This offers
real-time, dynamic, and
multi-dimensional data

analysis, enhancing not only
system performance but

also personalized
recommendations to

actively improve user
experience, especially in

complex environments like
libraries with dynamic

user interactions.

2.6. Contributions to the Literature

This study makes the following contributions to the literature:

• This study goes beyond traditional approaches that rely solely on environmental
sensors by introducing an integrated system that combines IoT sensor data, real-
time image-based occupancy tracking, and direct user feedback. By developing a
multi-dimensional optimization model, it transforms passive study environments into
adaptive, user-responsive intelligent spaces, making a significant contribution to the
literature on smart libraries.

• This research introduces a first-of-its-kind hybrid environmental assessment model,
addressing the gap between previous studies that predominantly focus on either ob-
jective (sensor-based) or subjective (survey-based) evaluations. By combining both
approaches, this study leads to a more accurate and personalized environmental opti-
mization method. The hybrid framework enables a dynamic learning process, where
continuous user feedback refines the optimization model, enhancing its robustness
and context-awareness.

• This research uniquely integrates real-time and long-term environmental data anal-
ysis, enabling trend identification and sustainable management strategies beyond
snapshot-based studies. By examining gradual changes in air quality, noise, temper-
ature, humidity, and lighting, it reveals their impact on user productivity over time,
making the approach highly relevant for dynamic workspaces. While initially focused
on university libraries, the model is scalable to various smart work environments,
demonstrating how the IoT and AI enhance adaptability. Additionally, the interactive
interface not only monitors conditions but also provides actionable insights, allowing
facility managers to implement proactive, data-driven improvements for an optimized
learning and working environment.

• This research introduces a unique open-source dataset that combines IoT-based sensor
readings with user feedback, offering a valuable resource for future studies on smart
environments, human–computer interaction, and AI-driven space optimization. By
filling a major gap in the literature, this dataset enables further exploration of the
relationship between environmental conditions and cognitive performance.
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3. Proposed System Model
In this study, specific hardware and software were utilized to collect environmental

data. The collected data were processed and analyzed using predefined methods for
training machine learning algorithms, with Python 3.11 employed for data processing and
analysis. The materials used were systematically evaluated at each stage to ensure the
reliability of the results. The steps taken to ensure the reliability and consistency of the data
were carefully planned and integrated into the methodology, aligning with the objectives
of this research.

Figure 1 presents an integrated system architecture developed for environmental
quality prediction in a library environment. This system collects real-time environmental
parameters through IoT sensors and user feedback, analyzes the interaction between the
environment and the occupancy levels, and evaluates the gathered data. The collected data
undergo preprocessing and are subsequently analyzed using machine learning algorithms,
generating real-time environmental quality predictions. This multi-layered approach
aims to optimize environmental monitoring and management processes in the library
by providing a more effective, data-driven, and user-oriented model. The methodology
seeks to offer high accuracy and efficiency in environmental quality assessment, ultimately
fostering a healthier and more productive academic environment.
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3.1. Real-Time Data Collection and Integration

This phase involves the real-time collection of data from environmental sensors and
user feedback, followed by the integration of these data into a centralized platform. The
sensors continuously monitor environmental parameters, providing a continuous data
stream, while user feedback is collected and integrated with sensor data, making it suitable
for subsequent analytical processes within the system.

As shown in Figure 2, this study is designed to monitor and analyze the user experience
in a library by integrating environmental sensors and visual perception technologies. The
ESP WROOM 32 microcontroller (F), sourced from Espressif Systems, located in Shanghai,
China, collects environmental data through the following sensors: the MQ135 sensor
(B), sourced from Hanwei Electronics, located in Zhengzhou, China, which measures air
quality (CO2, CO, ammonia, and other gases); the LDR sensor (C), sourced from Adafruit
Industries, located in New York, NY, USA, which detects light intensity; the HTU21D sensor
(A), sourced from TE Connectivity, located in Schaffhausen, Switzerland, which records
the temperature and humidity levels; the DFR0034 sensor (D), sourced from DFRobot,
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located in Beijing, China, which detects sound levels; and the SGP30 sensor (E), sourced
from Sensirion, located in Stäfa, Switzerland, which measures TVOC and eCO2 levels. The
collected environmental data are transmitted to a central computer via Wi-Fi using the
MQTT protocol. By utilizing a Raspberry Pi 4B (H) sourced from Raspberry Pi Foundation,
located in Cambridge, UK, and Raspberry Pi Camera (G), ourced from Raspberry Pi
Foundation, located in Cambridge, UK, the number of people in the library is monitored
in real time, and crowd density analysis is performed. Camera data are processed with
the OpenCV library (version 4.5.3) and synchronized with the environmental data. This
enables a more comprehensive examination of the effects of environmental factors on the
user experience. The data are transmitted via Wi-Fi and saved as timestamped CSV files on
the central computer (I), while Python 3.11 is employed for data recording and analysis. The
entire system is powered by a portable power bank, making it mobile and adaptable for use
in different environments. Additionally, user feedback is gathered via a QR code (J) linked
to a Google Forms survey (K), which is stored on Google Sheets and synchronized with the
environmental data based on timestamps. This method facilitates a more detailed analysis
of the impact of environmental factors on the user experience. The data collection process
was carried out in the main reading hall of Düzce University Library, selected due to its
users’ sensitivity to environmental factors and the high traffic in the library.
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Figure 2. Visual process of dataset preparation by integrating environmental sensor data and
user feedback.

During the dataset creation phase, environmental data, visual perception data, and
user feedback were integrated by aligning them at specific time intervals. The data obtained
from the sensors were transmitted via Wi-Fi and stored as timestamped CSV files on the
central computer. These data were then synchronized with the user feedback collected
from the surveys and aligned based on timestamps to allow for an analysis of the impact of
each environmental factor on the user experience. User feedback, gathered via the QR code,
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was stored concurrently with the environmental sensor data, resulting in a comprehensive
dataset. The user feedback was categorized into sections such as library usage habits,
environmental conditions (noise, light, temperature, ventilation, crowd), and health and
comfort status. This categorization enabled a more detailed investigation of the effects of
environmental factors on the library experience. This process ensured that both sensor data
and user feedback were integrated into a single dataset, providing a robust and meaningful
basis for further analysis.

3.2. Dataset Overview and Data Preprocessing

The dataset consists of a range of components related to environmental factor mea-
surements, user feedback, crowd density data in the library, and the timestamp for each
record. The sensor data encompass environmental parameters such as light, CO2, tempera-
ture, humidity, sound, TVOCs, and eCO2, while user feedback provides insights into the
perception of environmental conditions and overall user experience. The crowd density
data were collected using Raspberry Pi to detect the number of individuals in the library,
and the timestamp enables the accurate temporal association of each data point.

Categorical data were transformed into numerical values using the Label Encoding
method, which is commonly employed in machine learning applications to facilitate data
modeling [47]. For instance, qualitative user feedback ratings—such as “very sufficient”,
“sufficient”, “indifferent”, “insufficient”, and “not sufficient at all”—were mapped to
numerical values of 5, 4, 3, 2, and 1, respectively. This conversion enabled the integration
of categorical data into the analysis, thereby improving the overall effectiveness of the
modeling process. Following this transformation, sensor data were correlated with the
numerically encoded user feedback categories to facilitate comprehensive analysis.

During the data preprocessing phase, the dependent variable, representing the environ-
mental quality level (e.g., environmental condition classification based on user feedback),
was identified, while independent variables, including the sensor data and crowd density,
were selected as key predictive factors [48]. A thorough examination of class distribution re-
vealed an imbalance, necessitating the application of the Synthetic Minority Over-sampling
Technique (SMOTE) to generate additional samples for underrepresented classes. This
approach has been demonstrated to improve model performance by ensuring that minority
class instances are adequately learned while also mitigating overfitting risks [49].

To further explore the characteristics of the dataset, various visualization techniques
were utilized. Histograms were employed to examine the distribution of variables, allowing
for the identification of patterns and potential anomalies within the data [50]. Additionally,
correlation analysis was conducted to assess the relationships between different environ-
mental parameters and user feedback, providing deeper insights into the dependencies
among variables [51].

Following the numerical encoding process, sensor data and user feedback were syn-
chronized based on their respective timestamps. This alignment ensured that each data
point was accurately associated with its corresponding environmental conditions and user
perception, thereby creating a structured and temporally coherent dataset.

To enable a more comprehensive environmental assessment, CO2, TVOC, and eCO2

measurements were integrated to represent overall ventilation conditions. Similarly, the
temperature and humidity parameters were grouped to facilitate a more holistic analysis of
indoor environmental quality. Finally, feature selection techniques were applied to refine
the dataset, enhancing model accuracy by prioritizing the most relevant attributes for
predictive analysis.

Table 2 presents the distribution of sensor data based on the classes, providing a
detailed insight into how the sensor data are distributed across each class. It allows for a
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systematic examination of the data collection density of specific sensor readings within
each class.

Table 2. Distribution of sensor data by class.

Class 1 Class 2 Class 3 Class 4 Class 5 Total

Sound sensor value (dB) 1418 1788 1504 2166 1438 8314

Light sensor value (lux) 1245 1697 1660 2296 1741 8639

Temperature sensor value (◦C) 1054 1469 1465 1662 1404 7054

Humidity sensor value (%) 1054 1469 1465 1662 1404 7054

CO2 sensor value (ppm) 1502 1755 1730 2534 1713 9234

eCO2 sensor value (ppm) 1502 1755 1730 2534 1713 9234

TVOC sensor value (ppb) 1502 1755 1730 2534 1713 9234

Crowd sensor value (Count) 1942 2175 1697 2974 1546 10,334

3.3. Selection and Application Methods of Machine Learning Algorithms

Machine learning (ML) is a subfield of artificial intelligence focused on learning from
data and making predictions based on the learned information. ML offers a variety of
techniques for different data types and problem areas, one of which is supervised learn-
ing [52]. Supervised learning is a type of machine learning that aims to make predictions
using algorithms trained on labeled data. Essentially, this method operates in two main
categories: classification and regression. Classification refers to the process of assigning
examples in a dataset to specific classes. Within the supervised learning framework, classifi-
cation is studied in three primary types: binary classification, multi-class classification, and
multi-label classification. Binary classification involves dividing data into two categories,
such as “spam” and “not spam”, while multi-class classification differentiates between mul-
tiple classes, for example, identifying types of network attacks. Multi-label classification
allows each example to be assigned multiple labels, such as a news article belonging to
categories like “technology”, “city news”, and “breaking news”. Common algorithms used
for classification tasks include Logistic Regression (LR), Support Vector Machines (SVMs),
Random Forests (RFs), K-Nearest Neighbors (KNNs), Decision Trees (DTs), XGBoost, and
Naive Bayes (NB). These algorithms are successfully applied in various domains, including
natural language processing (NLP), image recognition, and fraud detection [53].

3.3.1. Logistic Regression (LR) Algorithm

Logistic Regression is used for binary classification to predict the probability of class
membership, using the sigmoid function to convert data into probabilities between 0 and 1.
Parameters are optimized through maximum likelihood estimation or gradient descent,
allowing for the interpretation of independent variables’ effects on the target variable [54].
It is efficient for small to medium datasets and works well with linearly separable data,
though overfitting can occur with nonlinear relationships or many variables. Regularization
and hyperparameter tuning are key for improved performance [55].

3.3.2. Naive Bayes Algorithm

Naive Bayes is a fast, efficient classification method based on Bayes’ Theorem, assum-
ing feature independence. It calculates the conditional probability of each feature belonging
to a specific class and combines these probabilities to make decisions. There are three types:
Gaussian Naive Bayes for continuous data (normal distribution), Multinomial Naive Bayes
for discrete data (e.g., text or word frequencies), and Bernoulli Naive Bayes for binary
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data. It is widely used in text classification, spam detection, sentiment analysis, medical
diagnosis, and cybersecurity. However, feature dependencies and unobserved feature
values can reduce its effectiveness, with techniques like Laplace smoothing addressing
these issues [56].

3.3.3. K-Nearest Neighbors (KNNs) Algorithm

K-Nearest Neighbors (KNNs) is a versatile algorithm used for classification and
regression tasks [57]. It classifies new data points by measuring distances to the K-Nearest
Neighbors in the feature space and assigning the majority class for classification or the
average for regression [58]. The algorithm is based on the principle of “like attracts like”,
where a point’s class is determined by its closest neighbors [48].

KNNs’ performance relies on the choice of distance metric, such as Euclidean, Man-
hattan, or Minkowski distances. Euclidean distance is the most common for continuous
variables, while Manhattan is used for grid-like data, and Minkowski can generalize to
both [59]. The choice of metric can significantly impact classification accuracy depending
on the dataset structure [60]. KNNs’ effectiveness is influenced by the value of K and the
dataset size, with optimal choices leading to high accuracy and flexibility [61].

3.3.4. Decision Tree Algorithm

The Decision Tree algorithm is a supervised learning method that classifies or regresses
data by creating a tree-like structure of nodes, branches, and leaves [62]. At each node, a
feature is tested, directing data points down the appropriate branch until reaching a leaf
node that represents a class [63]. The algorithm uses criteria like the Gini Index and Entropy
to optimize splits. The Gini Index measures class purity, with values closer to 0 indicating
purer subsets, while Entropy measures disorder, also aiming for low values [64]. Although
Decision Trees are interpretable, they are prone to overfitting, requiring constraints to
prevent excessively deep trees [65]. They can handle both numerical and categorical data,
but overly complex trees may reduce model transparency [66].

3.3.5. Random Forest Algorithm

Random Forest is a machine learning algorithm used for classification and regres-
sion [67]. It combines multiple Decision Trees, aggregating their predictions to improve
accuracy and reduce overfitting. The algorithm uses bootstrap sampling and random fea-
ture selection to diversify trees and balance predictions [68]. Random Forest performs well
with high-dimensional datasets, even with missing values, and is resilient to class imbalance
and outliers. However, its complexity requires substantial computational resources [69].

3.3.6. Support Vector Machine (SVM) Algorithm

Support Vector Machine (SVM) is a powerful machine learning algorithm used for
classifying both linear and nonlinear data [70]. It works by identifying the optimal decision
boundary (hyperplane) that maximizes the margin between classes using support vectors,
which are the data points closest to the boundary [71]. SVM is widely applied in various
fields, such as image processing, text classification, and biological applications, and is also
integral to technologies like self-driving cars and chatbots. For linear classification, SVM
uses a “Hard Margin” for perfectly separable data and a “Soft Margin” for data with some
errors [72]. Nonlinear data are handled using kernel functions, such as linear, polynomial,
RBF, and sigmoid [73].

3.3.7. XGBoost (Gradient Boosting) Algorithm

XGBoost, developed by Tianqi Chen, is a high-performance machine learning algo-
rithm using gradient-boosted Decision Trees (GBDTs) optimized for speed and memory



Appl. Sci. 2025, 15, 3792 15 of 32

usage with large datasets [74]. It employs gradient boosting, regularized boosting, and
stochastic boosting, using regularization to prevent overfitting. New trees are built on
residuals from initial predictions, minimizing loss [75]. The learning rate controls the model
speed. Parallel processing, missing data handling, and optimization techniques enhance
XGBoost’s accuracy, efficiency, speed, and flexibility [76].

3.4. Performance Measurement of Machine Learning Classification Algorithms

This study uses various performance metrics to evaluate the classification performance
of machine learning models, focusing on accuracy, precision, and generalization ability.
The definitions of these metrics are provided below.

3.4.1. Confusion Matrix

The confusion matrix evaluates classification model performance by comparing pre-
dicted values with actual ones, allowing the calculation of metrics such as the accuracy,
precision, recall, and F1 score. It identifies four outcomes: True Positive (TP), where the
model correctly predicts the positive class; False Positive (FP), where a negative instance is
incorrectly predicted as positive; True Negative (TN), where the model correctly predicts
the negative class; and False Negative (FN), where a positive instance is wrongly predicted
as negative. These metrics are especially useful in imbalanced datasets for assessing model
strengths and weaknesses [77].

3.4.2. Accuracy

The accuracy is the ratio of the total number of correct predictions made by the model
to the total number of observations. This metric indicates the overall success of the model.
The calculation is conducted using the formula given in Example 1 below:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

3.4.3. Precision

Precision is the ratio of the number of truly positive observations among the ones
that the model predicted as positive. This metric shows the model’s confidence in positive
classes. The calculation is conducted using the formula given in Example 2 below:

Precision =
TP

TP + FP
(2)

3.4.4. Recall

Recall is the ratio of correctly predicted positive observations to the total number
of truly positive observations. This metric shows the model’s ability to correctly capture
positive classes. The calculation is conducted using the formula given in Example 3 below:

Recall =
TP

TP + FN
(3)

3.4.5. F1 Score

The F1 score is the harmonic mean of precision and recall. It aims to maintain a good
balance between both precision and recall. The calculation is conducted using the formula
given in Example 4 below:

F1 =
Precision × Recall
Precision + Recall

(4)

These metrics help evaluate the model’s performance in different aspects and assist in
selecting the best classifier [48].



Appl. Sci. 2025, 15, 3792 16 of 32

3.4.6. ROC Curve

The ROC curve is used to assess the performance of classification models, particularly
in imbalanced datasets [78]. It plots the True Positive Rate (TPR) against the False Positive
Rate (FPR) across various thresholds. The TPR represents the proportion of correctly
identified positive cases, while the FPR shows the proportion of negative cases incorrectly
identified as positive. The curve helps visualize the model’s ability to distinguish between
classes and adjust its decision boundary effectively [79].

3.5. Methods Used in the Machine Learning Phase

The hyperparameters of all algorithms used in model training and their assigned
values are summarized in Table 3. For each model, the dataset was split into 80% train-
ing and 20% test data, and all hyperparameter optimizations were performed using the
GridSearch method. GridSearchCV aims to find the best result by systematically testing all
combinations of hyperparameters, but it requires significant computational power. This
method ensures that the model is optimized with the best parameters by evaluating all
possibilities to achieve more accurate results [80].

Table 3. Hyperparameters of the machine learning algorithms used and the values determined
by GridSearch.

Algorithm P1 P2 P3 P4 P5 P6 Combinations

Logistic
Regression

Parameter C class_weight max_
iterations Solver Tolerance 40

Value 3 Balanced 5000 liblinear 0.0001

Naive
Bayes

Parameter Priors Var_
smoothing 450

Value Auto 20

Random
Forest

Parameter Criterion n_estimators Max_depth Min_
samples_leaf

Min_samples
split 1600

Value Gini 300 30 1 2

Decision
Trees

Parameter Criterion Class_weight Max_depth Min_samples
leaf

Min_samples
split Splitter 640

Value Gini Balanced 30 1 2 Best

KNNs
Parameter Algorithm Lead_size Metric N_neighbors P Weights 2592

Value Auto 20 Manhattan 3 1 Distance

SVM
Parameter C Gamma Kernel Degree 56

Value 10000 10 Rbf 2

XGBoost
Parameter Learning

rate Max_depth N_estimator Subsample Gamma Reg_alpha 729

Value 0.08 7 130 0.9 0.15 0.7

While other optimization techniques such as RandomizedSearchCV, metaheuristics,
and bio-inspired algorithms (e.g., genetic algorithms) could also be applied, GridSearchCV
was selected for this study because of its systematic approach. Given the relatively lim-
ited and well-defined range of hyperparameters in this study, a more comprehensive
search approach like GridSearchCV was deemed appropriate to thoroughly explore all
potential parameter combinations. Additionally, the methods mentioned, such as Ran-
domizedSearchCV, would provide faster results but might not guarantee the thorough
evaluation of every possible combination, which is crucial for ensuring the most accurate
model performance.
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The cross-validation value used in model evaluation was set to 10. Cross-validation
allows the model to be tested on different subsets of the data, providing a more reliable
evaluation, and is generally used to improve the model’s generalizability [81]. This system-
atic approach ensured that each algorithm worked with optimal settings and allowed for a
fair comparison of model performances [82].

In the evaluation of the results, various metrics such as the F1 score, precision, recall,
confusion matrix, ROC-AUC curve, and precision–recall curve were used to measure model
performance. Additionally, resource consumption metrics such as training and testing
times and memory usage were also considered. These comprehensive analyses aim to
reveal the overall efficiency and accuracy of each model in detail, and the performance
findings will be presented in detail in the following sections.

3.6. Application Interface Design

The application uses pre-trained machine learning models to analyze incoming sensor
data. Each environmental factor (sound, light, temperature, humidity, eCO2, CO2, TVOCs,
and crowd) has a dedicated model. Additionally, a “general assessment” model integrates
data from all sensors to provide an overall evaluation.

The application uses pre-trained machine learning models (.pkl files) for each environ-
mental sensor and a general assessment. Different algorithms were tested during training,
and the best-performing model (based on accuracy, precision, recall, and F1 score) was
selected for each sensor and the general assessment.

This systematic approach aims to provide the highest prediction accuracy and reliabil-
ity for each sensor and the general assessment, offering users reliable data to make more
informed and effective decisions. The user interface of the application, as presented for
user service, is shown below.

Figure 3 presents an interface that visualizes environmental quality by analyzing various
parameters, including sound, light, temperature, ventilation, and crowd density. Color-coded
graphs indicate the positive and negative impacts of each parameter, providing a quick
overview of the overall environmental condition. This clear data visualization enables users
to understand the environment and take appropriate actions for improvement.
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crowd). Measurement results are clearly presented, with green indicating positive effects
and red indicating negative effects, allowing for easy interpretation. Users can quickly
identify which factors are negatively impacting the overall environmental quality score.
This design prioritizes the clear and understandable presentation of environmental data.

The interface presents a detailed environmental evaluation, visualized through graphs
and other elements. This includes an overall score, a breakdown of how each environmental
parameter (sound, light, temperature, ventilation, crowd) contributes to that score, and
the visualization of their positive/negative impacts. This allows users to understand the
overall environment and identify specific areas for improvement.

The interface evaluation results, including visualizations, will be detailed. This dis-
cussion will cover the overall score, score decline distribution, and environmental parame-
ter impacts.

3.7. Proposed Fog–Cloud Architecture

Higher education institutions are facing challenges arising from the increasing number
of students, the diversification of educational activities, and technological advancements. In
this context, the concept of a smart campus represents the vision of creating an efficient, sus-
tainable, secure, and user-centered learning environment. In alignment with our university’s
smart campus vision, this project, which initially started with the smart library project and is
planned to gradually expand to different campuses and buildings (such as faculties, cafeterias,
administrative buildings, etc.), highlights the need for a next-generation computing infras-
tructure that involves the collection, processing, and analysis of large amounts of data. While
the existing system was initially designed to collect data from a single library, the projected
expansion of the project requires data to be gathered from multiple campuses and different
types of buildings, with real-time processing of these data. This situation could render a
traditional, centralized cloud-based approach insufficient, leading to latency, bandwidth, and
scalability issues. To overcome these challenges and establish a scalable, flexible, reliable,
and efficient computing infrastructure that will form the foundation of the smart campus
ecosystem, a fog–cloud-based architecture, as presented in Figure 1, is proposed.

Figure 4 illustrates the data flow, starting from the distributed sensors (Layer 1) across
three different campuses (Main Campus, North Campus, South Campus) and various
buildings within these campuses (library, faculty buildings, cafeterias, administrative
buildings, etc.), extending through edge devices (Layer 2), the fog layer (Layer 3), data
communication (Layer 4, MQTT protocol), and up to the cloud layer (Layer 5). This
proposed architecture is based on the principle of processing data close to the source (fog
layer), aiming to offer critical advantages such as real-time data analysis across the campus,
fast response times, optimized resource utilization, and enhanced data security.

The fog–cloud infrastructure optimizes the data flow between IoT devices, the cloud,
and the fog, providing low latency and high bandwidth. The fog computing layer typically
performs data processing and storage locally, reducing dependence on cloud systems. This
layer is commonly used in areas such as industrial automation, smart cities, healthcare, and
agriculture, especially to meet high processing power and real-time data analysis requirements.
Fog computing also offers additional advantages, such as local data sharing between devices,
enhanced security measures, and optimized network management. This not only leads to the
more efficient use of cloud resources but also increases the capacity to respond faster to users.
Furthermore, fog computing provides local analytics to monitor the lifecycle and performance
of IoT devices, ensuring energy savings and system efficiency [83].

The fog–cloud infrastructure consists of three layers: the cloud, fog, and IoT layers.
The cloud layer includes cloud servers, the fog layer consists of fog servers, and the IoT
layer encompasses IoT devices. The fog computing layer, similar to the cloud layer but
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operating on a smaller scale, provides data, processing, network, and storage services to
end users. Fog nodes can be devices such as smart gateways, routers, or embedded servers.
Fog computing resides between the cloud and IoT layers, being closer to IoT devices, which
results in low latency and high bandwidth. It is a critical model, especially for dynamic
networks like the IoT and VANET. With its processing capacity near the user, it offers a
potential solution for delivering services required by IoT and VANET users [84].
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In the Conclusions and Discussion Section of this study, the feasibility of this architec-
ture, the advantages it offers, and its impact on the campus ecosystem will be elaborated.
It will be emphasized that the fog layer reduces latency and enhances system security by
performing data processing closer to the source. Additionally, the potential for this model
to be expanded across the campus in the future and adapted to different use scenarios will
be discussed.

4. Results
This section presents the results, beginning with data augmentation method findings,

followed by a detailed discussion of machine learning algorithm performance comparisons for
environmental data (sound, light, temperature, crowd, ventilation) and an overall evaluation.

4.1. Findings Obtained from the Data Augmentation Process

In real-world scenarios, achieving a perfectly balanced dataset is often impractical. In
this study, data imbalance stems from natural factors such as the irregular nature of user
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feedback and the variability in environmental conditions. Users tend to be more active at
certain hours or focus more on specific topics, leading to an uneven data distribution. For
instance, variations in air quality and temperature may be more pronounced at specific
times, resulting in a limited amount of data collected under certain conditions.

The initial dataset exhibited imbalanced class distribution, with classes 1 and 4 overrepre-
sented, potentially hindering model performance. This section analyzes datasets augmented
using the SMOTE, evaluating class distribution, correlation, and outlier detection.

The impact of data augmentation on addressing class imbalance by increasing minority
class examples is examined. The analysis of class distribution clearly visualizes these effects.
Figure 5 displays the class distribution of the original dataset, while Figure 6 illustrates the
improvements achieved after applying the SMOTE.

Appl. Sci. 2025, 15, 3792 21 of 34 
 

 

Figure 5. Class distribution of the original dataset. 

The original dataset exhibited a highly imbalanced class distribution, with classes 1 
and 4 being overrepresented. After applying the SMOTE for data augmentation, the class 
distribution became significantly more balanced. Figure 5 shows the original distribution, 
while Figure 6 illustrates the improvement after the SMOTE, with a more even 
representation of all classes. This balance is expected to reduce the model’s bias toward 
the overrepresented classes and improve its overall performance. 

 

Figure 6. Class distribution of the dataset augmented with the SMOTE method. 

4.2. Comparison of Machine Learning Algorithms’ Performance 

Figure 5. Class distribution of the original dataset.

Appl. Sci. 2025, 15, 3792 21 of 34 
 

 

Figure 5. Class distribution of the original dataset. 

The original dataset exhibited a highly imbalanced class distribution, with classes 1 
and 4 being overrepresented. After applying the SMOTE for data augmentation, the class 
distribution became significantly more balanced. Figure 5 shows the original distribution, 
while Figure 6 illustrates the improvement after the SMOTE, with a more even 
representation of all classes. This balance is expected to reduce the model’s bias toward 
the overrepresented classes and improve its overall performance. 

 

Figure 6. Class distribution of the dataset augmented with the SMOTE method. 

4.2. Comparison of Machine Learning Algorithms’ Performance 

Figure 6. Class distribution of the dataset augmented with the SMOTE method.



Appl. Sci. 2025, 15, 3792 21 of 32

The original dataset exhibited a highly imbalanced class distribution, with classes
1 and 4 being overrepresented. After applying the SMOTE for data augmentation, the
class distribution became significantly more balanced. Figure 5 shows the original distri-
bution, while Figure 6 illustrates the improvement after the SMOTE, with a more even
representation of all classes. This balance is expected to reduce the model’s bias toward the
overrepresented classes and improve its overall performance.

4.2. Comparison of Machine Learning Algorithms’ Performance

This section compares the performance of machine learning algorithms (Logistic
Regression, Decision Trees, Random Forest, SVM, KNNs, XGBoost, and Naive Bayes)
applied to individual and combined sensor data, including user general evaluations.

The performance of the algorithms was evaluated using metrics such as the F1 score,
precision, recall, memory usage, training time, and testing time. Through the analysis, the
best-performing models were identified both for individual sensor data and for the overall
general evaluation. This comparison clearly reveals the impact of different sensor data and
algorithms on the user general evaluations.

4.2.1. Performance Comparison of All Algorithms on Sensor Data

The performance metrics of sensor data training algorithms are compared across
different dimensions (F1 score, precision, recall, training time, test time, and memory usage).
In this visualization, the achievements of each algorithm in these metrics are presented
in detail. Metrics such as the F1 score, precision, and recall provide crucial insights into
the classification performance, revealing the accuracy and errors of each algorithm. The
training and test times reflect the processor and time efficiency of each algorithm, while
memory usage indicates the resource consumption. This visual representation highlights
the performance differences across these metrics, allowing us to assess which algorithm
delivers more efficient and accurate results under specific conditions. This comprehensive
comparison aids in a deeper understanding of the algorithms’ overall performance in terms
of both accuracy and computational resources.

In Table 4, the performance metrics of sound training algorithms, including the F1
score, precision, recall, training time, testing time, and memory usage, are compared. K-
Nearest Neighbors (KNNs) leads in classification performance with an F1 score of 0.961, a
precision of 0.962, and a recall of 0.961, offering a significant advantage with a training time
of 109.187 s compared to other high-F1-scoring models, such as Random Forest (4125.98 s).
During the testing phase, KNNs demonstrates resource efficiency with a speed of 0.149 s and
memory consumption of 2.621 MB, making it suitable for practical applications. Although
Random Forest shows a similar F1 score (0.956), its 4125.98 s of training time and 45.102 MB
memory usage make it less scalable. Decision Trees stand out in speed-focused scenarios
with an F1 score of 0.957 and a testing time of 0.005 s. Models like Support Vector Machine
(SVM) (F1 = 0.662), XGBoost (F1 = 0.682), Naive Bayes (F1 = 0.618), and Logistic Regression
(F1 = 0.658) lag behind in terms of performance metrics.

Table 5 compares light training algorithms (KNNs, Random Forest, Decision Trees,
XGBoost, SVM, Naive Bayes, Logistic Regression). KNNs, Random Forest, and Decision
Trees have similar F1 scores (~0.74). KNNs has a high training time/memory. Random
Forest is more balanced. Decision Trees are fast and efficient. XGBoost has the fastest
training time but a lower F1 score. SVM and Naive Bayes perform poorly. Logistic
Regression uses minimal memory but has a low F1 score.

Table 6 compares temperature training algorithms (KNNs, Random Forest, Decision
Trees, XGBoost, SVM, Logistic Regression, Naive Bayes). KNNs and Random Forest have
the highest F1 score, precision, and recall (0.981) but a high training time/memory. Decision
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Trees (F1 0.979) have balanced performance and resource efficiency. XGBoost (F1 0.607) has
a fast training time but low performance. SVM and Logistic Regression perform poorly.
Naive Bayes has the lowest performance (F1 0.415) and least memory usage.

Table 4. Comparison of performance metrics of sound training algorithms.

Sound Training
Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.961 0.962 0.961 109.187 0.149 2.621

SVM 0.662 0.662 0.664 323.364 4.850 2.168

Random Forest 0.956 0.957 0.955 4125.98 0.137 45.102

Decision Trees 0.957 0.957 0.957 2777.85 0.005 32.883

XGBoost 0.682 0.695 0.677 10.212 0.054 66.902

Naive Bayes 0.618 0.628 0.615 9.898 0.017 5.297

Logistic Regression 0.658 0.656 0.667 307.733 0.350 7.000

Table 5. Comparison of performance metrics of light training algorithms.

Light Training
Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.7452 0.743 0.749 14,327.1 0.061 69.664

SVM 0.616 0.628 0.626 19,487.8 6.815 81.918

Random Forest 0.7457 0.744 0.748 5263.3 0.225 39.305

Decision Trees 0.743 0.667 0.751 30.647 0.006 14.043

XGBoost 0.664 0.667 0.671 2.584 0.038 15.465

Naive Bayes 0.613 0.626 0.615 12.955 0.010 2.891

Logistic Regression 0.622 0.626 0.635 24.623 0.162 1.945

Table 6. Comparison of performance metrics of temperature training algorithms.

Temperature
Training Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.981 0.982 0.981 3696.6 0.067 31.711

SVM 0.594 0.595 0.605 249.240 4.545 1.820

Random Forest 0.981 0.981 0.980 13,725.8 0.113 46.973

Decision Trees 0.979 0.979 0.979 507.194 0.016 12.316

XGBoost 0.607 0.608 0.612 30.615 0.049 67.668

Naive Bayes 0.415 0.459 0.442 19.217 0.008 2.609

Logistic Regression 0.552 0.564 0.563 125.52 0.150 3.871

Table 7 compares ventilation training algorithms. Random Forest has the highest F1
score (0.899) but is resource-intensive (10,182.2 s training, 18,160 MB memory). Decision
Trees (F1 0.895, 737.32 s, 10,730 MB) offer a good balance. KNNs (F1 0.894, 758.95 s) is
a balanced alternative. XGBoost (F1 0.723, 30,625 s, 70,602 MB) has a fast training time
but low performance and high memory. SVM (F1 0.659, 6990 s testing) performs poorly.
Logistic Regression (F1 0.560, 3160 MB) and Naive Bayes (F1 0.424, 5902 MB) are lightweight
but have low scores.
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Table 7. Comparison of performance metrics of ventilation training algorithms.

Ventilation Training
Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.894 0.895 0.894 758.95 0.063 11.820

SVM 0.659 0.665 0.668 452.18 6.990 3.238

Random Forest 0.899 0.901 0.899 10,182.2 0.281 18.160

Decision Trees 0.895 0.897 0.897 737.32 0.005 10.730

XGBoost 0.723 0.727 0.721 30.625 0.068 70.602

Naive Bayes 0.424 0.447 0.449 36.778 0.005 5.902

Logistic Regression 0.560 0.569 0.575 79.824 0.156 3.160

Table 8 compares crowd training algorithms. Random Forest has the highest F1 score
(0.406), precision (0.412), and recall (0.422) with moderate resource usage (1143.8 s training,
9668 MB memory). KNNs (F1 0.402, 94.98 s) is a balanced alternative. Decision Trees
(F1 0.396, 141.59 s, 0.005 s testing, 6629 MB) are fast and efficient. XGBoost (F1 0.388,
279.93 s, 86,316 MB) has a low F1 score and high memory. SVM (F1 0.268, 725,271 s) is weak.
Naive Bayes (F1 0.243, 2004 MB) has the lowest performance and least memory. Logistic
Regression (F1 0.276, 5297 MB) also has limited performance.

Table 8. Comparison of performance metrics of crowd training algorithms.

Crowd Training
Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.402 0.402 0.411 94.980 0.015 5.629

SVM 0.268 0.321 0.326 725.271 11.595 5.352

Random Forest 0.406 0.412 0.422 1143.8 0.187 9.668

Decision Trees 0.396 0.412 0.435 141.59 0.005 6.629

XGBoost 0.388 0.420 0.400 279.93 0.111 86.316

Naive Bayes 0.243 0.233 0.316 53.552 0.013 2.004

Logistic Regression 0.276 0.256 0.311 69.552 0.214 5.297

Table 9 compares general evaluation training algorithms. KNNs (F1 0.9904, 1360.9 s,
12332 MB) and Random Forest (F1 0.9902, 7309.2 s, 21,762 MB) have the highest F1 scores
but are resource-intensive. Decision Trees (F1 0.984, 330.47 s, 0.005 s testing, 8785 MB) are
the most balanced. XGBoost (F1 0.741, 20,602 s, 71,059 MB) has a fast training time but low
performance and high memory. SVM (F1 0.945, 3146.9 s, 6510 s testing) is impractical. Naive
Bayes (F1 0.429, 5992 MB) and Logistic Regression (F1 0.493, 1215 MB) are lightweight but
have low performance.

The performance analysis compared models trained on individual sensor data versus
a combined model. The combined model, analyzing all sensor data concurrently, signifi-
cantly outperformed the individual models across the accuracy, precision, recall, and F1
score metrics.

The comparative analysis highlighted KNNs’ strong performance, especially its F1
score, in the general evaluation. This justifies focusing this study on KNNs. Further analysis
findings will be detailed in subsequent sections, with a broader discussion of all algorithms
in the Conclusions.
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Table 9. Comparison of performance metrics of general evaluation training algorithms.

General Evaluation
Training Models F1 Score ↑ Precision ↑ Recall ↑ Training

Time (s) ↓
Test Time

(s) ↓
Memory

Usage (MB) ↓
KNNs 0.9904 0.9906 0.9901 1360.9 0.071 12.332

SVM 0.945 0.951 0.941 3146.9 6.510 2.902

Random Forest 0.9902 0.9905 0.9906 7309.2 0.422 21.762

Decision Trees 0.984 0.984 0.984 330.470 0.005 8.785

XGBoost 0.741 0.750 0.743 20.602 0.152 71.059

Naive Bayes 0.429 0.434 0.450 36.160 0.004 5.992

Logistic Regression 0.493 0.491 0.515 300.32 0.155 1.215

4.2.2. User General Evaluation Findings Obtained from All Sensor Data Using the
K-Nearest Neighbors (KNNs) Algorithm

Figure 7 shows the KNNs algorithm’s ROC curve, derived from all sensor data,
visualizing the sensitivity/specificity balance. The AUC value reflects the model’s class
discrimination ability and overall classification performance, evaluating its effectiveness.
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5. Discussion
This study aimed to develop an IoT-based system that evaluates the impact of var-

ious environmental factors in university libraries on user productivity, satisfaction, and
overall work quality. The collected data were analyzed using machine learning models to
determine patterns and correlations among six key environmental factors: sound, light, tem-
perature, ventilation, crowding, and overall evaluation. Seven different machine learning
models—KNNs, Random Forest, Decision Trees, SVM, Naive Bayes, Logistic Regression,
and XGBoost—were trained and tested to assess their predictive accuracy and efficiency.

The results indicate that KNNs demonstrated the highest predictive accuracy in sound
(F1 = 96.14%) and temperature analysis (F1 = 98.13%), while Random Forest outperformed
other models in light (F1 = 74.70%) and ventilation analysis (F1 = 90.14%). However, in
crowding analysis, the best-performing model (Random Forest) only achieved an F1 score
of 40.46%, suggesting that crowding prediction may require additional contextual features
or alternative modeling techniques to improve accuracy.

A key aspect of this study was the comparison between individual-sensor-based
models and a combined model that integrated data from all sensors. The findings indicate
that the combined model exhibited significantly superior performance across all major
evaluation metrics, including the accuracy, precision, recall, and F1 score. This improvement
is attributed to the inter-sensor relationship analysis, which allows the model to capture the
holistic impact of environmental conditions rather than treating each variable in isolation.
The combined model also showed better generalization capabilities, greater resilience to
noise, and improved predictive accuracy compared to models trained on single-sensor data.

In terms of computational efficiency, KNNs emerged as the most practical choice for
real-time applications due to its high accuracy and efficient memory usage (12.332 MB),
significantly lower than Random Forest (21.762 MB), despite achieving the same F1 score
(0.9904). Moreover, KNNs required only 1369 s for training, while Random Forest took
7309.2 s, making KNNs the more cost-effective approach for practical implementations.
Other models, such as SVM (F1 = 0.945) and Decision Trees (F1 = 0.941), demonstrated
competitive performance but did not match the efficiency and reliability of KNNs and
Random Forest. In contrast, XGBoost (F1 = 0.741), Naive Bayes (F1 = 0.429), and Logistic
Regression (F1 = 0.493) significantly underperformed in comparison.

Beyond machine learning performance, this study highlights the importance of a scal-
able and efficient computing architecture for smart campus applications. The proposed fog–
cloud computing framework provides low-latency processing, bandwidth optimization,
and enhanced security, ensuring seamless integration with large-scale IoT deployments.
The ability to process data locally at fog nodes reduces the reliance on centralized cloud
computing, addressing latency-sensitive applications such as real-time environmental
adjustments.

6. Conclusions
This study successfully demonstrates that environmental conditions in university

libraries play a crucial role in influencing user productivity, satisfaction, and work efficiency.
By leveraging an IoT-driven approach combined with machine learning-based predictive
modeling, this research provides valuable insights into how various environmental factors
impact user experience. The findings confirm that a holistic approach to sensor data
processing enhances predictive accuracy and reliability, with the combined sensor model
outperforming models trained on single-factor data.

Among the tested machine learning algorithms, KNNs emerged as the most efficient
model, achieving the highest F1 score (0.9904) while maintaining lower memory consump-
tion and faster training times compared to Random Forest. This makes KNNs the preferred
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model for real-time implementation in smart campus environments. Additionally, the
fog–cloud architecture proposed in this study was identified as the most suitable computa-
tional framework for smart campus applications. This hybrid architecture offers several
key advantages, including the following:

Scalability: The smart campus project is planned to start with the smart library ap-
plication and gradually expand to different campuses and various buildings (faculties,
cafeterias, administrative buildings, etc.) over time. Such growth at this scale could lead to
overloading and performance issues on central servers in a traditional cloud-based system.
However, the fog–cloud architecture addresses this issue by providing local data processing
capacity at each campus and even within each building. As new sensors, devices, and
buildings are added to the system, fog nodes can also be added, allowing the system to
scale horizontally.

Low latency: In a smart campus environment, many applications require real-time
or near-real-time response times. For example, scenarios such as automatically adjusting
lighting and ventilation based on the occupancy rate in the library, providing instant
notifications based on sound levels in classrooms, or detecting events that require rapid
intervention in emergencies (such as a fire alarm) can be adversely affected by delays at
the millisecond level, potentially negatively impacting the user experience or creating
security risks. Fog computing ensures low latency, which is critical for such applications,
by processing data at locations close to the source (e.g., at a fog node within the library).

Bandwidth efficiency: Within the scope of the smart campus project, data will be
continuously collected from a large number of sensors (e.g., temperature, humidity, light,
sound, images, etc.). Sending all of these raw data to the central cloud would result
in unnecessary bandwidth consumption and high costs. In the fog–cloud architecture,
however, data are primarily processed in the fog layer. In this layer, irrelevant data are
filtered, and data are compressed and summarized, or only critical changes (e.g., a sudden
increase in temperature, exceeding a certain sound threshold) are sent to the cloud. This
significantly reduces network traffic and ensures a more efficient use of bandwidth.

Data privacy and security: Smart campus applications often involve personal data or
sensitive information. For example, camera footage used to determine occupancy levels in
the library or sensor data tracking student movements could raise privacy concerns. Fog
computing enhances data privacy and security by processing such sensitive data at local
fog nodes, preventing them from leaving the campus. Data can be stored in the fog layer in
an encrypted form and made accessible only to authorized individuals. Additionally, local
firewalls and intrusion detection systems can be implemented in the fog layer to provide
extra protection against cyberattacks.

Advantages of the hybrid approach: The proposed architecture combines the benefits
of both fog computing (local, real-time processing) and cloud computing (centralized, big
data analytics, and long-term storage). The fog layer handles tasks that require quick
responses and low latency and can be solved locally (e.g., real-time lighting control, emer-
gency alerts), while the cloud layer handles more extensive tasks such as comprehensive
analytics, training machine learning models, and long-term data storage. This division of
labor enhances the overall performance and efficiency of the system.

Energy efficiency: Local data processing reduces unnecessary data transmission and
central server load, optimizing energy consumption. This contributes to the sustainability
goals of smart campus projects.

Modularity and flexibility: The fog architecture can be customized according to the
needs of different departments and easily integrated with new technologies. As new
sensors or services are added, the system can be easily scaled.
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Maintenance and operational ease: Due to local processing and the distributed struc-
ture, system failures do not affect the entire campus but are limited to the affected area.
This makes maintenance processes easier and more cost-effective.

Future Work: Towards a Smarter and More Adaptive Campus Environment

While this study provides a robust foundation for understanding the impact of envi-
ronmental factors on user productivity in university libraries, it also opens new avenues
for future research and system improvements. The integration of the IoT, machine learning,
and fog–cloud computing in smart campus environments is still evolving, and several key
areas deserve further exploration to maximize efficiency, accuracy, and user experience:

1. Advancing crowding analysis through multi-modal data fusion.

The relatively lower performance in crowding analysis (F1 = 40.46%) suggests that
additional contextual data and more sophisticated modeling techniques could enhance
accuracy. Future research could explore the following:

• Multi-modal sensor integration: combining camera-based occupancy tracking, Wi-Fi
access logs, and motion sensors with existing environmental data could offer a more
comprehensive understanding of space utilization.

• Deep learning-based scene recognition: leveraging Convolutional Neural Networks
(CNNs) and Transformer-based models could enable automated crowd density esti-
mation from real-time visual data, improving prediction robustness.

2. Implementation of deep learning for dynamic environmental adaptation.

Current machine learning models provide accurate predictions, but they lack the ability
to dynamically adapt to real-time changes. Future work could investigate the following:

• Reinforcement learning-based optimization: implementing self-learning AI systems
that continuously adjust environmental conditions (e.g., lighting, ventilation) in re-
sponse to user behavior, improving both efficiency and user comfort.

• Deep learning-based scene recognition: leveraging Convolutional Neural Networks
(CNNs) and Transformer-based models could enable automated crowd density esti-
mation from real-time visual data, improving prediction robustness.

• Temporal analysis with LSTMs and Transformer models: using time-series deep
learning models to predict future environmental trends based on historical data,
enabling proactive adjustments in smart campus systems.

3. Expanding the smart campus concept beyond libraries.

The proposed system can be extended to other university spaces to create a fully inter-
connected, intelligent campus infrastructure. Key expansion areas include the following:

• Smart classrooms: automated adjustments in lighting, temperature, and sound based
on real-time lecture dynamics and student concentration levels.

• Smart dormitories: personalized environmental settings based on student preferences
and biometric data to enhance comfort and well-being.

• Energy-efficient smart buildings: integrating machine learning-driven climate control
to optimize energy consumption across campus buildings, aligning with sustainabil-
ity goals.

• This study was conducted in a library environment; however, it can be easily applied in
the future to places where people gather in large numbers, such as offices, restaurants,
and cafés.

4. Enhancing edge computing for real-time decision-making.

The fog–cloud architecture proposed in this study ensures low latency and efficient
bandwidth usage, but further improvements could be made as follows:
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• Deploying AI-driven edge computing: using tiny machine learning (TinyML) models
directly on IoT sensor nodes to process data locally, reducing the need for cloud-
based inference.

• Smart dormitories: personalized environmental settings based on student preferences
and biometric data to enhance comfort and well-being.

• Blockchain integration for data security: implementing blockchain-based decentralized
data management to enhance privacy and ensure secure, tamper-proof transactions
between IoT devices.

5. Developing an AI-powered decision support system for university administrators.

To maximize the impact of this research, an AI-driven decision support system could
be developed, allowing university administrators to conduct the following:

• Visualize and analyze real-time environmental data via interactive dashboards.
• Automatically generate reports on student productivity trends based on historical

sensor data.
• Receive AI-driven recommendations for optimizing campus resource allocation and

space utilization.

The ultimate goal of future research in this area is to transform universities into fully
intelligent, self-adaptive environments that seamlessly integrate AI, the IoT, and user-
centric computing. By expanding and refining the proposed system, the next-generation
smart campus will not only enhance user experience but also contribute to the broader goals
of energy efficiency, sustainability, and data-driven decision-making in higher education
institutions.
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Abbreviations

AI Artificial intelligence
BGDTs Boosted Gradient Decision Trees
dB Decibel
DNN Deep Neural Network
DSRA Dynamic Sampling Rate Algorithm
GOLRM Generalized Ordered Logit Regression Model
IAQ Indoor air quality
IEQ Indoor environmental quality
IoT Internet of Things
KNNs K-Nearest Neighbors
LR Logistic Regression
ML Machine learning
PPM Parts Per Million
SEM Structural Equation Modeling
SVM Support Vector Machine
TVOCs Total Volatile Organic Compounds
VOCs Volatile Organic Compounds
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