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Abstract

New learning environments, such as Ambient Intelligence (Aml), are ubiquitous, enabling the
enhancement of the learning process through a blend of clever work and pervasive computing. The
present paper discusses the application of Aml in education, specifically how It could be used to
improve dynamic, adaptive, and context-driven learning. The paper employs a qualitative and
quantitative research design through experiments regarding smart classes and online learning
systems. The strategy involves developing a prototype system among learners and their
surroundings, using sensors, machine learning algorithms, and real-time information processing.
The performance of the system is evaluated by considering the participation of the users, the
outcomes of the learning, and the flexibility. The data demonstrate that the retention rate (25 percent)
and engagement rate (30 percent) among students in Aml-enhanced classrooms are higher than in
traditional classrooms. Besides, students in Aml schools are also more satisfied with the learning
process and demonstrate individualized learning. The paper will conclude by explaining how Aml
will transform the education paradigm and provide students with personalized education. It is
essential to note that further research will entail implementing more sophisticated Al approaches
and exploring how such systems can be used across different learning environments. The statistical
research indicates that Aml systems can have a tremendous impact on student performance and
interest and be deemed as a key to the future of personalized learning.
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1 Introduction

The evolving nature of society has never been an exception to the fact that the needs of different learners
in a changing environment are not the same; hence, traditional methods are not necessarily aligned with
learners' expectations. Learning technology has introduced the prospect of revolutionizing the learning
process for learners, but most learning applications are not dynamic (as they fail to adapt to learning
processes and the context of a specific learner) (Reginald & Velliangiri, 2026). In responding to these
concerns, the dynamically responsive learning environments of Ambient Intelligence (Aml) will be a
good solution since they respond both to the environment of the learner and the learner (Thakur & Han,
2021; Al-Badi & Khan, 2022). The importance of this research is that it broods upon the phenomenon
of Aml as a way of achieving more personalized, context-dependent, and adaptive learning experiences
(Balaji et al., 2022). As the number of ubiquitous computing gadgets enters our reality, the opportunities
of the never-ending assessment, instant modifications, and enhanced student interaction may be
introduced into the learning environment by implementing intelligent systems into the learning spaces
(Hassan & El-Rashid, 2025). This will be capable of bridging the gap between the traditional and one-
size-fits-all approaches to teaching and the needs of the diverse learners in the modern learning
environment (Mudiono et al., 2016). Due to the implementation of the Ambient Intelligence (Aml) in
the education field, the integration perspective shifts to the more personalized learning spheres, where
the individual student is treated differently (Radosavljevic et al., 2022; Machado et al., 2021). Aml
systems continuously scan the accomplishments, interests, and state of a student and adjust the learning
environment with the help of sensors, machine learning, and data analytics (Tabuenca et al., 2021;
Rahman, 2024). This enables the learning content, learning speed, and classroom environment to be
modified so that the level of engagement and learning can be enhanced (Raj & Renumol, 2022).
Accordingly, Aml represents a more interactive learning experience that will promote diversity of
learning styles, which improves retention, understanding, and academic performance. Aml is more
personalized in learning experience than the one-size-fits-all system (Kumar et al., 2023).

Key Contribution

o The findings demonstrate the use of Advanced Learning Analytics (ALA) systems that exploit
environmental malleable machine and learning dispersion systems to customize and automate the
modality of learning and the resulting experiences to maximize learner engagement and improve
retention and learning outcomes.

o Compared to the other environments, students in standard Aml used classrooms environments
demonstrated 30% higher engagement and 25% increased retention, which outlines the success of
such context-sensitive systems.

e The balance of the glowing promise of Aml leads to a discussion of Aml context integrated with
Learning Analytics (LA) to explore the prospect of addressing gaps in scalability, data privacy
challenges, the gaps of learning analytics systems, and the subsequent promise of Aml in
educational environments.

The paper has been organized in such a way that it gives us a complete idea of the applications of the
Ambient Intelligence (Aml) in educational settings. Section Il includes a literature survey, which covers
the recent studies of the role of Aml in education, with a focus on the main findings and progress. Section
111 describes the model and methodology proposed, including system architecture, algorithm, and the

428



Ambient Intelligence in Ubiquitous Learning Environments Dr. Mamta Thakur et al.

way it was implemented to carry out the Aml-based learning environment. In section 1V, the
experimental setup, performance metrics, results, and an analysis of the effectiveness of the system are
discussed. Lastly, Section V wraps up the paper with the summary of the most critical findings, an
explanation of the implications of the research, and recommendations on the way in which future studies
and the creation of Aml-enhanced learning systems can proceed.

2 Literature Survey

The use of intelligent systems in education has become a trend as context-aware technologies and
machine learning become more popular (Prabhakar, 2025). The technologies make it possible to create
individualized and dynamic learning environments that address the needs of the individual students
(Vistorte et al., 2024). Context-aware systems are also able to detect things such as location, physical
conditions, and activity level, so that there can be dynamism in the adaptation to enhance both learning
experiences and engagement. Machine learning has been essential to personalizing education, where
information is analyzed, and the content is modified on the fly to meet the learning preferences, progress,
and learning styles of students (Bustos-Lopez et al., 2022; Ibrahim et al., 2023). These systems rely on
algorithms that learn based on previous interactions, thus students get personalized content to them,
which makes them feel more engaged and improves learning (Rosmansyah et al., 2023). Personalized
learning not only enhances student participation but also ensures that a student is not challenged or even
overwhelmed. The retention and mastery are further enhanced by adaptive learning environments that
change the learning content, pace, and style according to real-time data (Ng, 2021). These environments
facilitate this by ensuring that the level of challenge offered to students enables them to achieve success
by constantly tracking the performance of students (Ntoa et al., 2021; Jovanovic et al., 2022). More
recent research points out the enhancement of engagement through intelligent systems, which is one of
the key conditions of the success of the educational process. Interested learners remember better, and
they build on their knowledge. Adaptive systems enhance the interaction by providing interactive and
customized experiences that motivate interaction. Nevertheless, there are still issues such as privacy
concerns, data security, and scalability. The future research must aim at perfecting those systems,
enhancing their predictability and the possibility of their successful application in various educational
settings, as well as looking at the ethical issues associated with the use of the data they provide. The
possibilities provided by the Ambient Intelligence to establish individual, adaptive learning
environments are apparent, yet this process has to be developed and implemented thoroughly (Liu et al.,
2022; Ramana et al., 2022).

3 Methodology

The suggested Ambient Intelligence (Aml) system combines sensors, machine learning algorithms, and
user interfaces to develop a dynamic and adaptive learning system. Real-time information on such
aspects as temperature, lighting, and student behavior is collected with sensors and processed by
machine learning to determine patterns in engagement, preferences, and performance. This information
helps the system to adapt the content, pacing, and physical environment to the needs of the individual
students. Student feedback is also given through user interfaces, further making the learning experience
personalized. Real-time flexibility of the system improves student interaction and learning results for
every student.
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Figure 1: Ambient intelligence (Aml) system architecture for adaptive learning

Figure 1 presents the entire flow of data and the interaction of the components in an Aml system that
is intended to have adaptive learning. It starts with Sensors, which capture environmental and user
information, which is fed to a Preprocessing Unit and Feature Extraction Module. The information
obtained is used to feed the Machine Learning Models (e.g., KNN), which inform the central Adaptive
Learning System. Environment Adjustments and Learning Content/Pacing are dynamically controlled
by this system, and a User Interaction Interface Feedback Loop is used to keep the learning process
constantly refined.
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Figure 2: Real-time ambient intelligence (Aml) system adaptation to learner needs

Figure 2 demonstrates the process of real-time adaptation in a learning environment in the use of
Ambient Intelligence (Aml). The system receives sensor data (e.g., temperature, lighting, student
interactions), finds the key features (e.g., engagement and attention span), and employs machine learning
to establish patterns in behavior and circumstances. On the insights, the system will vary content, pace,
and classroom environments in order to improve engagement. Student feedback also optimizes the
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environment, making the learning process customized to the point that time constraints or objectives are
reached.

Algorithm 1: Real-Time Student Adaptation Using K-Nearest Neighbors (KNN)

Input:

D {X,Y}: Training dataset X(features such as engagement, task completion time, lighting, and
temperature) and labels Y(class labels: 1 for “Engaged” and 0 for “Needs Break”).

k: Number of nearest neighbors to consider in classification.
¢: Set of logical constraints related to learning environment adjustments.
Output:

Adapted learning environment based on the student's current behavior (either "Engaged" or "Needs
Break™").

Parameters:

X: Training data features, where each data point xi € X x; € Xrepresents a student’s data vector.

Y: Labels (0 = Needs Break, 1 = Engaged) for each training data point.

k: Number of nearest neighbors used for classification.

¢: Learning environment adjustment rules based on predicted label (Engaged or Needs Break).

Pseudo-code:

Import numpy as np

from sklearn.neighbors import KNeighborsClassifier

from sklearn. metrics import accuracy score

# 1. Initialize parameters:

# Define the training dataset (features and labels)

X _train = np.array([
[0.8, 1.2, 0.6, 22], # Example student: high engagement, fast completion, moderate lighting, 22°C
[0.4,2.0, 0.3, 21], # Example student: low engagement, slow completion, low lighting, 21°C
[0.9, 1.0, 0.9, 23], # Example student: high engagement, quick completion, bright lighting, 23°C
[0.5, 1.5, 0.4, 20], # Example student: medium engagement, medium completion, low lighting,

20°C

[0.7,1.1,0.8,22] # Example student: high engagement, quick completion, highlighting, 22°C

)

y_train = np.array([1, 0, 1, 0, 1]) # Labels: 1 = Engaged, 0 = Needs Break

# 2. Define the number of nearest neighbors (k)

k=3

# 3. Initialize the KNN model and fit it to the training data

knn = KNeighborsClassifier(n_neighbors=k)
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knn.fit(X_train, y_train)
# 4. Test Data: Collect new student data (for example, collected via sensors)

X test = np.array([[0.6, 1.3, 0.7, 21]]) # New student's data: moderate engagement, medium
completion time, moderate lighting, 21°C

# 5. Predict the class for the new student based on KNN classification
prediction = knn.predict(X _test)
# 6. Adjust the learning environment based on the prediction:
if prediction == 1:
print("The student is engaged. Adapt the environment to enhance learning.")
# Actions could include increasing task difficulty, providing interactive content, etc.
Else:
print("The student needs a break. Adjust the environment for relaxation.")
# Actions could include lowering content difficulty, adjusting lighting, or suggesting a break.
# 7. Output the predicted class (Engaged = 1, Needs Break = 0)
print(f"Predicted Class: {prediction[0]}") # Output: 1 for Engaged, 0 for Needs Break

Algorithm 1 uses K-Nearest Neighbors (KNN) to classify a student's engagement level (either
"Engaged" or "Needs Break") based on real-time sensor data such as engagement, task completion time,
lighting, and temperature. The learning environment is then dynamically adjusted according to the
predicted classification to optimize the student’s learning experience.

The learning model employs a KNN-based algorithm for predicting the student’s learning needs using
the Euclidean distance formula:

D(x,y) = (1)

The formula of the Euclidean distance that is employed in the KNN-based algorithm to determine
the learning requirements of a student is displayed in equation 1. The formula finds the distance between
any two data points, which takes into consideration all features applied in the prediction. In this case, x;
and y are the data sets, and n; is the count of features that are used during the prediction.

4 Results and Discussion

Software Details

The solution was developed in Python with the support of TensorFlow for useful model building and
training in the deployment phase. A Raspberry Pi was utilized for the machine learning model to control
sensors in the environment. These learning objectives were adapted in real-time for Raspberry Pi's robust
computing performance. The form factor, flexibility, and real-time control of interfacing with a multitude
of sensors make it an excellent device to optimize learning in a classroom situation; hence, the choice
of the Raspberry Pi.
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Dataset Description

The testing dataset was gathered from the smart classroom, with data from 100 students, including sensor
input such as temperature, lighting, movement, and interaction with learning materials. It also included
learning performance metrics such as test scores, task completion times, and engagement levels. Sourced
from OpenEdX, this ensured that the dataset was relevant to modern educational environments. The
system, therefore, combined environmental and behavioral input to make context-aware decisions on
the basis of a holistic grasp of the dynamics in the classroom.

© Traditional Classroom < Aml-Enhanced Environment
100%

80% 50

40
60%

30

40%
40 min 40 min 20

1O,
20% 10

0%
Retention Engagement Task Completion Student Learning Time Spent
Rate Time Satisfaction Outcomes on Task

Figure 3: Performance comparison of traditional vs. Aml-enhanced learning environments

Figure 3 presents the comparative performance metrics of students in the traditional classroom setting
and those in the Aml-enhanced learning environment for certain key factors such as Retention Rate,
Engagement, Task Completion Time, Student Satisfaction, Learning Outcomes, and Time Spent on Task.
It can be interpreted from this graph that the environment enhanced with AmlI results in substantially
higher engagement and retention, increased satisfaction and learning outcomes, better task completion
time, and reduced time spent on tasks. The findings prove that Ambient Intelligence works effectively
to optimize the learning environment.
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Figure 4: Evolution of performance metrics: traditional vs. Aml-enhanced learning environments
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Figure 4 shows the evolution of students' performances in five sessions for both the traditional
classroom and Aml-enhanced learning environments. All metrics being compared include attention span,
cognitive load, student retention of information, and interactive learning activities. It is clear from the
graph that, in the Aml-enhanced environment, there is better student retention, increased engagement,
lower cognitive load, and more interactive learning activities compared to the Traditional Classroom
setting.

Table 1: Performance metrics of traditional vs. Aml-enhanced classrooms

Metric Traditional Classroom (%) | AmI-Enhanced Classroom (%)
Retention Rate 60% 85%
Engagement 55% 85%
Student Satisfaction 70% 90%
Learning Outcomes 70% 90%

Table 1 summarizes the comparisons of some key performance metrics between Traditional
Classrooms and Aml-Enhanced Classrooms. Further, the data indicate that Retention Rates,
Engagement, Student Satisfaction, and Learning Outcomes are higher in the AmI-Enhanced Classroom,
and Task Completion Time and Time Spent on Task are lower, hence indicating that AmI-enhanced
learning environments provide more efficient learning compared to traditional ones.

Retention Rate

Retention Rate = Amount of Material Retained X100 (2
ctention Bale = 1 Stal Material Presented )

Equation 2 computes the Retention Rate, which is the ratio of material retained by a student after a
learning session. This higher retention rate in AmI-Enhanced Classrooms means better information
retention than in a Traditional Classroom.

Engagement

Time Actively Engaged y

Engagement = 100 3)

Total Learning Time

Equation 3 quantifies the Engagement of students during a learning session; it is the proportion of
time that is spent actively participating in learning. Students in AmI-Enhanced Classrooms show higher
engagement, as they are kept more involved in the learning process.

Student Satisfaction

Student Satisfaction = LmLof Satisfaction Ratings ., - )
_ X
udent Satisfaction = — == e )

The student satisfaction in Equation 4 is calculated by averaging the degree of satisfaction among all
learners based on the given feedback ratings. The higher the satisfaction scores in Aml-Enhanced
Classrooms, the better the student experience.

Learning Outcomes

L e Out _ Post-Test Score — Pre-Test Score < 100 c
CAring LUteomes = Pre-Test Score ®)

434



Ambient Intelligence in Ubiquitous Learning Environments Dr. Mamta Thakur et al.

Equation 5 calculates Learning Outcomes based on the increase in the knowledge of students as
measured by pretest and posttest scores. The higher the percentage in Aml-enhanced classrooms, the
higher the improvement in learning outcomes.

5 Conclusion

This study illustrates the potential of Ambient Intelligence in ubiquitous learning environments. Results
from the trials indicate that the implementation significantly improves engagement, learning outcomes,
and retention rates; retention was improved by 25%, while engagement was found to be 30% higher
compared to traditional classrooms. This system is adaptive in nature, supported by real-time processing
of data and machine learning. These findings point to the potential of AmlI systems for addressing such
issues as a lack of personalization and disengagement of students. Challenges in system integration,
scalability, and privacy remain. Further research will emphasize the application of cutting-edge artificial
intelligence techniques such as deep learning and natural language processing in personalizing the
educational experience, and will be accompanied by larger studies on the potential effectiveness and
scalability of the approach. This research demonstrates how the field of educational technology is
growing through the application of ambient intelligence in the development of an adaptive and
personalized learning ecosystem.
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