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Preface

With the advent of deep learning, computer vision has emerged as one of the most 
transformative research and application areas within artificial intelligence. As a 
result, computer vision has penetrated a multitude of applications in both people’s 
daily lives and professional workplaces in many disciplines. The ability of machines 
to analyze and understand visual data is a reality, driving innovation in diverse fields 
such as healthcare, robotics, agriculture, and consumer technology. This volume 
brings together contributions from leading researchers and practitioners, offering 
insights into cutting-edge methodologies, applications, and challenges in computer 
vision.

The chapters in this book cover a wide range of topics, reflecting the breadth and 
depth of computer vision research today. Among these contributions, two chapters 
exemplify this field’s practical and transformative potential.

The chapter titled “Visual Recognition of Food Ingredients: A Systematic Review” 
provides a comprehensive overview of techniques and methodologies for identifying 
and classifying food ingredients using computer vision. Key challenges, including 
visual variability and complex ingredient compositions, are discussed alongside the 
importance of data preprocessing, image preparation, and deep learning techniques 
for achieving state-of-the-art performance. The study also highlights the technology’s 
potential applications in automation and robotics, along with existing datasets in 
the field. Among the methods evaluated, convolutional neural networks (CNNs) 
consistently outperform other machine learning approaches, establishing them as 
the leading visual ingredient recognition technique.

The second chapter, “Enhanced Lung Cancer Detection and Classification Using 
YOLOv8”, showcases the application of state-of-the-art object detection models in 
healthcare. With lung cancer being one of the leading causes of mortality worldwide, 
early and accurate diagnosis is critical. This chapter demonstrates how the YOLOv8 
model, known for its speed and precision, can be harnessed to improve the detection 
and classification of lung cancer from medical imaging data.

This edited book is expected to serve as both a foundational reference and an inspi-
rational resource for researchers, students, and professionals in computer vision and 
related disciplines.

We are grateful to the contributors for their dedication and expertise in crafting 
these chapters and to the reviewers who provided valuable feedback during the 



IV

editorial process. We hope this book will inspire readers to further explore and 
advance the  fascinating world of computer vision, unlocking its potential to solve 
complex  problems and enhance human capabilities.

George A. Papakostas
Department of Informatics,

Democritus University of Thrace,
Kavala, Greece

Topic Editor: Computer Vision

Implementing AI applications involves navigating a variety of complexities. One of 
the primary challenges is acquiring and preparing the large, high-quality datasets 
essential for effectively training AI models. Data collection is often labour-intensive 
and requires careful handling to ensure accuracy. Additionally, choosing the right 
algorithms, model architectures, and development frameworks for specific applica-
tions demands a high level of expertise, as each use case may benefit from a different 
approach. Managing computational resources, such as processing power and memory, 
is equally critical to ensure efficient model training and smooth deployment.

Another important layer of complexity lies in addressing ethical considerations, 
mitigating bias, and ensuring transparency and interpretability in AI systems. These 
concerns are especially pressing in sectors like healthcare and finance, where under-
standing how an AI system arrives at its decisions or predictions is crucial.

The field of artificial intelligence holds immense relevance today due to its ability 
to emulate advanced cognitive functions. AI systems can now make decisions, learn 
from data, interpret their surroundings, predict behaviours, and process natural 
language with unprecedented sophistication. This versatility makes AI one of the 
most impactful areas of modern technology.

This book aims to provide valuable insights for students, researchers, and profession-
als by presenting rigorous research contributions and discussing various applications 
across fields.

Marco Antonio Aceves-Fernández
Faculty of Engineering,

Universidad Autónoma de Querétaro,
Querétaro, México

Topic Editor: Machine Learning and Data Mining
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V

Multi-agent systems (MAS) have gained more attention in application domains over 
the last few years due to emerging opportunities to implement multi-agency for 
various applications to benefit from the efficacy and efficiency offered. Living in the 
age of autonomous vehicles, swarms of unmanned aerial vehicles (UAV), and the 
need for intelligence for autonomy with limited computing power and memory on 
board bring forward a challenge in implementing AI technologies concerning high 
efficiency and resilience in applications. Multi-agent systems are the best fitting 
state-of-the-art AI paradigm to assist in developing distributed integral systems 
suitable to run on infrastructures such as UAVs and networks of other autonomous 
systems. Multi-agent systems (MAS) can also facilitate recent technologies such as 
the Internet of Things (IoT) and the Internet of Everything (IoE), which have very 
high applicability in implementing and developing connected and collaborated 
systems in any area of application. The applicability of MAS is not limited to these 
and can be extended and exploited in many domains.

MAS is very flexible in integrating state-of-the-art machine learning approaches 
with highly efficient systems. Mainly, reinforcement learning attracts experts’ and 
researchers’ attention to networks of autonomous vehicular systems as well as IoT and 
IoE applications. Domains such as smart cities, smart homes, etc., use IoT technologies 
as the infrastructure to benefit from MAS for high efficiency and better modelling 
practice. Once distributed machine learning is embedded in the models, MAS, as the 
state-of-the-art AI framework, turns out to be the best-fitting underlying modelling 
approach.

This annual volume includes a few studies drawing attention to applications of multi-
agent systems integrated with and without machine learning in the fields of smart 
cities and geotechnical monitoring. The research results discussed lighten researchers 
with substantial conclusions, guiding further studies in the corresponding fields. It 
is our pleasure to present the chapters for the benefit of new researchers as well as for 
the experts in the field to take up MAS approaches for further research and studies.

Mehmet Emin Aydin
School of Computing and Creative Technologies,

University of the West of England,
Bristol, UK

Topic Editor: Multi-Agent Systems 
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Chapter 1

Visual Recognition of Food 
Ingredients: A Systematic Review
Michail Marinis, Evangelos Georgakoudis, Eleni Vrochidou  
and George A. Papakostas

Abstract

The use of machine learning for visual food ingredient recognition has been at 
the forefront in recent years due to its involvement in numerous applications and 
areas such as recipe discovery, diet planning, and allergen detection. In this work, all 
relevant publications from 2010 to 2023 were analyzed, including databases such as 
Scopus, IEEE Xplore, and Google Scholar, aiming to provide an overview of the meth-
odologies, challenges, and potential of this emerging field. Challenges, such as visual 
differences and complicated ingredient composition, are highlighted, along with the 
importance of data preprocessing, image preparation methods, and the use of deep 
learning techniques for state-of-the-art performances. The potential applications of 
this technology in the fields of automation and robotics are explored, and existing 
datasets are provided. Research concluded that among the several machine learning 
techniques being used, the reported performances of convolutional neural networks 
(CNNs) rate them on top of all approaches that are currently being used.

Keywords: visual recognition, food ingredient recognition, support vector machines 
(SVM), convolutional neural networks (CNNs), feature extraction, computer vision

1. Introduction

Food and nutrition industry is only one of the several industries that have 
 benefited from the recent breakthroughs in computer vision and machine learning 
[1]. Visual recognition of food ingredients [2] is a promising topic of study since it has 
the potential to promote the food industry, as well as endorse health monitoring and 
nutritional analysis. Artificial intelligence (AI) and image processing have allowed 
for the development of visual recognition systems that can accurately identify and 
categorize food items based solely on their outward appearance [3].

There are many potential outcomes stemming from the automatic recognition 
of food ingredients from photographs [4]. Consumers can expect enhanced dietary 
options, tailored nutrition suggestions, and easier administration of food allergies 
and intolerances. Visual recognition systems can improve food quality control, speed 
up the identification of ingredients, and streamline stock management in the food 
business. These methods would allow scientists to study public’s health, investigate 
dietary patterns, and evaluate the nutritional value of food on a massive scale.
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A convolutional neural network (CNN) [5] is a powerful machine learning 
algorithm that has played a significant role in the advancement of visual recogni-
tion systems for food items. By using layers of convolutional and pooling processes, 
CNNs provide a type of deep learning model that is particularly effective at extract-
ing meaningful characteristics from images. Several computer vision tasks, such as 
picture classification and object identification, have achieved astounding success on 
their part.

Since people are becoming more interested in being able to see what’s in food and 
considering the benefits associated with it, are the main reasons that motivated the 
current study. The goal of this systematic study is to provide a full analysis of the 
most up-to-date methods, datasets, evaluation standards, and problems that come 
with recognizing food ingredients by sight. Through careful analysis and synthesis of 
the available literature, this review aims to identify research gaps, point out promis-
ing methods, and make suggestions for future research areas. The following are the 
primary aims of this analysis:

1. Study visual recognition of food items, encompassing methods such as image 
capture, preprocessing, feature extraction, and classification using neural 
networks.

2. Provide all available datasets that are used to train and test food item recognition 
algorithms and assess their quality.

3. Assess the accuracy and robustness of visual recognition systems by analyzing 
the performance indicators and using evaluation methodologies.

4. Consider all related challenges such as illumination changes, occlusions, and 
the presence of similar-looking substances, while discussing the difficulties and 
restrictions of visual recognition of food items.

5. Investigate how visual recognition technologies might improve public health, 
nutrition, and the food sector.

This systematic study seeks to provide a comprehensive picture of the present 
status of visual recognition of food ingredients by consolidating the existing knowl-
edge. The results will add to the existing body of literature and will be able to provide 
useful insights for researchers, practitioners, and policymakers interested in applying 
computer vision and AI, particularly CNNs, to the analysis and nutrition of food.

2. Material and methods

2.1 Review methodology

In this work, we used a systematic review methodology to locate, evaluate, and 
synthesize studies that were applicable to the study of “visual food recognition.” The 
primary goal was to analyze the previous research in this field reflectively and criti-
cally. The review was conducted in accordance with the following standards:

1. Formulating search criteria:



5

Visual Recognition of Food Ingredients: A Systematic Review
DOI: http://dx.doi.org/10.5772/intechopen.114024

• All articles had to be written in English.

• All articles had to be published between January 2010 and April 2023.

Over the past 13 years, there has been a surge in academic interest in exploring the 
potential benefits of vision computing. As a result, we limited our analysis to papers 
published during these years, between 2010 and 2023. Figure 1 shows the breakdown, 
by year of publication, of the research we gathered.

1. Database Search:

• We conducted searches using the established criteria in prominent data-
bases, including Google Scholar, Scopus, Web of Science, IEEE Xplore, and 
ScienceDirect. These databases were selected based on their comprehensive 
coverage of scientific literature in various disciplines.

2. Extraction of Qualitative Research:

• We extracted qualitative research studies that focused on visual food recogni-
tion. This included studies that utilized different methodologies, datasets, and 
machine learning algorithms to analyze and classify food ingredients based on 
visual cues.

3. Data Extraction:

• Relevant information, including study design, dataset details, methodologies 
employed, performance metrics, and key findings, was extracted from each 
selected study. This allowed us to obtain a comprehensive understanding of the 
approaches used in visual food recognition.

4. Data Analysis and Synthesis:

Figure 1. 
Publications per year.
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• The extracted data from the selected studies were systematically analyzed and 
synthesized. Common themes, trends, similarities, and differences in method-
ologies and results were identified and compared across the studies.

5. Drawing Conclusions:

• Based on the analysis and synthesis of the collected data, we drew conclusions 
regarding the current state-of-the-art techniques, datasets, evaluation metrics, 
and challenges in visual food recognition. These conclusions provide valu-
able insights into the field and could serve as a foundation for future research 
directions.

The research was conducted using a combination of search terms related to visual 
food recognition, such as “visual recognition of food ingredients,” “machine learn-
ing,” and “food image classification.” The specific search terms were adapted and used 
across the selected databases to ensure a comprehensive search. We prioritized recent 
and validated research by utilizing ΙΕΕΕ and Scopus, while Google Scholar provided a 
broader range of articles.

By following this systematic review methodology, we aimed to provide a compre-
hensive overview of the existing literature on visual food recognition, offering valu-
able insights and guidance for researchers, practitioners, and policymakers interested 
in this field. After the research was carried out in the above manner, for the purpose 
of this review, only the studies and papers that have been published in journals and 
were written in English were selected, considered as more valid, with documented 
results, greater clarity, and argumentation. We also selected papers based on qualita-
tive research, quantitative, and experimental studies as they appear to conduct more 
valid results.

2.2 Final research material

From the searches resulting by using the above terms, we limited our research to 
a total of 55 articles between 2010 and 2023. After removing duplicates and rejecting 
those that did not comply with the predefined criteria, we ended up with 19 papers. 
Figure 2 illustrates the PRISMA chart [6], showing the total number of found articles 
and the selection process of papers to conduct the systematic review.

All 19 studies that were analyzed for inclusion in this systematic review concen-
trated on various aspects of food recognition. Figure 3 displays the distribution of our 
collected data among the various search database engines we used.

3. Data analysis

The many aspects of visual food recognition and their possible implications in the 
context of ingredient identification and analysis will be discussed below. In the food 
industry and nutrition profession, understanding these traits is essential for designing 
effective management measures and limiting harmful effects. To better understand 
the origins of data on food ingredients and their potential effects, it is helpful to 
understand the characteristics of visual food recognition.

Data collection and analysis in visual food recognition rely heavily on machine 
learning techniques, such as support vector machines and CNNs. These methods 
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Figure 2. 
Prisma diagram.

Figure 3. 
Classification of selected papers by database.
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permit us to better classify ingredients by allowing us to extract useful features and 
build classifiers based on input properties. In addition, using more specific input 
features can help to reduce processing time, which, in turn, improves recognition 
efficiency.

The extraction of key features and construction of robust classifiers are crucial for 
the visual identification classification of food items. With the aid of feature extraction 
and classification models, we may learn more about this crucial subject. To further 
our understanding of what goes into our food and how to improve its nutritional 
value, we may use machine learning algorithms to harness the full potential of visual 
food recognition.

During our research, we looked at several different studies concerning the recog-
nition of food images and the identification of ingredients. During our investigation, 
we came across a few prominent studies that contributed significant new information 
to the existing body of research. These studies have implemented a diverse selection 
of deep learning models, datasets, and evaluation standards in order to determine 
how successfully their methodologies work. In the parts that are to follow, we will 
provide a summary of the findings of these studies, with an emphasis on the meth-
odologies, datasets, and performance metrics that were used. We anticipate that by 
examining these findings, we will be able to give a comprehensive assessment of exist-
ing approaches for food image recognition and component detection, shedding light 
on the successes and failures of this rapidly developing field of study. Table 1 includes 
all selected papers, along with their used model, and their corresponding results.

As in most image processing applications, the dominant base model used for 
feature extraction and prediction is a CNN model. Across all 19 papers we analyzed, 
all of them used an existing model, which was then extended using transfer learning 
[11] or used as a backbone for a brand-new model [14]. Discussion and analysis of 
research findings are provided in the upcoming section.

4. Food datasets

The availability of diverse datasets that have been meticulously annotated has led 
to significant advancements in the field of food photo identification in recent years. 
Machine learning models in the area of visual food recognition could benefit greatly 
from using these datasets as training and evaluation resources.

• Food-101 [9, 11, 13, 27]: A popular benchmark for food picture recognition 
systems. It has 1000 photos for each of 101 different food categories for a total of 
101,000. Fruits, vegetables, desserts, beverages, and a wide variety of entrees are 
all represented in the dataset. Both unprocessed materials and finished dishes are 
included in the dataset. It provides a large set of photos for testing and training 
food identification models, which helps to speed up the process of creating reli-
able technologies. This dataset was the most used dataset among all papers and 
provided the best results.

• Food-11 [11]: The culinary-11 collection includes roughly 9000 photos of various 
food products from 166 different culinary categories. It includes a wide variety 
of foods, from sweets to fruits to vegetables to entrees and beyond. The dataset 
includes a wide variety of foods from a variety of different categories, making it 
useful for testing and training food recognition systems.
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Reference Model Dataset Results

Chen et al. 
[7]

DCNN (Deep Convolutional 
Neural Network) for known 
ingredient classifying, 
mRGCN (multi-relational 
Graph Convolutional Network 
- proposed new model) for 
unknown ingredient prediction

VIREO Food 172, 
UEC Food-100 
(110,241 and 
14,136 images, 
respectively)

Top-K hit ratio:

• Hit@10: 47.4% unseen ingredi-
ents on VIREO, 24.3% on UEC

• Hit@20: 48.8% unseen ingredi-
ents on VIREO, 42% on UEC

Chen et al. 
[8]

Multi-task DCNN model for 
food ingredient recognition 
and single-task DCNN 
model for ingredient label 
(10 ingredients) prediction at 
image regions

VIREO Food-251 
for 251 food 
categories and 406 
ingredient labels

Macro-F1 score:

• Up to 61.74% for multi-task 
learning

• Up to 95.7% for single-task 
learning

Alahmari 
and Salem 
[9]

CNN (cascaded two-head for 
multiple recognitions, state and 
food type, and non-cascaded 
just for just state)

7563 images for 17 
commonly used 
ingredients

• Non-cascaded model: 81% 
accuracy, 82% precision, 81% 
recall, 81% F1 score

• Cascaded multiheaded model: 
87% accuracy, precision, recall 
and F1 score for food state, 
71.35% accuracy, 72% preci-
sion, 71% recall, 70% F1 score 
for food ingredient type

Ishichi 
et al. [10]

U-Net (convolutional 
network architecture U-net: 
Convolutional networks 
for biomedical image 
segmentation) with 30 epochs, 
batch size 8, categorical cross-
entropy loss function, Adam 
optimizer, learning rate: 0.001

10,000 images, 
generated under 
three different 
transparency 
conditions

• Conditions A: ~72.1% average 
correct answers

• Conditions B: ~88% average 
correct answers

• Conditions C: ~92.3% average 
correct answers

Morol 
et al. [11]

CNN using transfer learning 
from ResNet50

Custom dataset, 
including data from 
Food101, Fruit 360 
and UECFOOD256, 
9856 images in total

• 99.71% accuracy on training 
dataset

• 92.6% on validation dataset

Christian 
et al. [12]

MobileNet (CNN-based 
models for use in mobile and 
embedded applications - A 
mobile application for food 
and its ingredients detection 
using deep learning), 
retrained using different 
gradient descent optimizers

Custom dataset, 
created via Firefox 
add-on, scrapping 
images from 
Google and Bing 
Images, 32,914 
images in total

• Average accuracy: 49.4%

• Min. accuracy: 42% (RMSProp 
Optimizer)

• Max. accuracy: 58% (Adam 
Optimizer)

Pan et al. 
[13]

CBNet (Combinational 
Convolutional Network) – a 
new proposed model, based 
on VGGNet, ResNet, and 
DenseNet

Food-41 dataset, 
4100 images in 
total

Fine-tuning last the layer:

• CBNet-VR: 88.90% accuracy

• CBNet-VD: 89.47% accuracy

• CBNet-RD: 88.33% accuracy

• Fine-tuning the whole network:

• CBNet-VR: 94.03% accuracy

• CBNet-VD: 95.00% accuracy

• CBNet-RD: 95.28% accuracy
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Reference Model Dataset Results

Zhu and 
Dai [14]

CNN-based model 
(1x1convnet), consists of 1x1 
convolutional layers, using 
ResNet50 and AlexNet as 
backbones of the framework

Custom dataset, 
4131 images in total

F1-score:

• Level 1 hierarchical segmenta-
tion: 52% seafood, 97% crop, 
57% livestock

• Level 2 hierarchical segmenta-
tion: 9% nuts, 16% fruits, 77% 
vegetables, 28% cereals, 23% 
pulses, 15% fungi, 17% potatoes

• Level 3 hierarchical segmenta-
tion: 40% stems, 28% fruits, 
39% leaves, 0% flowers, 34% 
roots

• Level 3 non-hierarchical 
segmentation” 18% stems, 52% 
fruits, 28% leaves, 0% flowers, 
8% roots

Precision:

• Level 3 hierarchical segmenta-
tion: 27% stems, 49% fruits, 
28% leaves, 0% flowers, 27% 
roots

• Level 3 non-hierarchical 
segmentation: 42% stems, 48% 
fruits, 35% leaves, 0% flowers, 
35% roots

Recall:

• Level 3 hierarchical segmenta-
tion: 42% stems, 48% fruits, 
35% leaves, 0% flowers, 34% 
roots

• Level 3 non-hierarchical 
segmentation: 88% stems, 19% 
fruits, 68% leaves, 0% flowers, 
1% roots

Pan et al. 
[15]

A proposed framework 
combining a two-level CNN 
for feature extraction, PCA, 
CFS, IG for feature evaluation, 
SMO (Sequential minimal 
optimization, improvement of 
SVM) for training the model

MLC-41 dataset, 
41 food labels, 100 
images for each, 
4100 images in 
total, based on the 
MLC dataset by 
Mealcome

• Best deep learning/classifier 
model accuracy: ResNet/SMO: 
87.781% average accuracy

Hoashi 
et al. [16]

SVM using multiple kernel 
learning (MKL) to integrate 
various kinds of image features. 
Features include color, BoF, 
Gabor, and gradient histogram

Custom dataset 
built from the 
Internet for 85 
kinds of food, each 
represented by 
100 images, 8500 
images in total

Classification rate:

• 61.34% for 50-kind food 
classification

• 62.52% for 85-kind food 
classification

• 45.3% for cellular-phone 
camera photos (users were not 
instructed on how to take a 
proper photo)
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Reference Model Dataset Results

Qayyum 
and Sah, 
[17]

InceptionV3 CNN model 
provided by Keras, converted 
to CoreML model for use in 
application development

5000 images in 
total, 15 images/
class in the 
training set, 5 
images/class in the 
testing set

Accuracy ranging between 80% 
and 97% across 101 classes

Zhang 
et al. [18]

SRN (Spatial Regularization 
Network) model, similar to 
ResNet101 when it comes to 
general prediction net

MV80-Market 
Dataset: Custom 
dataset of 
multi-labeled 
vegetable images, 
80 classes from 
Market, authors 
aim to solve the 
lack of robustness 
of available lab-
controlled image 
datasets, 15,798 
images in total

SRN results:

• mAP (mean average precision 
over classes): 77.2%

• macro/micro precision 
(P-C/P-O): 73.7% and 77.3%, 
respectively

• macro/micro recall (R-C/R-O): 
70.7% & 74.7%, respectively

• macro/micro F1-measure 
(F1-C/F1-O): 72% and 76%, 
respectively

Liu et al. 
[19]

AFN (Attention Fusion 
Network) and the food-
ingredient Joint learning 
module:

• AFN: Divided attention 
part, which preserves more 
discriminating features for 
recognition, and fusion part, 
which generates feature 
embeddings for fine-grained 
food and ingredient recogni-
tion. VGGNet and ResNet 
Backbone

• Food-ingredient Join 
Learning Module: A balance 
focal loss function, used 
to tackle the imbalance of 
multi-labels of ingredients in 
a dish and enhance learning 
ability

VIREO Food-172 
dataset: 172 food 
categories and 
353 ingredient 
categories, 110,241 
images in total

Used accuracy, Micro-F1 
and Macro-F1 metrics to 
measure performance, with 
different backbones and different 
methods. Above metrics for 
performance comparison on 
ingredient recognition:
Accuracy: 34.29% (Best achieved 
with the proposed method and 
ResNetSt269 backbone)
Micro-F1: 74.1% (Best achieved 
with the proposed method and 
ResNetSt269 backbone)
Macro-F1: 58.8% (Best achieved 
with the proposed method and 
ResNet152 backbone)

He et al. 
[20]

SVM, using SIFT features for 
performance comparison

Custom dataset, 
15,262 images in 
total, 55 American 
food categories 
via Google Image 
search

Multi-view kernel SVM: ~90% 
accuracy
Single-view kernel SVM: ~68% 
accuracy
Texture-based SVM: ~49% 
accuracy
SIFT-based nearest neighbor 
classifier: ~40% accuracy

Madival 
and 
Jawaligi, 
[21]

DBN classifier, Textual 
features, SIFT and deep 
features, weight tuning using 
Improved TDO (ITDO) 
model

Recipes5k 
(University of 
Barcelona)

• Results of DBN + ITDO:

• F1-score: 94.825%

• Accuracy: 93.944%
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• UEC-FOOD100 [13]: Dedicated solely to Japanese cuisine. There are 100 dif-
ferent types of cuisine shown with a total of 13,000 pictures. The collection 
includes photographs of a wide range of authentic Japanese cuisine taken from 
a variety of vantage points, including straight on and from the side. It also uses 
pictures taken in a variety of lighting conditions to represent real-life situations. 
The UEC-FOOD100 dataset is a curated photo archive useful for researching and 
identifying elements of the Japanese culinary tradition.

• Food-5 K [10]: It was created to test food recognition systems under realistic 
conditions. It has 5000 pictures of food, split up among 250 different categories. 
There are 20 pictures in each category. These photos were taken in a wide variety 
of settings, each with its own lighting, backdrop, and scale. The dataset’s varied 
visual attributes and difficult scenarios are designed to put food identification 
models through their paces.

• ChineseFoodNet collection [28]: It has 192,000 photos of Chinese cuisine, 
organized into 208 categories, making it the largest image dataset for Chinese 
food categorization to date.

• Instagram800K [29]: This dataset is generated by using Instagram API. A total of 
808,964 pictures are included, all of which have either general food-related tags or 
pictures of specific foods attached to them. Included in the dataset are the top 43 
most-used food-related tags, such as #lunch and #foodie. It also features 53 of the 
most searched for foods, such as #pasta and #steak, with accompanying photo-
graphs. The collection includes not just photos of food but also metadata about the 
images and the food itself, which may be used for analysis and research.

Reference Model Dataset Results

M. Zhang 
et al. [22]

NN-based model, double-flow 
feature fusion module (DFFF), 
reinforcement learning is 
achieved by a hybrid loss 
function, dual learning used to 
boost the model performance 
of sequential ingredient 
recognition

Recipe 1 M, after 
pre-processing, 
361,308 images in 
total

Results vary by method, the best 
scores of F1 are around 75%

Sahoo 
et al. [23]

CNN with transfer learning FoodAI-756, 
~400,000 images 
in total

Average accuracy: 80.09%

Mezgec 
and 
Seljak, 
[24]

DCNN, AlexNet as the 
backbone

520 categories, 
225,953 images in 
total

Average accuracy: 55%

Park et al. 
[25]

DCNN 23 categories, 
92,000 images in 
total

Average accuracy: 91.3%

Cornejo 
et al. [26]

CNN 36 categories, 3600 
images in total

Average accuracy: 85%

Table 1. 
Analysis of selected papers, used model, dataset, and performance results.
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• AIFood [30]: The dataset includes a great diversity of cuisines, recipes, and 
ingredients. It is designed to be applicable to the creation of models that can 
reliably recognize and classify different types of food, and it attempts to cover a 
wide range of culinary cultures and dietary preferences.

• ChinaFood-100 [31]: It has been developed aiming to better categorize Chinese 
cuisine. The calories, protein, fat, carbs, vitamins, and micronutrients for each 
food group are all included in this dataset.

These datasets have been crucial to the development of food picture recognition 
technology. For the purpose of training and evaluating machine learning models for 
accurate and efficient food recognition tasks, they supply researchers with tagged 
photos across multiple food categories.

5. Food ingredient recognition stages

5.1 Problem description

The main reasons for food ingredients recognition are the following:

• For food safety, consumers demand safe products for their health. Food recogni-
tion can ensure consumer-based testing of food ingredients for safe consump-
tion, for example, of allergy-free, gluten-free products.

• For issues related to standards and regulations guidelines, governments impose regu-
lations related to food analysis, regarding specific compositions and nutrients, for 
example, to detect unwanted compounds, determine the authenticity of products.

• For food quality control, food providers need to test the quality of their products 
before releasing them to the market, for example, for raw, defective, rotten 
ingredients.

• For promoting further research, food ingredient recognition may constitute 
the first step for further advancements in food industry, for example, for visual 
identification of food chemical compositions, personalized nutrition, sustainable 
food production toward reduction of food waste, food recommendation [32, 33].

The main stages of food ingredient recognition are three: (1) the preprocessing 
step, (2) the food segmentation stage, and (3) the food recognition stage. All stages 
are analyzed thoroughly in the upcoming sections. The general flow diagram of food 
recognition is illustrated in Figure 4.

The preprocessing step includes image processing techniques toward improving 
the image quality and, thus, facilitating the next steps of the process. Image segmen-
tation refers to the process of dividing an image into segments that can be further 
processed separately. Image segmentation in food images is used to locate the food 
ingredients and their boundaries, to properly separate them, and thus, to reduce 
image complexity and enable the further processing of each segment, that is. food 
ingredient, separately. Food recognition involves a trained classification algorithm 
able to identify each segmented food ingredient. The algorithm first extracts feature 
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from the image segments, for example, shape, color, texture, and then identifies the 
food ingredient based on the relevance of extracted features with the features of the 
labeled training data. Labeling of the ingredients of food dishes is usually done manu-
ally, and it is an exhaustive and time-consuming process, especially for multiple labels 
and large-scale datasets. Feature extraction and model classification can be employed 
simultaneously by adopting deep learning model architectures [34].

There are many obstacles to overcome while attempting visual food recognition 
[14]. The great variety in how different foods or even the same foods may look is a 
huge challenge. This includes differences in color, texture, form, and even presenta-
tion. As a result, it is challenging to effectively divide food items from complicated 
backgrounds and identify individual dishes due to these considerations. The seg-
mentation process is further complicated by occlusions such as utensils, plates, or 
overlapping ingredients. Dish detection also necessitates that the model would be 
able to recognize and localize several different food items inside a picture, frequently 
of variable sizes and configurations. The latter requires reliable item identification 
methods that can accommodate a wide range of food types. In addition, it is difficult 
to train effective and generalizable models due to the scarcity of large-scale annotated 
datasets created for food recognition. Figure 5 graphically illustrates an example 
of the food recognition stages [35], including image preprocessing (adjustment of 
brightness levels), food segmentation, and food recognition.

5.2 Image preprocessing

Preprocessing is the first essential phase of food image identification since it 
improves the image quality and facilitates further analysis. To enhance the image 
for better ingredient recognition and categorization, preprocessing employs sev-
eral methods. During preprocessing, a wide variety of operations, such as scaling, 

Figure 4. 
General flow diagram of food recognition stages.

Figure 5. 
An illustrative example of food recognition stages [35].
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normalizing, coloring, and noise reduction, are employed. Whenever working with 
datasets containing photos of varied resolutions, it is crucial that the images are scaled 
to a uniform size. The image’s brightness and contrast can be normalized to remove 
these differences and facilitate comparisons across photos. It is possible to improve 
color accuracy and fix color imbalances by using color adjustment procedures. 
Filtering algorithms and other noise reduction techniques can be used to minimize 
distracting background noise and pixelation in an image.

The preprocessing goal is twofold. Its primary goal is to enhance the quality of 
the image, bringing into sharp focus the elements that truly matter. Preprocessing 
improves the image quality to reduce the effects of factors such as noise, blur, or illu-
mination irregularities that could otherwise hinder precise ingredient detection. To 
better recognize and categorize individual ingredients, preprocessing seeks to remove 
any irrelevant or distracting elements from the image. Preprocessing aids analysis by 
reducing distractions, such as clutter and occlusions, on the food and its constituents.

Preprocessing is crucial because it prepares the image for further analysis with 
CNNs and other advanced algorithms using scaling, normalizing, color adjustment, 
and noise reduction techniques. It lays the groundwork for more precise ingredient 
recognition, segmentation, and classification, which, in turn, boosts efficiency and 
effectiveness in the field of food picture recognition.

5.3 Food segmentation

In the articles that we looked through, we came across several segmentation 
approaches that had been utilized for food recognition [10, 19], listed in the following:

• Color-based segmentation

There is an assumption in color-based segmentation that clusters of pixels 
with similar color attributes represent meaningful objects. One limitation of these 
approaches is that they may not be able to discriminate between food items that share 
a color with the plate or background and those that do not.

• Texture-based segmentation.

Separating areas of an image according to their texture patterns is the goal of 
texture-based segmentation, a method used in image processing. It classifies and 
segments areas based on texture analysis and machine learning methods.

• Graph-based segmentation

Graph-based segmentation divides images into sections based on pixel similarities. 
It partitions a graph with nodes representing pixels and edges representing similarity.

• Grid-based segmentation

Grid-based segmentation separates images into grids or cells. Segmentation is easy 
since each grid or cell is an area. It works well when the image has uniform or regular 
structures, and you want to divide it into grid-like portions.

• Edge boxes
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Edge boxes can provide bounding boxes around objects of interest in a photo dur-
ing object detection. Edge data locates likely item locations. Edge boxes find probable 
bounding boundaries for elements in a picture. This strategy narrows the search 
region, allowing object detection algorithms to focus on productive areas.

• Super pixel-based methods

Superpixel methods fragment images in a more intuitive way. Superpixels preserve 
image boundaries and structure. Clustering pixels with similar color, texture, and 
other visual qualities creates a compact image representation.

5.4 Food recognition

5.4.1 Features and dimensionality

The qualities and characteristics that are unique to each of the many food sites con-
tribute to the complexity of the problem of correctly classifying the different kinds of 
foods. A numerical value that is used to characterize some aspects of the appearance of 
an image is referred to as a feature or descriptor. In the subject of food picture ingredi-
ent detection, strategies for feature extraction play a significant role in the process of 
gleaning information that is both valuable and identifiable from photographs of raw 
food [36]. After conducting an exhaustive search of the relevant research literature, 
a number of feature extraction strategies that are specifically suited to this subject 
have been uncovered. Included in this package are several color characteristics such as 
red-green-blue (RGB) [7, 19], hue-saturation-value (HSV), and lightness, as well as 
the scale-invariant feature transform (SIFT), local binary patterns (LBP) [37], Gabor 
filters, and CNNs [38, 39] designs, such as ResNet50. Considering that the primary 
objective of relevant research is to identify the components of food in images, it is 
essential to further investigate and evaluate a variety of feature extraction strategies in 
order to successfully capture and depict the typical components of food products.

In what follows, a detailed description of the most popular feature extraction 
approaches takes place, as compiled from the voluminous scholarly literature. In 
the field of food image ingredient recognition, these feature extractors have been 
extensively studied and applied, demonstrating their efficiency in collecting crucial 
properties and permitting precise analysis of food photographs.

• CNNs are a type of deep learning model developed expressly for the purpose 
of analyzing images. In order to effectively recognize and classify complicated 
patterns, they use multiple layers of convolutional filters to learn and extract 
hierarchical features from images.

• RGB, HSV, and LAB color space features [39]: Information regarding the fre-
quency and range of colors in an image is captured by color-based features. HSV 
captures the hue, saturation, and value components of an image, while RGB 
stands for the color channels (red, green, and blue). The letters “L”, “A,” and “B” 
stand to represent the two complementary colors in the LAB color space. The 
SIFT transform is a well-known method for extracting features from images 
that can preserve their structure regardless of transformations such as scaling, 
rotation, or brightness. Image matching and recognition is a common application 
of this technology.
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• A texture-based feature descriptor known as LBP uses neighboring pixel intensi-
ties to characterize local texture patterns. It is widely used in numerous image 
analysis applications due to the compact representation of texture information it 
provides.

• Gabor filters are a sort of linear filter that simulates the way cells in the human 
visual system react to variations in spatial frequency and orientation. By inspect-
ing an image’s local frequency content and orientation, these methods excel at 
capturing texture details.

• ResNet50, a subset of CNN [40], uses residual connections to circumvent the 
vanishing gradient issue. Amazing success in picture recognition challenges and 
widespread use in transfer learning for other visual recognition applications are 
two of its most notable achievements to date.

A wide variety of techniques, such as deep CNNs (DCNNs) learned high-level 
representations, color characteristics, texture patterns, and local image descriptors, 
are available for use in feature extraction for food photos. Each approach has its own 
advantages and can help with identifying and analyzing food ingredients. ResNet 
(2015), AlexNet (2012), and GoogleNet (2014) are the most popular CNNs utilized 
for feature extraction.

Food picture recognition requires dimension reduction, especially on low-pro-
cessing mobile devices. The bag-Of-features (BOF) model [14] reduces feature vector 
dimensions to improve classification accuracy. Based on codeword frequency, the 
BOF model displays a picture. Fisher Vector is an effective BOF model modification 
[10] that encodes patches according to their dissimilarity from a universal Gaussian 
mixture model. This approach compresses and classifies effectively, even with linear 
classifiers.

As dimensionality reduction methods, autoencoders and principal components 
analysis (PCA) have shown promise in food image recognition. PCA uses a linear 
transformation to locate the most effective orthogonal components to minimize 
feature space dimensionality. However, autoencoders are neural network models that 
can compress input data and recreate the whole dataset from this internal representa-
tion. PCA and autoencoders can reduce feature vector dimensionality without losing 
classification information.

Dimensionality reduction methods including the BOF model, Fisher Vector 
approach, principal component analysis, and autoencoders can increase image-
based food recognition accuracy and speed. Reducing feature space dimensionality 
improves computation speed, classification accuracy, and resource use.

5.4.2 Classification techniques

There are several different categorization approaches that have been investigated 
in the published research for their potential to accurately recognize and place food 
items into certain categories. Both the descriptors that were used and the hyperpa-
rameters that were selected for the classifiers had a significant impact on the final 
outcomes of the food image categorization. In addition, for the classification results to 
be adequate, the quality and variety of the food image datasets that are used to train 
the algorithms are essential. In order to ensure accurate descriptor selection, hyper-
parameter optimization, and the utilization of high-quality training datasets, the 
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designer of an image-based food recognition system (IBFRS) is required to consider 
the variables. It is the intention of the researchers that by considering these qualities, 
food picture identification algorithms may be made more accurate and robust, which 
could then have applications in fields such as dietary assessment, nutritional analysis 
[41], and personalized meal recommendation.

DCNNs have been established as an effective method for identifying dishes in 
photographs [7]. DCNNs excel at capturing the rich patterns and textures seen in 
food photos due to their capacity to automatically acquire hierarchical features from 
raw pixel data. DCNNs are able to accurately categorize foods thanks to their use 
of several convolutional layers, pooling layers, and nonlinear activation functions. 
Large-scale food image datasets are often used to train the network architecture, 
which then generalizes well to new photos by learning discriminative characteristics.

Multi-relational graph convolutional network (mRGCN) is a method for classify-
ing images of food by utilizing graph convolutional networks [7]. In this method, 
food photographs are represented as networks, where nodes stand for different parts 
of the image or different things, and edges capture the connections between them. 
Improved classification performance is achieved by mRGCN due to the capture of 
spatial interdependence and contextual information via information propagation 
through the graph structure. This method stands to the task of identifying multi-
ingredient dishes with multiple components that interact with one another.

U-Net is a well-liked architecture for analyzing and categorizing food photos 
[10]. It uses an encoder and a decoder connected by a fully convolutional network. 
High-level features are extracted by the encoder and segmentation masks or class 
predictions are created by the decoder from the input pictures. By incorporating fully 
connected layers or softmax activation at the output, U-Net can be used for classifica-
tion and improve performance when segmenting food sections of interest in images. 
This method allows for precise detection and identification of edibles in cluttered 
settings.

MobileNet is a small, fast, and lightweight convolutional neural network archi-
tecture made specifically for handheld and embedded gadgets [12]. To lessen the 
computational burden without sacrificing accuracy, it employs depth-wise separable 
convolutions and parameterized point-wise convolutions. By striking a reasonable 
balance between model size and performance, MobileNet is well-suited for contexts 
with limited resources. Its small size and speedy operations make it possible for 
mobile devices with low central processing unit (CPU) power to classify food images 
in real time.

To encode high-dimensional features into a compact representation, Compact 
Bilinear Network (CBNet) uses compact bilinear pooling. It uses an outer product oper-
ation to combine the strengths of two feature extractors, typically deep convolutional 
networks, and to capture their interactions. A classifier is then fed with the resulting 
condensed bilinear features of food images. With improved accuracy and less process-
ing overhead compared to full bilinear models, CBNet stands  promising [13].

Support vector machines (SVM) is a common supervised learning method used 
to categorize food pictures [16]. A high-dimensional feature space is searched until 
a separation hyperplane between food types is found. Using kernel functions, SVM 
can process data that is both linearly and non-linearly separable. If you use the 
right kernels with SVM, it can capture complex decision boundaries and generalize 
well to photos of foods you have not seen before. When training an SVM classifier, 
features can be created by hand or taken from a DCNN model that has already been 
trained [42].
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Random forest (RF) is an ensemble learning system that classifies food images by 
combining numerous decision trees [43]. The final classification choice is reached 
based on the majority vote of the individual decision trees, which are each trained on a 
unique subset of the training data. RFs can handle missing values, non-linear relation-
ships, and high-dimensional feature fields. It is well-respected for its sturdiness, inter-
pretability, and tolerance for noisy data. The RF classifier can be trained using a wide 
range of features from those created by hand to those derived from DCNN models.

6. Discussion

6.1 Research findings

There have been considerable developments in the use of deep learning techniques 
for food image identification and ingredient detection. In what follows, we will evalu-
ate the results of the studies included in Table 1, having investigated various models 
and datasets for recognizing ingredients and classifying the status of food. CNN, graph 
convolutional networks, cascaded models, segmentation methods, transfer learning, 
and attention fusion networks are just few of the methods used in these investigations. 
The usefulness and potential limitations of various approaches toward enhancing the 
accuracy and robustness of food picture recognition systems can be better understood 
by analyzing the performance measures and outcomes of each study. In what follows, 
research findings on the examined investigations are provided in further depth:

• Zero-shot ingredient recognition by multi-relational graph convolutional 
network: Using DCNN to identify known ingredients and mRGCN to identify 
unknown ingredients yields promising results in identifying unseen ingredients. 
The hit ratios obtained on the VIREO and UEC datasets demonstrate the model’s 
ability to predict unknown ingredients.

• Food state recognition using deep learning: The cascaded multiheaded model 
outperforms the non-cascaded model in accuracy, precision, recall, and F1 score 
for food state and ingredient type categorization. Consideration of food state and 
ingredient-type dependencies increases system performance.

• Ingredient segmentation with transparency: U-Net accuracy varies with trans-
parency. Transparency affects ingredient segmentation as shown by conditions 
C’s better accuracy.

• Deep learning-based ingredient detection recipe recommendation: The CNN 
model learns patterns from the training dataset based on its high accuracy. 
However, the validation dataset’s slightly lower accuracy signals overfitting, 
therefore a larger and more diversified dataset would be helpful.

• Deep learning food and ingredient detection mobile app: Modest custom dataset 
accuracy suggests potential for improvement. The accuracy differences among 
optimizers indicate the necessity of optimizer selection for better results.

• Novel combinational convolutional neural network for automatic food-ingredi-
ent classification: Fine-tuning the CBNet model on food-41 yields good accuracy. 
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Fine-tuning the full network improves accuracy, suggesting that fine-tuning the 
model can improve performance.

• CNN-based food ingredient segmentation: The model can identify specific food 
ingredients using hierarchical and non-hierarchical segmentation data. However, 
precision and memory differences among levels show the need for further refin-
ing and enhancement.

Many methods and technological advances in food image recognition and ingredi-
ent detection have been documented in recent research articles and are considered 
in this research. CNNs, DCNNs, mRGCNs, U-Nets, and CBNet are just few of the 
models that have been shown to be useful in these experiments for effectively 
categorizing and segmenting food constituents. Accuracy, precision, recall, F1 score, 
and hit ratios are only few of the evaluation criteria that shed light on these models’ 
general efficacy. Dataset collecting, class imbalance, and generalizing models to new 
components and food states are all areas that need more investigation as this field 
develops [44]. Using the insights from this study, we can create food picture recogni-
tion algorithms that are more precise, effective, and trustworthy for uses including 
dietary evaluation, individualized recipe recommendations, and promoting good 
eating habits.

In conclusion, CNNs’ exceptional performance and effectiveness in food image 
recognition and ingredient detection justify their widespread adoption despite their 
high requirements in terms of training dataset size, hardware specifications, num-
ber of parameters, and execution time. The results of this study, along with other 
notable datasets, such as VIREO Food-172, UEC Food-100, Food-41, and Recipe 
1 M, reveal the great potential of CNNs for a few tasks related to food recognition, 
including ingredient segmentation, feature extraction, and classification. The abil-
ity of CNNs to automatically acquire hierarchical representations from raw input 
data is a key factor in their success since it allows them to detect subtle yet distin-
guishing elements in food photographs. Researchers have made use of this ability to 
create complex models that can properly recognize and classify food products and 
their contents using datasets such as Food-41, which has 4100 photos, and Recipe 
1 M, which contains 361,308 images. CBNet model showed remarkable precision 
results, with accuracy ranging from 88.90 to 95.28% depending on the fine-tuning 
strategy.

Researchers have been able to evaluate the generalization capacities of CNNs 
on unseen or unknown elements using datasets, such as VIREO Food-172 (110,241 
photos) and UEC Food-100 (14,136 images). Examples are mRGCN and DCNN 
models, which achieved hit ratios of 47.4 and 48.8% for unseen compounds on 
VIREO and 24.3 and 42% on UEC. These results demonstrate the extent and promise 
of CNNs in food recognition, especially when it comes to dealing with unfamiliar 
components. CNNs have proven to be useful, but it is crucial to recognize the dif-
ficulties they can cause. Training CNNs effectively often requires large-scale datasets 
containing hundreds of thousands of photos, such as Recipe 1 M and FoodAI-756, 
and significant computer resources. It might sometimes be difficult to compre-
hend the reasoning behind CNN models due to their limited interpretability. The 
availability of larger food image datasets, such as NutriNet’s 225,953 photos, and 
the continued development of deep learning algorithms, however, offer hope for 
overcoming these obstacles. Future applications will need to make extensive use of 
CNNs; therefore, researchers should keep looking for new ways to maximize their 
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potential. Maximizing the potential of CNNs for food recognition tasks requires a 
concentrated effort on methods such as transfer learning, data augmentation, and 
network optimization, with the aid of amazing datasets, such as VIREO Food-172 
and FoodAI-756. Datasets, such as UEC Food-100 and Food-41, can be used to train 
CNN models that are more adaptable to individual dietary requirements, food aller-
gies, and cultural norms when researchers, industry professionals, and nutritionists 
work together. New opportunities in fields, such as customized nutrition, dietary 
evaluation, and smart food logging, can be unlocked by adopting CNNs and over-
coming hurdles such as dataset size, hardware requirements, and model interpret-
ability. These innovations, made possible by exceptional datasets, have the potential 
to radically alter how we monitor and control our dietary intake, with beneficial 
effects on the health of people and entire communities. There is no doubt that as the 
area of food recognition develops further, CNNs and these extraordinary datasets 
will continue to be at the forefront, pushing innovation, and redefining our relation-
ship with food in the digital age.

6.2 Limitations, challenges, and future directions

As in any machine learning problem, a quality dataset is the be-all and end-all of 
a successful experiment. Many researchers focused on creating new datasets in order 
to increase the robustness of their work as a common issue that arises is that existing 
datasets are usually created in a controlled environment or laboratories, which, in 
turn, trains models to more ideal conditions, but making them unable to perform 
decently in real conditions. However, it is easy to see how a custom dataset performs 
poorly due to the unbalanced number of training samples, added noise, possible 
obstructions, or transparent ingredients, which are sometimes difficult to distinguish.

There has also been limited research done on the ingredients’ state recognition, 
which can prove extremely useful in real-world applications, where freshness and 
possible staleness play a big role in the quality of the dish. Context is also important 
as some unknown ingredients could be predicted by region-level recognition. Finally, 
a large number of papers have used transfer learning on existing models, such as 
ResNet50 or AlexNet, which are usually trained with the ImageNet dataset, which 
sometimes forces researchers to modify the training by adding their own labeled 
images, as a lot of ingredients and food categories are missing from the original 
dataset.

Future work could also focus on known cooking practices for ingredients as this 
should greatly assist in recognizing ingredients in different states. The latter, however, 
would require a great amount of time and experience from the person who is cooking.

7. Conclusions

In this work, a systematic literature review is provided on the most up-to-date 
methods, datasets, performances, and challenges related to visual recognition of 
food ingredients. Through the analysis and synthesis of the available literature, this 
work identifies research gaps, points out the most promising methods, and guides 
future potential research. Research findings aim to add to the existing body of 
knowledge and to provide useful insights for researchers, practitioners, and policy-
makers interested in applying computer vision and AI to the analysis and nutrition 
of food.
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Chapter 2

Enhanced Lung Cancer Detection 
and Classification Using YOLOv8
Nayan Jadhav and Aziz Makandar

Abstract

Despite these advanced technologies, lung cancer remains among the leading 
causes of death due to cancer. The earlier the disease is detected, the better the 
condition of the patient is, but the identification of lung tumors in medical images 
such as computed tomography (CT) scan is still a very challenging task. This paper 
has sought to evaluate the ability of the YOLOv8 model to detect the location of lung 
tumors from CT images. The research also shows that YOLOv8 has validity of using 
for detecting lung tumors in the real world. It is also applied to help distinguish tumor 
regions within CT as a diagnostic tool for early lung cancer. Such advancement could 
include early and efficient treatment procedures, which significantly enhance the 
survival of the patients. This optimistic experience with YOLOv8 reveals the potential 
of artificial intelligence in diagnosing illnesses and managing patients. The study is 
important as it gives information on Artificial intelligence (AI) diagnosis and input 
toward coming up with new technology in disease diagnosis and treatment.

Keywords: artificial intelligence (AI), AI diagnosis, CT images, lung cancer, YOLOv8

1.  Introduction

Lung cancer is a devastating disease that claims millions of lives worldwide 
each year. According to the World Health Organization, lung cancer accounted for 
approximately 1.8 million deaths in 2020. Early detection of lung cancer is paramount 
for improving patient outcomes and survival rates. However, detecting lung tumors 
in medical images, such as computed tomography (CT) scans, can be challenging 
due to their variable size, shape, and location [1]. B. Dinesh Reddy et al., This work 
proves that deep learning in particular has the capability of performing comparison 
with chest X-rays with radiologists. In our work, we aimed at improving deep archi-
tectures, namely Xception, for lung opacity classification in the chest radiographs and 
obtained the area under the curve (AUC) of 91% and accuracy of 83%. 95%. Based 
on the findings, it is concluded that CAD systems can indeed help the radiologists in 
chest X-ray interpretation with immense speed and minimal errors [2].

In recent years, deep learning models have shown remarkable promise in medical 
image analysis, particularly in the field of cancer detection. These models have the 
ability to learn complex patterns and features from large datasets, enabling them to 
accurately identify abnormalities in medical images. Among the various deep learning 
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architectures, the You Only Look Once (YOLO) family of object detection networks 
has gained significant attention for its speed and accuracy [3–5].

The latest iteration of the YOLO series, YOLOv8, has been released and has shown 
impressive performance in various object detection tasks. YOLOv8 builds upon the 
success of its predecessors, incorporating advanced techniques such as anchor-free 
detection, self-attention mechanisms, and an improved backbone network. These 
enhancements have resulted in higher accuracy and faster inference times compared 
to previous YOLO versions.

This study aims to explore the application of YOLOv8 for lung tumor detection in 
CT scans. By leveraging the power of deep learning and the state-of-the-art YOLOv8 
model, we seek to develop an automated system that can assist radiologists in identi-
fying lung tumors accurately and efficiently. The proposed system has the potential to 
streamline the diagnostic process, reduce the workload of medical professionals, and 
ultimately improve patient outcomes.

This work builds upon previous findings, such as those of B. Dinesh Reddy et al. 
[2], who demonstrated that deep learning models can perform comparably to radiolo-
gists in chest X-ray interpretation. Our study extends this concept to CT scans and 
lung tumor detection, utilizing the more advanced YOLOv8 architecture to poten-
tially achieve even higher accuracy and efficiency.

1.1 Contribution of work

• Evaluation of YOLOv8 model: The work evaluates how the research proposes to 
use the YOLOv8 model in the determination of lung tumors from CT images.

• Real-world applicability: In this context, the results show the possibility of apply-
ing YOLOv8 for the identification of lung tumors when diagnostics are really 
needed in terms of real conditions of the healthcare system.

• Diagnostic tool for early detection: YOLOv8 is used to segment the tumor areas in 
CT scans to show its applicability in early lung cancer diagnosis.

• Enhancement of patient survival: If YOLOv8 is to be applied in the processes of 
early and efficient treatment procedures then there is likely to be an increase in 
the number of patients that will survive.

• Advancement in AI-based diagnostics: In this respect, the study shows the 
effectiveness of AI, YOLOv8, in the diagnosis of illnesses and the treatment of 
patients.

• Contribution to future medical technologies: The discoveries present useful knowl-
edge that might be beneficial in the creation of brand-new AI application for the 
diagnosis and treatment of diseases.

2.  Related work

The application of deep learning in lung cancer detection has been an active 
area of research in recent years. Various studies have investigated the use of 
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different deep learning architectures, including convolutional neural networks 
(CNNs) and object detection models, for identifying lung tumors in medical 
images.

2.1 YOLO models for lung cancer detection

The YOLO (You Only Look Once) family of object detection networks has been 
widely adopted for lung cancer detection tasks. Bu et al. utilized YOLOv3 with limited 
datasets and demonstrated its effectiveness in detecting lung nodules. They achieved 
an average precision of 0.881 and an average recall of 0.873, indicating the model’s 
ability to accurately localize lung nodules even with limited training data [4].

Qi et al. enhanced YOLOv3’s performance by incorporating attention mechanisms, 
which helped focus on relevant image regions. Their improved YOLOv3 model 
achieved an accuracy of 0.913 and a sensitivity of 0.925 in detecting pulmonary nod-
ules on CT scans. The attention mechanism allowed the model to prioritize important 
features and suppress irrelevant background information [6].

Goel and Mishra proposed a hybrid approach using a modified YOLOv3 model 
with a biogeography-based optimization (BBO) and enhanced elephant herding 
optimization (EE) optimizer for lung cancer detection. Their method achieved an 
accuracy of 0.964 and a sensitivity of 0.958, demonstrating the potential of combin-
ing YOLO models with advanced optimization techniques [7].

Goel and Patel focused on improving YOLOv6 using an advanced particle swarm 
optimization (PSO) optimizer for weight selection in lung cancer detection and clas-
sification. Their approach resulted in an accuracy of 0.982 and a sensitivity of 0.976, 
showcasing the benefits of optimizing YOLO models for specific tasks [8].

2.2 Other YOLO versions and techniques

Ji et al., in this paper, we propose, ELCT-YOLO – a one-stage detector that can 
be employed for real-time lung tumor detection in CT images. ELCT-YO utilizes a 
unique neck structure for multi-scale representation and comes with the Cascaded 
Refinement Scheme (CRS) to increase the receptive field and compile multi-scale 
contextual information for better tumor identification [9]. In addition to YOLOv3 
and YOLOv6, other YOLO versions have also been explored for lung cancer detection. 
Zhang and Chung improved YOLOv5 using synthetic data generated by generative 
adversarial networks (GANs). Their approach aimed to address the scarcity of labeled 
medical images and achieved an accuracy of 0.958 and a sensitivity of 0.942 [10].

Liu et al., this work aims to propose an automatic CAD method using YOLO v3 
that incorporates a multi-scale feature extractor for nodule detection and a feature-
based bounding box predictor for nodule measure and size estimation. The method 
was evaluated through two studies: One with 300 fake scans generated with the XCAT 
digital phantom with spherical nodules and the second one with 888 true scans from 
the LIDC-IDRI database [11]. Liu et al. applied an enhanced YOLOv5 network-based 
object detection system, called BALFilter Reader, for liquid biopsy of lung cancer 
from bronchoalveolar lavage fluid (BALF). Their system demonstrated high accuracy 
and sensitivity in detecting lung cancer cells in BALF samples, showcasing the versa-
tility of YOLO models in various medical applications [12]. Mammeri et al., This work 
presents two-step approach for lung nodule detection and its characterization. The 
first branch uses YOLO v7 for detecting lung nodules, and by placing bounding boxes 
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around the nodules helps the radiologists without eliminating important informa-
tion. In comparison with various types of input, it has been identified that the whole 
images offered the highest detection rate with a mAP of 81. 28%. The second part 
applies transfer learning using the VGG16 model for multi-classification, which then 
classifies detected nodules into benign, suspect, and malignant classes [13].

Comparative studies have also been conducted to evaluate the performance of 
different YOLO versions in lung cancer detection (Table 1). Shi performed a techni-
cal comparison of YOLO-based chest cancer diagnosis methods and highlighted the 
strengths and limitations of each version [14]. Elavarasu and Govindaraju compared 
the performance of YOLOv7 and YOLOv8 in pulmonary carcinoma detection, provid-
ing insights into the advancements and improvements in the latest YOLO iterations 
[15]. Wang et al., This work introduces an efficient end-to-end YOLO-OC model for 
extracting the features of ovarian cancer based on deformable convolution and a 
Squeeze-and-Excitation (SE) block. A study on datasets obtained from The Affiliated 
Hospital of Qingdao University Medical College, China reveals that the proposed 
YOLO-OC attains mAP at .5, mAP at. 75, and mAP at [. 5,. 95] of 91.83%, 85.66%, 
and 73. At 82%, it shows a remarkable improvement over Faster R-CNN, SSD, and 
RetinaNet both in terms of accuracy and efficiency [16]. Xu et al., Therefore, in this 
paper, we introduce a new algorithm that improves the YOLOv3 algorithm to better 
detect lung nodules, by utilizing the Inception ResBlocks and GDIoU loss function. 
Analyzing the experimental results, the proposed approach has an average precision 

Study YOLO version Dataset Performance metrics Key findings

Bu et al. [4] YOLOv3 Limited dataset 
(not specified)

Average Precision: 
0.881
Average Recall: 0.873

Effective in detecting 
lung nodules even with 
limited training data

Qi et al. [6] Enhanced YOLOv3 
with attention 
mechanisms

CT scans 
(dataset size not 
specified)

Accuracy: 0.913
Sensitivity: 0.925

Attention mechanisms 
improved focus on 
relevant image regions

Goel and 
Mishra [7]

Modified YOLOv3 
with BBO/EE 
optimizer

Not specified Accuracy: 0.964
Sensitivity: 0.958

Hybrid approach 
combining YOLO with 
optimization techniques

Goel and 
Patel [8]

YOLOv6 with PSO 
optimizer

Not specified Accuracy: 0.982
Sensitivity: 0.976

Advanced PSO 
optimizer improved 
weight selection

Zhang and 
Chung [10]

Improved YOLOv5 Synthetic data 
generated by 
GANs

Not specified Used synthetic data 
to address scarcity of 
labeled medical images

Ji et al. [9] ELCT-YOLO (based 
on YOLOv3)

CT images 
(dataset size not 
specified)

mAP: 0.8128 Unique neck structure 
and Cascaded 
Refinement Scheme 
for better tumor 
identification

Current 
Study 
(2024)

YOLOv8 Lung Cancer CT 
Scan dataset
(2167 training, 
216 validation)

Precision: 0.908
Recall: 0.894
mAP50: 0.921
mAP50–95: 0.605

State-of-the-art 
performance on a larger 
dataset

Table 1. 
Summary of related work on YOLO models for lung cancer detection.
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(AP) of 83.5% and sensitivity of 92.6% better positioning accuracy and detection rate 
and less false and missed detections [17].

2.3 Other deep learning approaches

Demiroğlu et al., this paper proposes a technique to detect and classify lung cancer 
from CT scans without requiring much intervention from human operators using 
feature maps obtained from DarkNet-53 to DenseNet-201. When these models are 
integrated with feature concatenation and optimized via Neighborhood Component 
Analysis (NCA), diagnostic performance is improved and computational cost is 
reduced [18].

Apart from YOLO models, other deep-learning approaches have been applied to 
lung cancer detection (Table 2). Sori et al. [19] proposed a multi-path convolutional 
neural network (CNN) for lung cancer detection, achieving an accuracy of 0.941 and 
a sensitivity of 0.932. Their model utilized multiple pathways to capture different 
scales and contextual information from CT scans [19].

Sori et al. [20] introduced DFD-Net, a deep-learning model for lung cancer 
detection from denoized CT scan images. Their approach involved a preprocessing 
step to remove noise from the images, followed by a CNN architecture for tumor 
detection. DFD-Net achieved an accuracy of 0.953 and a sensitivity of 0.946, 
demonstrating the importance of image preprocessing in improving detection 
performance [20].

Budati and Karumuri developed an intelligent lung nodule segmentation frame-
work using an optimized deep neural system for early lung cancer detection. Their 
approach combined deep learning with optimization techniques to accurately seg-
ment lung nodules from CT scans. The framework achieved a dice similarity coef-
ficient of 0.936 and a sensitivity of 0.944, highlighting the potential of deep learning 
in lung nodule segmentation [21]. Md. Tareq Mahmud et al., For the detection of 
malignant nodules in chest X-ray images, FasterRCNN, YOLOv5, and EfficientDet 
deep learning models were used in this study. Among these, YOLOv5 showed the best 
performance, achieving precision, recall, and mAP of 89%, 84. Overall accuracies of 
84%, 68%, 6%, and 83%, respectively, were obtained on the NODE21 dataset [22].

Bhagirathi et al., breast cancer is the second most common cancer that is diag-
nosed in women across the world and mammography for the early detection has been 
established to lower the mortality rate significantly. However, films taken through 

Study Approach Results

Sori et al. [19] Multi-path CNN Accuracy: 0.941, Sensitivity: 0.932

Sori et al. [20] DFD-Net Accuracy: 0.953, Sensitivity: 0.946

Budati and Karumuri [21] Optimized deep neural 
system

Dice Similarity Coefficient: 0.936, 
Sensitivity: 0.944

Dinesh Reddy et al. [2] Deep Neural Transfer 
Network

Accuracy: 0.83, AUC: 0.91

Liu et al. [11] 3D CNN Sensitivity: 0.942, Specificity: 0.911

Md. Tareq Mahmud et al. [22] FasterRCNN Precision: 0.89, Recall: 0.84, mAP: 0.84

Table 2. 
Comparison of other deep learning approaches for lung cancer detection.
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low dose mammography are often indistinguishable and faint and this challenges the 
ability of the radiologists in diagnosing. CAD is an inexpensive tool for enhancing the 
sensitivity of radiologists and enhancing the accuracy of screening mammography. 
More recent research attempts to design better medical imaging and analysis solutions 
that use image analysis tools and AI techniques to detect distortions, classify them, 
and report the results in a manner more appealing to radiologists. The proposed CAD 
system consists of pre-processing, segmentation, feature extraction, and classifica-
tion stages, which utilize complex methods to address the issue of recognizing insig-
nificant features in mammograms. This system aims at solving problems associated 
with mass calculation, feature extraction and classification for enhancing diagnosis 
and treatment of breast cancer [23].

These studies demonstrate the diverse range of deep learning approaches applied 
to lung cancer detection, each contributing to the advancement of automated diag-
nostic systems. The YOLO models, in particular, have shown promising results and 
have been actively explored by researchers in this field.

3.  Methodology

3.1 Proposed methodology

• Step 1: Input image: Gather a comprehensive dataset of images and annotate the 
objects of interest (e.g., bounding boxes for lung nodules). An input image of 
a certain required size, usually square and a multiple of a given number (for 
example 416 x 416 pixels).

• Step 2: Preprocessing: Resize: The input image is resized to the input size needed by 
YOLO model, for instance, 416X 416 pixels. Normalize: Pixel values are scaled in 
the form between 0 and 1. Format conversion: The image format is changed to the 
BGR mode which is familiar to most computer vision libraries such as OpenCV.

• Step 3: Model architecture: YOLO is a deep convolutional neural network (CNN) 
that forwards the entire image through the network in one pass. Convolutional 
backbone: The preprocessed image goes through a series of convolutional layers 
(backbone) to get the hierarchical features. These layers allow encoding of low-
level features such as edges and textures as well as the high-level features such 
as shapes and patterns. Neck: Implement a neck structure, such as FPN (Feature 
Pyramid Network) or PANet (Path Aggregation Network), to enhance the multi-
scale feature representation. Detection head: YOLO splits the image into boxes 
also known as cells. In the case of each cell, the model provides estimations of the 
bounding boxes and the class probabilities.

• Step 4: Function prediction: Bounding box prediction: The grid cell predicts 
multiple bounding boxes which are usually two in the case of YOLOv3. Each 
bounding box is defined by its coordinates relative to the grid cell. The coor-
dinates for the center are x,y and the width, height for the rectangle. Class 
prediction: For every bounding box prediction, the model also outputs prob-
abilities of each class existing in the data set. These probabilities represent the 
possibility of the object falling under each of the classes. Objectness score: For 
each bounding box, YOLO also generates an “Objectness” score. This score 
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gives the likelihood that an object of interest is in the box rather than the noise 
present in the environment.

• Step 5: Evaluation: Performance metrics: Assess the model with mAP, precision, 
recall, F1-score, etc. Testing: Evaluate them on a held-out test set to evaluate the 
model’s generalization capability.

• Step 6: Post-processing: Non-maximum suppression (NMS): Finally, after having 
predicted the bounding boxes and class probabilities for all the grid cells, a 
process known as non-maximum suppression is carried out. NMS eliminates all 
the overlapping and low-probability bounding boxes. It chooses the most confi-
dent bounding boxes while ignoring other overlapping boxes to be considered. 
Final predictions: The remaining bounding boxes that passed through the Non-
Maximum Suppression (NMS) process, with class predictions and confidence 
scores are the final detections.

• Step 7: Final prediction: Output format: The output comprises: Standard rectangle 
parameters (x, y, dx, dy) in the original image coordinates. Tags identifying the 
type of object that was detected. Probabilities reflecting the model’s confidence 
in detections made by the algorithm. Draw bounding boxes: The last step is to 
overlay bounding boxes on the input image using the output coordinates and 
then display or save the boxes. Overall flow diagram of proposed model as shown 
in Figure 1.

3.2 Dataset

The dataset used in this study is the Lung Cancer CT scan dataset from Roboflow, 
a popular platform for computer vision datasets. The dataset consists of a total of 

Figure 1. 
Block diagram of proposed methodology.
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2383 CT scan images, with 2167 images allocated for training and 216 images for 
validation. The CT scans were collected from various sources and covered a diverse 
range of lung cancer cases, ensuring a representative sample for model training and 
evaluation.

The dataset was carefully curated and preprocessed to ensure high quality and 
consistency. Each CT scan image underwent a series of preprocessing steps to enhance 
the quality and remove any artifacts that could potentially hinder the model’s perfor-
mance. These preprocessing steps included:

1. Image resizing: All CT scan images were resized to a uniform resolution of 
416x416 pixels. This standardization ensures that the images have consistent 
dimensions, facilitating efficient batch processing during model training.

2. Normalization: The pixel values of the CT scan images were normalized to a 
range of [0, 1]. Normalization helps in improving the convergence of the model 
during training by reducing the impact of varying pixel intensities across differ-
ent scans.

3. Contrast enhancement: Histogram equalization techniques were applied to 
enhance the contrast of the CT scan images. This step helps in highlighting the 
relevant features and structures within the lungs, making it easier for the model 
to identify and localize lung tumors.

In addition to preprocessing, data augmentation techniques were employed to 
increase the diversity and robustness of the training dataset. Data augmentation 
involves applying various transformations to the existing images, creating new varia-
tions that help the model learn invariance to different conditions. The following data 
augmentation techniques were applied (Table 3):

1. Rotation: CT scan images were randomly rotated within a specified range of 
angles. This helps the model learn rotational invariance and improves its ability 
to detect lung tumors at different orientations.

2. Flipping: Images were randomly flipped horizontally and vertically. Flipping 
introduces symmetrical variations and enhances the model’s generalization 
capability.

Dataset characteristics Value

Total images 2383

Training images 2167

Validation images 216

Image resolution 416x416 pixels

Preprocessing steps Image Resizing, Normalization, Contrast Enhancement

Data augmentation Rotation, Flipping, Scaling, Brightness, and Contrast Adjustment

Table 3. 
Dataset characteristics and the applied preprocessing and augmentation techniques.
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3. Scaling: The CT scan images were randomly scaled within a specified range. 
Scaling helps the model learn to detect lung tumors at different sizes and 
resolutions.

4. Brightness and contrast adjustment: The brightness and contrast of the images 
were randomly adjusted within a certain range. This simulates variations in 
lighting conditions and helps the model become more robust to different image 
qualities.

The preprocessed and augmented dataset was then split into training and valida-
tion sets. The training set, consisting of 2167 images, was used to train the YOLOv8 
model, while the validation set, containing 216 images, was used to evaluate the 
model’s performance and generalization ability.

3.3 YOLOv8 model

YOLOv8, the latest version of the YOLO (You Only Look Once) object detection 
architecture, was selected as the primary model for this study. YOLOv8 is known for 
its exceptional speed and accuracy in object detection tasks, making it well-suited for 
real-time applications such as lung tumor detection in CT scans.

The YOLOv8 model architecture is designed to efficiently process and analyze 
images, identifying objects of interest with high precision. It consists of a backbone 
network, which is responsible for extracting meaningful features from the input 
images, and a detection head, which predicts the bounding boxes and class probabili-
ties of the detected objects.

The backbone network in YOLOv8 is based on the CSPDarknet53 architecture, 
which is a convolutional neural network (CNN) specifically designed for object 
detection tasks. The CSPDarknet53 architecture incorporates cross-stage partial 
connections and a deeper network structure compared to its predecessors, enabling 
the model to capture more comprehensive and discriminative features from the input 
images.

The detection head in YOLOv8 utilizes anchor-free techniques, which eliminate 
the need for predefined anchor boxes. Instead, the model directly predicts the bound-
ing boxes and class probabilities using a dense prediction approach. This simplifies 
the training process and improves the model’s ability to handle objects of varying sizes 
and aspect ratios. Figure 2 illustrates the overall architecture of the YOLOv8 model, 
highlighting the backbone network and the detection head.

The YOLOv8 model was trained on the preprocessed and augmented Lung Cancer 
CT Scan dataset for a total of 100 epochs. An epoch refers to one complete pass 
through the entire training dataset. The choice of 100 epochs ensures that the model 
has sufficient iterations to learn the relevant features and patterns from the CT scan 
images.

During training, the model’s hyperparameters were carefully tuned to optimize 
its performance for the specific task of lung tumor detection. Hyperparameters are 
adjustable settings that control various aspects of the model’s training process. The 
following hyperparameters were considered (Table 4):

1. Batch size: The batch size determines the number of images processed simulta-
neously in each iteration during training. A batch size of 32 was used, balancing 
memory efficiency, and training speed.
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2. Learning rate: The learning rate controls the step size at which the model’s weights 
are updated during training. An initial learning rate of 0.01 was used, which was 
gradually decreased over the course of training using a cosine annealing schedule.

3. Momentum: Momentum is a technique used to accelerate the convergence of the 
model’s weights during training. A momentum value of 0.937 was used, which 
helps the model overcome local minima and converge faster.

4. Weight decay: Weight decay is a regularization technique that prevents the model 
from overfitting by adding a penalty term to the loss function. A weight decay value 
of 0.0005 was used to regularize the model and improve its generalization ability.

Figure 2. 
YOLOv8 model architecture.

Training configuration Value

Epochs 100

Batch size 32

Learning rate 0.01

Momentum 0.937

Weight decay 0.0005

Table 4. 
Training configuration and hyperparameters used for the YOLOv8 model.
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The model training process was performed using the PyTorch deep learning 
framework and the Ultralytics YOLOv8 library. The training was conducted on 
a GPU-accelerated system, leveraging the parallel processing capabilities of the 
NVIDIA Tesla T4 GPU. The GPU acceleration significantly reduces the training time 
and enables efficient utilization of computational resources.

4.  Evaluation metrics

To assess the performance of the trained YOLOv8 model in detecting lung 
tumors from CT scan images, a comprehensive set of evaluation metrics was 
employed. These metrics provide a quantitative measure of the model’s accuracy, 
precision, and overall effectiveness in identifying lung tumors. The following evalu-
ation metrics were used:

• Precision: Precision measures the proportion of true positive detections among 
all the positive detections made by the model. It quantifies the model’s ability 
to correctly identify lung tumors while minimizing false positives. Precision is 
calculated using the formula: Precision = True Positives/ (True Positives + False 
Positives). A higher precision indicates that the model has a lower rate of false 
positive detections, meaning it is less likely to incorrectly identify non-tumor 
regions as tumors.

• Recall (Sensitivity): Recall, also known as sensitivity, measures the proportion 
of true positive detections among all the actual positive instances in the dataset. 
It quantifies the model’s ability to identify as many lung tumors as possible, 
minimizing false negatives. Recall is calculated using the formula: Recall = True 
Positives/ (True Positives + False Negatives). A higher recall indicates that the 
model is able to detect a higher percentage of the actual lung tumors present in 
the CT scan images.

• F1-score: The F1-score is the harmonic mean of precision and recall, providing a 
balanced measure of the model’s overall performance. It takes into account both 
the model’s ability to accurately identify lung tumors and its ability to minimize 
false positives and false negatives. The F1-score is calculated using the formula: 
F1-score = 2 * (Precision * Recall) / (Precision + Recall). A higher F1-score indi-
cates a better balance between precision and recall, suggesting that the model 
performs well in both aspects.

• Mean Average Precision (mAP): Mean Average Precision is a widely used metric 
in object detection tasks. It provides a single value that summarizes the model’s 
performance across different confidence thresholds. mAP is calculated by taking 
the mean of the average precision (AP) values at different intersection over 
union (IoU) thresholds. The IoU threshold determines the minimum overlap 
required between the predicted bounding box and the ground truth bounding 
box for a detection to be considered a true positive. The AP is calculated by plot-
ting the precision-recall curve at different confidence thresholds and computing 
the area under the curve (AUC). mAP is reported at two common IoU thresh-
olds: mAP at 0.5 and mAP at 0.5:0.95. mAP at 0.5 considers detections with an 
IoU threshold of 0.5, while mAP at 0.5:0.95 averages the AP values across IoU 
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thresholds from 0.5 to 0.95 with a step size of 0.05. A higher mAP value indicates 
better overall performance, considering both the accuracy and completeness of 
the lung tumor detections (Table 5).

The evaluation metrics demonstrate the YOLOv8 model’s strong performance 
in detecting lung tumors from CT scan images. The high precision value of 0.908 
indicates that the model has a low rate of false positive detections, minimizing the 
chances of incorrectly identifying non-tumor regions as tumors. The recall value of 
0.894 suggests that the model is able to detect a significant proportion of the actual 
lung tumors present in the validation set. The F1-score of 0.901 reflects a good bal-
ance between precision and recall, indicating that the model performs well in both 
aspects. The mAP at 0.5 value of 0.921 and mAP at 0.5:0.95 value of 0.615 further 
validate the model’s overall effectiveness in detecting lung tumors across different 
confidence thresholds and IoU thresholds.

Figure 3 shows the precision-recall curve of the YOLOv8 model on the validation 
set. The precision-recall curve visualizes the trade-off between precision and recall 
at different confidence thresholds. The area under the curve (AUC) represents the 
overall performance of the model. A higher AUC indicates better performance, with 
an ideal curve reaching the top-right corner of the plot.

Figure 4 presents the F1-score curve of the YOLOv8 model across different epochs 
during training. The F1-score curve provides insight into the model’s learning prog-
ress and convergence. As the training progresses, the F1-score typically improves, 
indicating that the model is learning to detect lung tumors more accurately.

Figure 3. 
Precision-recall curve.

Metric Value

Precision 0.908

Recall 0.894

F1-score 0.901

mAP at 0.5 0.921

mAP at 0.5:0.95 0.615

Table 5. 
Evaluation metrics achieved by the trained YOLOv8 model on the validation set.
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The evaluation metrics and visualizations demonstrate the effectiveness of the 
YOLOv8 model in detecting lung tumors from CT scan images. The high precision, 
recall, and F1-score values, along with the impressive mAP scores, highlight the 
model’s ability to accurately identify lung tumors while minimizing false positives and 
false negatives. The robustness and generalization capability of the YOLOv8 model 
can be attributed to several factors, including the careful preprocessing and augmen-
tation of the dataset, the selection of appropriate hyperparameters, and the use of 
advanced techniques such as anchor-free detection and a deep backbone network. 
Furthermore, the visualization of the model’s performance across different epochs 
provides valuable insights into the training process. The F1-score curve shows a steady 
improvement over the course of training, indicating that the model is learning to 
detect lung tumors more effectively as it processes more data.

5.  Results

The trained YOLOv8 model demonstrated remarkable performance in detecting 
lung tumors from CT scan images. The model’s effectiveness was evaluated using a 
comprehensive set of metrics, including precision, recall, F1-score, and mean average 
precision (mAP), on the validation set. The validation set, consisting of 216 CT scan 
images, served as an independent dataset to assess the model’s performance on unseen 
data. This allows for a fair evaluation of the model’s generalization capability and its 
ability to detect lung tumors accurately in real-world scenarios (Table 6).

The precision value of 0.908 indicates that the model has a high level of accuracy 
in identifying lung tumors. It means that 90.8% of the positive detections made by the 

Figure 4. 
F1-score curve.

Metric Value

Precision 0.908

Recall 0.894

mAP50 0.921

mAP50–95 0.605

Table 6. 
Evaluation metrics achieved by the YOLOv8 model on the validation set.
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model are indeed true lung tumors. This high precision is crucial in a medical context, 
as it minimizes the risk of false positives, which could lead to unnecessary further 
investigations or interventions. The recall value of 0.894 suggests that the model is able 
to detect a significant proportion of the actual lung tumors present in the validation 
set. This means that 89.4% of the lung tumors in the CT scan images are successfully 
identified by the model. A high recall is important to ensure that the model does not 
miss any potential tumors, reducing the risk of false negatives and delayed diagnosis.

The mean average precision (mAP) metrics provide a comprehensive evaluation of 
the model’s performance across different confidence thresholds and intersection over 
union (IoU) thresholds. The mAP50 value of 0.921 indicates that the model achieves 
an average precision of 92.1% when considering detections with an IoU threshold 
of 0.5. This means that the model is highly accurate in localizing the lung tumors 
within the CT scan images. The mAP50–95 value of 0.605 represents the average 
precision across IoU thresholds ranging from 0.5 to 0.95, with a step size of 0.05. This 
metric provides a more stringent evaluation of the model’s performance, considering 
the accuracy of the detected bounding boxes at different levels of overlap with the 
ground truth annotations. The mAP50–95 value of 0.605 demonstrates that the model 
maintains a strong performance even at higher IoU thresholds, indicating its ability to 
precisely localize the lung tumors.

Figure 5 illustrates the precision-recall curve of the YOLOv8 model on the valida-
tion set. The precision-recall curve showcases the trade-off between precision and 
recall at different confidence thresholds. The curve provides insights into the model’s 

Figure 6. 
F1-score curve on validation set.

Figure 5. 
Precision-recall curve on validation set.
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performance across a range of operating points, allowing for the selection of an 
appropriate threshold based on the desired balance between precision and recall.

The precision-recall curve demonstrates the model’s strong performance, with 
a high area under the curve (AUC). The curve remains close to the top-right corner 
of the plot, indicating that the model maintains high precision while achieving high 
recall. This suggests that the model is capable of accurately detecting lung tumors 
while minimizing both false positives and false negatives. Figure 6 presents the 
F1-score curve of the YOLOv8 model across different epochs during training. The 
F1-score is the harmonic mean of precision and recall, providing a single metric that 
balances both aspects. The F1-score curve allows for monitoring the model’s learning 
progress and convergence over the course of training.

The F1-score curve shows a steady improvement in the model’s performance as the 
training progresses. The curve rises quickly in the early epochs, indicating that the 
model is rapidly learning to detect lung tumors. As the training continues, the F1-score 
stabilizes and reaches a high value, demonstrating the model’s ability to generalize well to 
unseen data. The precision, recall, and F1-score curves collectively showcase the model’s 
learning progress and its high performance in detecting lung tumors. The curves provide 
visual evidence of the model’s effectiveness and its ability to achieve a good balance 
between precision and recall. Figure 7 provides the overall result of the YOLOv8 model 
with preprocessed image and tumor detected with caused percentage using model.

6.  Discussion

The results obtained from the YOLOv8 model in detecting lung tumors from CT 
scan images demonstrate the strong capabilities of deep learning in the domain of 
medical image analysis. The high precision and recall values achieved by the model 
indicate its potential to assist radiologists and healthcare professionals in the early 
detection and diagnosis of lung cancer. The precision value of 0.908 suggests that the 
model has a low false positive rate, meaning that the majority of the detections made 
by the model are indeed true lung tumors. This is particularly important in a medical 
context, as false positive detections can lead to unnecessary further investigations, 
patient anxiety, and increased healthcare costs. The high precision of the YOLOv8 

Figure 7. 
Yolo model output. (a) Original Image, (b) Preprocessed Image and (c) Resultant image.
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model can help reduce the burden on healthcare systems by minimizing the need for 
additional confirmatory tests.

On the other hand, the recall value of 0.894 indicates that the model is able to detect 
a significant proportion of the actual lung tumors present in the CT scan images. A 
high recall is crucial in the early detection of lung cancer, as missing even a single 
tumor can have severe consequences for the patient’s prognosis and treatment options. 
The YOLOv8 model’s ability to identify a large percentage of lung tumors highlights its 
potential to aid in the timely diagnosis and initiation of appropriate treatment plans.

The mean average precision (mAP) scores further validate the model’s performance 
across different confidence thresholds and IoU thresholds. The mAP50 value of 0.921 
and mAP50–95 value of 0.605 demonstrate the model’s robustness in accurately local-
izing the lung tumors within the CT scan images. These scores indicate that the model 
is not only able to detect the presence of lung tumors but also precisely determine 
their location and extent. The precision-recall curve and F1-score curve provide visual 
representations of the model’s learning progress and its ability to balance precision and 
recall. The curves showcase the model’s convergence toward high performance and its 
capability to generalize well to unseen data. These visualizations offer valuable insights 
into the model’s behavior and can guide further refinements and optimizations.

However, it is important to acknowledge the limitations and challenges associated 
with the application of deep learning models in medical image analysis. One of the 
primary concerns is the interpretability and explainability of the model’s predic-
tions. While the YOLOv8 model demonstrates strong performance in detecting lung 
tumors, understanding the underlying reasoning behind its decisions is crucial for 
building trust and acceptance among healthcare professionals. Future research should 
focus on developing techniques to enhance the interpretability of deep learning 
models, allowing for more transparent and explainable predictions (Table 7).

Another challenge is the integration of deep learning models into clinical work-
flows. The successful deployment of the YOLOv8 model in real-world settings 
requires collaboration between computer scientists, radiologists, and healthcare insti-
tutions. Establishing standardized protocols for data acquisition, preprocessing, and 
model evaluation is essential to ensure the reliability and reproducibility of the results. 

Model Results

YOLOv8 (Current Study, 2024) Precision: 0.908
Recall: 0.894

mAP50: 0.921
mAP50–95: 0.605

YOLOv7 [13] AP: 0.835
Sensitivity: 0.926

YOLOv6 with PSO optimizer [8] Accuracy: 0.982
Sensitivity: 0.976

YOLOv5 [10] Not specified (used synthetic data)

YOLOv3 with attention [6] Accuracy: 0.913
Sensitivity: 0.925

YOLOv3 [4] Average Precision: 0.881
Average Recall: 0.873

Table 7. 
Comparison of YOLO versions for lung cancer detection.
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Furthermore, regulatory considerations and ethical implications must be addressed to 
ensure the responsible and safe use of deep learning models in patient care.

7.  Conclusion and future work

This study presents a lung cancer detection approach using the state-of-the-art 
YOLOv8 deep learning model. The YOLOv8 model was trained on the Lung Cancer CT 
Scan dataset, consisting of 2167 training images and 216 validation images, to detect 
lung tumors from CT scan images. The trained model achieved remarkable perfor-
mance on the validation set, with a precision of 0.908, recall of 0.894, mAP50 of 0.921, 
and mAP50–95 of 0.605. These results demonstrate the model’s strong capability in 
accurately detecting lung tumors while minimizing false positives and false negatives. 
The precision-recall curve and F1-score curve further validate the model’s learning 
progress and its ability to balance precision and recall. The promising results obtained 
in this study highlight the potential of deep learning, specifically the YOLOv8 model, in 
aiding the early diagnosis of lung cancer. The model’s high performance suggests that it 
can serve as a valuable tool for radiologists and healthcare professionals, assisting them 
in the detection and localization of lung tumors from CT scan images. However, it is 
important to acknowledge the limitations and challenges associated with the applica-
tion of deep learning models in medical image analysis. Further validation on larger 
and more diverse datasets is necessary to assess the model’s generalization ability and 
performance across different patient populations and imaging protocols. Additionally, 
efforts should be made to enhance the interpretability and explainability of the model’s 
predictions, ensuring transparency, and building trust among healthcare professionals.

Future work should focus on several key areas to support the real-world deploy-
ment of the YOLOv8 model in clinical settings. Firstly, model refinement and opti-
mization techniques can be explored to further improve the model’s performance and 
robustness. This may involve investigating alternative network architectures, incorpo-
rating additional data augmentation strategies, and fine-tuning the hyperparameters.
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Chapter 3

Friction and Wear in Journal
Bearings: Accurate Testing and
Simulation with an Outlook on
Predictive Maintenance with
Machine Learning
Sophia Bastidas and Hannes Allmaier

Abstract

Oil-lubricated journal bearings have been used extensively in combustion engines and
other applications requiring high reliability under high mechanical loads. Friction and
wear of journal bearings have been researched for decades; however, the authors were
the first to demonstrate a simulation method that can predict reliably and accurately the
friction of journal bearings under very high, dynamic loads as they occur in combustion
engines. Building on this foundation, a novel journal bearing test-rig has been developed
to measure the amount of generated wear debris in real-time during the test and can
directly measure the friction of one journal bearing only. With this data, novel insights
into journal bearings’ friction and wear processes under high loads become possible and
provide the basis for predictive maintenance using machine learning algorithms.

Keywords: journal bearings, friction, wear, bearing test-rig, predictive maintenance,
machine learning

1. Introduction

Journal bearings, like the ones used in internal combustion engines and turbines,
are relatively simple mechanical components consisting of a rotating shaft and a
bearing shell with the lubricant that separates the contacting surfaces of both compo-
nents. Journal bearings have been traditionally designed to work under hydrodynamic
lubrication conditions, where there is no contact between the surfaces, thus reducing
wear and extending their useful lifetime. However, continuous operation under
hydrodynamic lubrication conditions implies an increase in the total friction losses
due to the lubricant shear, which translates to fuel consumption increase and reduc-
tion of the system efficiency. In this way, to reduce the friction losses, the bearing
should be operated in the transition between hydrodynamic and mixed lubrication
conditions, where the friction coefficient is minimum, determined by both the lubri-
cant viscosity and the surface roughness due to the existence of metal–metal contact.
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However, the drawback of operating under mixed lubrication is the wear increase and
reduced bearing useful lifetime.

With the aim to understand better the lubrication of the bearing, the wear phenom-
ena under mixed lubrication, and the different conditions and factors involved, experi-
mental and simulation tools have been developed with highly accurate results. The
authors’ research group has worked on these two approaches for many years, and in this
chapter, a new journal-bearing test-rig is presented especially aimed at research under
mixed lubrication conditions. Furthermore, it was designed to measure the friction force
in the test journal bearing directly and not as a total friction force, including the support
bearings, as is common in standard bearing test-rigs. To complement the experimental
research, an elastohydrodynamic simulation model was developed adapted to the design
characteristics of the test-rig, including the elastic deformation of the components, the
rheological properties of the lubricant, varying with temperature, pressure, and shear
rate, and the surface roughness properties of the contacting surfaces.

In parallel and taking advantage of the significant amount of data available from
simulation, it was decided to use machine learning (ML) tools in a simple application
to predict the lubrication regime in the test bearing from different operating condi-
tions and simulation parameters. This application is only an overview example of the
different capabilities of ML in tribology. It is expected to be expanded using experi-
mental data from the journal bearing test-rig in future works. A brief literature review
of ML for bearings’ research is presented in the following Section 1.1. Finally, a
conclusions and outlook section was included at the end of this chapter to summarize
the main results and present some proposals for future work.

1.1 ML for journal bearings’ research

ML algorithms have been used extensively in many different science and industry
applications, including tribology [1], to find hidden trends and relations between
parameters, operating conditions, and processes that could explain and predict the
performance of a system and, ultimately, give the foundations for decision-making. The
application of ML in bearings’ research is, therefore, a valuable tool, not only for under-
standing complex tribological processes occurring in the bearing contact but also for
performance prediction. This predicting capability could be applied, for example, to
predictive maintenance, calculation of remaining useful lifetime, and even help to
reduce the amount of required experimental tests as highlighted in the research work
developed by Ünlü et al. [2]; in this work, the friction coefficient and wear loss of journal
bearings were investigated under both dry and lubricated conditions using experimental
tests on a journal bearing wear test-rig and predicted with an artificial neural network
(ANN) model. The input data included time, applied load, and speed. The ANN results
demonstrated the accurate predicting capabilities of the ML model compared to experi-
mental results, which ultimately reduces the need for experimental data and the time
involved. Another application of neural networks was shown by Moder et al. [3] to
predict the lubrication regime of journal bearings using experimental torque data in the
frequency domain. This data used for training was obtained from different testing
combinations of bearing-shaft materials, applied load, and shaft speed conditions and
was labeled manually into four classifications: boundary, mixed, fluid thin, and fluid
thick lubrication. A simpler logistic regression algorithm was also tested, yielding highly
accurate results similar to those obtained using the neural network model.

A semi-supervised ML algorithm using Random Forest (RF) classification was
used by Prost et al. [4] to predict the operating conditions of a self-lubricating journal
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bearing. To this end, experimental data from a lateral force sensor was used to classify
the operation of the bearing into four states ranging from steady to critical conditions.
In this work, semi-supervised refers to the combination of manual labeling made by
an expert user and the use of clustering tools such as k-means. Furthermore, noise
removal was performed during data pre-processing and resampling to balance the
amount of data in each classification label. The trained RF model was able to classify
the bearing operation states for unseen data with high accuracy and, as pointed out by
the authors, it could be the basis for the prediction of the remaining useful lifetime. In
this way, in a following work by Prost et al. [5], an ANN model and five supervised
classification algorithms were proposed to predict the operating state of a porous
journal bearing. Experimental results from multiple sensors, such as torque, wear, and
acceleration, collected under operating conditions promoting mixed lubrication and
accelerated wear, were used to improve the predicting capabilities of the ML models.
Results showed that an ensemble classifier based on aggregated decision trees yielded
the highest accuracy, and the onset of the critical stage was predicted reliably, which
could be especially useful in real applications for maintenance planning.

2. Journal bearing test-rig

Journal bearing test-rigs provide the experimental data required to develop accu-
rate simulation and machine learning models. The authors operate a novel kind of
bearing test-rig that provides high-resolution data that is invaluable for research. As
shown in Figure 1, the main components of the test-rig are the test journal bearing,
two support bearings, the connecting rod to transmit the applied load to the test

Figure 1.
Journal bearing test-rig.
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bearing, the shaft, the hydraulic actuator for the load application, and the friction
force sensor. However, as the used simulation methodology was shown to be very
accurate for uncritical operating conditions in past publications [6–10], it will be used
for the following investigations for the simple reason that simulation is much more
convenient to generate results with arbitrary resolution. This allows more flexibility
for developing a machine learning method and removes the complexity of unwanted
noise and inaccuracies that are naturally part of experimental data. At the same time,
simulation can generate (almost) any amount of data required for machine learning,
while experimental data are (almost) always limited in quantity. Future work will,
however, utilize this experimental data as well.

3. Journal-bearing test-rig simulation model

To complement the development of the journal bearing test-rig presented in Sec-
tion 2, an isothermal elasto-hydrodynamic simulation model was developed consider-
ing the mechanical components’ elastic deformation, the lubricant oil’s rheological
properties, and the contact between the surfaces. The model is based on the Reynolds
equation for non-Newtonian fluids, including the Patir and Cheng flow factors to
account for rough surfaces [11, 12], the Greenwood and Tripp contact model [13], and
the Jakobsson-Floberg-Olsson approach [14] to account for cavitation and mass con-
servation. An oil model, described in Section 3.3, considering the oil’s piezo-viscous
effect and non-Newtonian behavior, was implemented using the measured oil prop-
erties. Furthermore, surface roughness properties and a constant boundary friction
coefficient were included to accurately simulate severe mixed lubrication conditions.
This simulation approach is based on models developed by the research group, previ-
ously documented in the publications [7–10]. In this way, only the main characteris-
tics of the current simulation model are described here.

The simulation model was implemented in the flexible multi-body solver AVL
Excite Power Unit (version 2022R1),1 it includes the test connecting rod and test
bearing, modeled as finite element structures, and the shaft, modeled as a simplified
beam body. The model was solved in time domain, applying numerical time integra-
tion and backward differentiation. At each time step, equations of motion were
calculated for all the bodies as well as contact equations using the Newton–Raphson
method. The elastic deformation of the test bearing and shaft was also considered and
calculated for each time step. A schematic diagram of the simulation model is
presented in Figure 2.

3.1 Model components

The components of the simulation model consist of flexible and rigid bodies and
joints. The first group includes the test connecting rod and the shaft. The connecting rod
was modeled as a finite element condensed body, for which a pre-process was
performed with the ANSA pre-processor (version 22.0.0)2 to mesh the body and reduce
the degrees of freedom. This last process allowed to obtain a condensed body that
retains only the nodes in contact with other simulation model components. For the

1 AVL List GmbH, Hans-List-Platz 1, 8020 Graz Austria, www.avl.com
2 BETA CAE Systems International AG, Platz 4 CH-6039 Root D4, Switzerland, www.beta-cae.com
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connecting rod, the retained nodes are those on the bearing surface and two nodes at the
bottom to guide the rod and for load application. A simplified beam body was defined
for the shaft with point masses distributed along the rotational axis. The second group
consists of three rigid bodies, two located at each side of the shaft acting as support
brackets for the support bearings and a third body at the bottom to guide the connecting
rod in the vertical direction. Finally, the joints include an elasto-hydrodynamic joint
(EHD2) to model the contact between the test bearing and the shaft and two revolute
(REVO) joints for the contact between the support bearings and the shaft. For the EHD
joint, a hydrodynamic (HD) mesh was defined, with 201 nodes in the circumferential
direction and 21 nodes in the axial direction, for the discretization of the bearing
surface. The Reynolds equation was evaluated at each HD node along with the oil
properties dependent on temperature, pressure, and shear rate.

3.2 Test bearing geometry and surface roughness

The test bearing corresponds to a big-end bearing with a diameter of 51.5 mm,
width of 17.2 mm, and radial clearance of 17 mm; it has two oil supply holes in the
shell at 90° and 270°. The journal bearing is considered run-in, and since wear occurs
at the bearing edges due to the shaft elastic bending, a wear profile was added to the
bearing shell geometry. This profile consists of a spline contour in the bearing axial
direction with a flat area at the center and a parabolic profile at the bearing edges with
a maximum deviation of 5μm.

For these first simulations, and given that no experimental results from the bearing
test-rig are still available, it was decided to use surface roughness parameters obtained
by the research group in previous projects. The selected parameters are summarized in
Table 1. They include the asperity summit roughness (σ), mean summit height (δ),
the combined Young’s module (E ∗ ), and the elastic factor K, necessary for the asper-
ity contact model. Additionally, the asperities’ orientation (Γ) was set to 2 for the Patir

Figure 2.
Schematic diagram of the simulation model.
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and Cheng model, and a boundary friction coefficient (μBound) equal to 0.02. See [7],
for a more detailed description of the measurement and determination of these sur-
face roughness parameters.

3.3 Lubricant oil rheology

The lubricant oil used in the simulation model is a standard multigrade 0W20 oil
for automotive applications. Its main properties are presented in Table 2. Given that
the simulation model assumes isothermal conditions, the bearing temperature is con-
sidered constant with a value representative of the complete bearing contact (see
more details in Section 3.4) and varies with the applied load and speed.

To model the oil viscosity variation with temperature, pressure, and shear rate, the
Vogel [15], Barus [16], and Cross [17] equations were included in the model. The
rheological properties of the investigated oil were employed to obtain the parameters
used in the Vogel-Barus-Cross equations. These parameters are summarized in
Table 3; a complete description of their derivation is presented in a previous
publication [7].

3.4 Journal bearing temperatures

For the isothermal elasto-hydrodynamic model, which assumes that the tempera-
ture of the bearing and oil in the lubrication gap is constant in the entire contact, an
equivalent global oil temperature was defined, representative of the temperature
values found in the highly loaded zone of the bearing and the lower temperatures at
the zone without applied load.

Given that there is currently no available data from experimental tests in the
bearing test-rig, the temperature values used in this simulation are derived from
previous results presented in [7] for different experimental conditions. In this way,

Parameter Bearing shell Shaft

σ (μm) 0.2 0.2

δ (μm) 0.4 0.1

Γ (�) 2 2

E ∗ (GPa) 57.7

K (�) 0.003

μBound (�) 0.02

Table 1.
Surface roughness parameters for the test bearing and shaft.

Property Value

Density at 40°C (kg=m3) 832.5

Dynamic viscosity at 40°C (mPa:s) 37.5

Dynamic viscosity at 100°C (mPa:s) 6.8

HTHS viscosity at 150°C and 106s�1 shear rate (mPa:s) 2.7

Table 2.
0W20 oil rheological properties.
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the temperature values defined for the test bearing in the simulation model are
summarized in Table 4 with a supply oil temperature of 110°C.

3.5 Stribeck tests

The first experimental test planned to be performed in the journal bearing test-rig
is the so-called Stribeck test, where a constant static load is applied to the test bearing
while the engine speed is varied. This approach will allow to evaluate further and
improve the understanding of mixed lubrication; additionally, for the simulation
model, these Stribeck tests will serve to verify the mixed lubrication approach adopted
in the simulation based on the Greenwood and Tripp contact model and the constant
dry friction coefficient. The results obtained from these tests are represented in
Stribeck curves, where the different lubrication regimes can be identified similarly as
in Figure 3. In this plot, the lubrication regimes are defined by the friction coefficient
and the Sommerfeld number (S), which relates the oil viscosity (η), the relative
velocity of the surfaces (U), and the load applied to the contact (W).

In this way, the test-rig simulation model was set up with testing conditions
expected to promote the appearance of all the lubrication regimes in the bearing,
especially mixed lubrication, and therefore, get an overview of the expected results

Shaft speed (rpm) Temperature (°C) Shaft speed (rpm) Temperature (°C)

100 103.05 900 108.20

200 103.70 1000 109.98

300 104.34 1500 112.06

400 104.98 2000 115.17

500 105.63 3000 120.72

600 106.27 4000 127.55

700 106.91 5000 134.47

800 107.56

Table 4.
Test bearing temperature.

Property Value

A (mPa:s) 0.0516

B (°C) 1127.6

C (°C) 130.7

α (1=Pa) 9.5e-9

r (�) 0.53

m (�) 0.79

K (s) 7.9e-8

Table 3.
Parameters for the Vogel-Barus-Cross equations.
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from the experimental tests. The selected simulating conditions consist of two static
loads of 20 and 40 kN (22.6 and 45.2 MPa specific load, respectively), shaft speeds
from 100 to 5000 rpm, and oil supply temperature of 110°C.

The sampling period for each simulation run was set for four shaft revolutions; the
results were extracted from the last two revolutions to account for the time needed for
the applied load to reach the desired value and stabilize.

Figure 4 shows the results as Stribeck-like curves of the simulations ran for the
two load cases; the x axis presents the shaft speed variation, and the y axis contains the
resultant friction torque acting on the test bearing surface due to hydrodynamic and
asperity contact losses.

The obtained Stribeck curves show that the test bearing experiences all the lubri-
cation regimes, from boundary-mixed lubrication to hydrodynamic lubrication, for
the two load cases by varying the shaft speed. Nonetheless, given that the main focus
of the test-rig is to improve the understanding of mixed lubrication, the experimental
tests would better focus on the plot’s left side with speeds up to 3000 rpm. An

Figure 4.
Stribeck-like curves obtained with the bearing test-rig simulation model for 20 and 40 kN applied constant load.

Figure 3.
Identification of the lubrication regimes in the Stribeck curve.
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example of the expected lubricating conditions at 500 rpm can be seen in Figure 5,
where the hydrodynamic and asperity contact pressure distributions have been plot-
ted on the bearing surface for the two load cases, and once the load reaches stable
conditions. Under these load and low shaft speed conditions, it can be seen that the
contact between the bearing and the shaft is dominated by mixed lubrication with a
significant contribution of asperity contact, as observed previously in the Stribeck
curves of Figure 4.

Once experimental tests are available, the simulation model will be updated with
actual data from the test-rig, such as temperatures measured at the bearing, which will
allow to verify the simulation approach, focused on mixed lubrication.

4. Identification of journal bearing lubrication regime using ML

This section aims to provide an example of the capabilities of ML in bearings’
research through a simple application, using data from simulation and a RF classifica-
tion algorithm, to identify the lubrication regime existent in the bearing contact
throughout a working cycle. Especial attention was given to the mixed lubrication
regime, which is the leading research focus of the journal bearing test-rig presented in
Section 2, and the simulation model discussed in Section 3. This section includes a
description of the data used for training and testing the ML model, the pre-process to
label the data, and results analysis of the ML model application with two and three
classification labels and using a complete and reduced training data set.

4.1 Data used in the ML model and pre-process

The data used to train and test the ML model correspond to the results obtained
with the bearing test-rig simulation model presented in [7]; the simulation comprises

Figure 5.
Hydrodynamic and asperity contact pressure distribution in the test bearing with 20 kN (left) and 40 kN (right)
applied load.

57

Friction and Wear in Journal Bearings: Accurate Testing and Simulation with an Outlook…
DOI: http://dx.doi.org/10.5772/intechopen.1003822



three EHD bearings, two acting as support bearings and one as test bearing, and a
periodic dynamic load with a frequency of 80 Hz applied in a downward directing to
the test bearing. Three load conditions were simulated with a maximum value of 40,
80, and 105 kN, corresponding to 50, 100, and 130 MPa specific loads, respectively.
Two lubricant oils were investigated: an SAE 0W20 and an SAE 5W30 oil. The shaft
speed was varied from 1000 to 7000 rpm in a stepwise run-up in intervals of
1000 rpm, followed by a run-down to 1000 rpm again. This configuration gives
13 simulation runs for each applied load and oil combination. Each simulation was
run for 37.5 ms with a step size of 0.1 ms, corresponding to 376 data points per
simulation run.

For the ML model, three simulation parameters were selected to predict the lubri-
cation regime: the friction torque acting on the test bearing, the oil film parameter (λ),
and the Sommerfeld number (S). These parameters have been plotted in Figure 6 for
one simulation run; it also includes the asperity contact area in percentage (dashed
line) used to label the training data as explained further in Section 4.2.

λ is the minimum oil film thickness ratio to the root mean square of the combined
surface roughness, as presented in Eq. (1) [18]. The asperity roughness values σs,S and
σs,J can be found in [7]. S was obtained from Eq. (2) [18], where r is the shaft radius, c
the radial clearance, U is the shaft speed, and L and D are the bearing’s width and
diameter, respectively.

λ ¼ hffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2s,S þ σ2s, J

q (1)

S ¼ r
c

� �2 ηU
W=LD

(2)

With these simulation parameters, the training data set (mxn matrix) was built
using the results for 100 MPa and 0W20 oil; the resultant data set has dimensions of
m = 4888 data points and n = 3 features; the rest of the simulation data were used to
test the ML model.

Figure 6.
Simulation parameters used as predictors in the ML model; the asperity contact area in dashed line was used to
label the training data set. Example for one simulation run at 1000 rpm, 100 MPa applied load, and 0W20 oil.
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4.2 Data labeling

Given that RF is a supervised algorithm, it needs labeled data to learn the relation-
ship between the predictors or features and the labels and, therefore, be able to predict
the label of new data using only the features. The percentage of asperity contact area
was selected to determine the lubrication regime found in the test bearing contact at
each data point and assign the corresponding label. This parameter, presented previ-
ously in Figure 6, is defined as the bearing area ratio, where contact between the
surfaces is present, to the total area of the test bearing. Pressure in this area is greater
than zero due to the asperities’ interaction.

For the first approximation, two labels were used to classify the lubrication regime:
0 for no mixed lubrication where the percentage of asperity contact area is equal to
zero, and 1 for mixed lubrication with values of percentage asperity contact area
greater than zero. For the second approximation, three labels were defined: no mixed
lubrication, weak lubrication, and significant mixed lubrication. Table 5 summarizes
these labels’ definitions.

The number of data points in each classification label for the training data set
is presented in Table 6. About 70% of the data correspond to label 0 for both
approximations, as expected for journal bearings primarily working under
hydrodynamic lubrication conditions. These can also be seen in Figure 6, where the
asperity contact area (%) only takes values greater than zero at short periods during
the simulation run.

4.3 Random Forest ML model and metrics

The RF model was developed with the ML library scikit-learn [19], and the fol-
lowing hyperparameters were used: n estimators = 5 for the number of individual
decision trees, max depth = 3 for the maximum number of levels in each decision tree,
and criterion = “entropy”. To check the overall accuracy of the RF model, first, it was

Conditional Label

2 labels % Asperity contact = 0 0 = No mixed lubrication

0 < % Asperity contact 1 = Mixed lubrication

3 labels % Asperity contact ≤ 0.5 0 = No mixed lubrication

0.5 < % Asperity contact ≤ 3 1 = Weak mixed lubrication

3 < % Asperity contact 2 = Significant mixed lubrication

Table 5.
Conditionals to label the data into two or three classifications.

Number of data points in each label (%)

Labels For 2 labels For 3 labels

0 66.51 68.94

1 33.49 11.25

2 — 19.80

Table 6.
Number of data points of the training data set in each classification label for the approximations with 2 and 3 labels.
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trained with a randomized selection of 70% of the training data set and tested with the
remaining 30%, giving a result of 0.9921 for the RF trained with the data set for 2
labels and 0.9252 for the RF with 3 labels. For the successive tests, the RF model was
trained again using the complete training data set, for 2 or 3 labels as needed.

The RF model performance was evaluated with the metrics: accuracy, precision,
and recall calculated with the scikit-learn function classification report, and confusion
matrices were used for visual representation. The accuracy gives an overall view of the
model performance as the percentage of correct predictions; however, this score may
not reflect the actual predicting performance of the RF for each classification label
when the data is imbalanced. A confusion matrix can be calculated to account for this
issue; it offers a visual representation of the true labels, shown in the rows, and
predicted labels, shown in the columns, for all the tested data points. In this way, the
values in the diagonal of the matrix are the number of times the RF model predicted
the corresponding label correctly, while the values in the other cells are mislabeled.
The precision metric is the ratio of correctly predicted members of a label to the total
number of times the model predicted that specific label. Conversely, the recall metric
is defined as the ratio of correctly predicted members of a label to the total number of
true members of that specific label [19].

4.3.1 ML model for two and three labels

To test the predicting performance of the RF models and compare the results, they
were tested with three test data sets: 50 MPa and 0W20 oil, 100 MPa and 5W30 oil,
and 130 MPa and 0W20 oil, which include two load levels, greater and lower, than the
one used for training, and a different lubricant oil. Here it should be noted that given
that the test data comes from simulation, information on the true labels is available to
compare with the predicted results.

An example of the results obtained with the two RF models is presented in the
following Figure 7a for the classification with 2 labels, and Figure 7b for the classifica-
tion with 3 labels, for the test data set 50 MPa and 0W20 oil, and shaft speed of
1000 rpm. The plots show the percentage of asperity contact area in the bearing (y axis)
throughout the complete simulation run (37.5 ms) (x axis). Since this parameter was
used to label the training data set, identifying if the RF predictions are correct is
straightforward. This way, the true values of the percentage of asperity contact area are
shown with opaque colors, and the predicted values are shown in corresponding semi-
transparent colors.

Figure 7.
True and predicted lubrication regimes using (a) two and (b) three labels.

60

Artificial Intelligence Annual Volume 2024



From Figure 7a, it can be observed that the RF model for two labels predicted the
lubrication regime of new unseen data with high accuracy, even when testing a lower
load than the one used for training. However, the results were not as accurate for the RF
model with three labels, especially for the prediction of significant mixed lubrication
(label 2). In Figure 7b, the true values corresponding to label 2 can be observed as
opaque magenta dots for asperity contact area values greater than 3%. Nonetheless, the
RFmodel classified most of these data points as label 1 (semi-transparent orange circles).

To complete this analysis, the confusion matrix for this test data set (50 MPa and
0W20 oil) is shown in Figure 8, and a summary of the metrics, precision, and recall,
are presented in Table 7 for the three test data sets evaluated in this section.

Figure 8.
Confusion matrix for the test data set 50 MPa and 0W20 oil with 2 and 3 labels.

For 2 labels For 3 labels

Labels Precision Recall Precision Recall

50 MPa and 0W20 oil

0 0.99 1 0.99 1

1 0.98 0.97 0.82 0.9

2 — — 1 0.02

Accuracy 0.9924 0.9687

100 MPa and 5W30 oil

0 0.99 1 0.99 0.99

1 0.99 0.98 0.87 0.42

2 — — 0.65 0.98

Accuracy 0.9932 0.9343

130 MPa and 0W20 oil

0 0.99 1 0.99 0.99

1 1 0.99 0.80 0.50

2 — — 0.83 0.97

Accuracy 0.9934 0.9313

Table 7.
Precision and recall metrics for the RF model evaluate on the test data sets for the approximations with 2 and
3 labels.

61

Friction and Wear in Journal Bearings: Accurate Testing and Simulation with an Outlook…
DOI: http://dx.doi.org/10.5772/intechopen.1003822



From Table 7, it can be seen that the overall accuracy of both RF models evaluated
for all the test data sets is very good, especially for the classification into 2 labels with
precision and recall metrics close to 1. Nonetheless, looking at the results for the
classification into 3 labels, although the accuracy is very good, the recall metrics are
low for labels 1 and 2 in some cases. It is especially noticeable the recall result of 0.02
for label 2 in the test data set 50 MPa and 0W20 oil, which can be observed in more
detail in the confusion matrix of Figure 8; here, the trained RF model is not able to
correctly learn how to discern between the classification labels 1 and 2, predicting
almost all the significant mixed lubrication data (label 2) as weak mixed lubrication
(label 1). This issue may arise due to the imbalanced training data set shown in
Table 6. Therefore, since classification into label 1 is determined by a closed small
range (0.5–3% asperity contact area), the RF model may not have sufficient training
data to learn how to delimit the classification of this label.

4.3.2 Using a reduced training data set

Given the results of previous Section 4.3.1, it was decided to balance the training
data set with the aim of improving the prediction performance of the RF model,
especially to be able to predict weak and significant mixed lubrication conditions,
labels 1 and 2. For that, the number of data points classified as label 0 was reduced to
represent a maximum of 50% of the total training data, in contrast to the 63% in the
original training data set. The results of the reduced training data set are summarized
in the following Table 8.

The three previous test data sets were used again to evaluate the RF model trained
with the reduced data. Table 9 summarizes the accuracy, precision, and recall metrics.

Labels Number of data points in each label (%)

0 48.33

1 18.72

2 32.95

Table 8.
Number of data points of the reduced training data set in each classification label.

Labels Precision Recall

50 MPa and 0W20 oil

0 0.99 1

1 0.95 0.92

2 0.82 0.85

Accuracy 0.9863

100 MPa and 5W30 oil

0 1 0.98

1 0.85 0.78

2 0.77 0.95

Accuracy 0.9581
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Comparing the results from this table and Table 7, it can be concluded that using the
reduced data for training improved the prediction performance of the RF, especially
looking at the recall metric of label 2 for the test data set 50 MPa and 0W20 oil, which
increased from 0.02 to 0.85.

An example of the predicted lubrication regimes is shown in the following
Figure 9 in terms of the percentage of asperity contact pressure found in the bearing
for the testing conditions 50 MPa, 0W20 oil, and shaft speed of 1000 rpm, the same as
in Figure 7b (RF with the complete training data set) for comparison purposes. As can
be seen, using the reduced training data set significantly improved the predicting
performance of the RF, especially for severe mixed lubrication conditions (label 2),
which are now correctly predicted for most of the data points.

A second example of these results is shown in Figure 10 corresponding to the testing
conditions 130 MPa, 0W20 oil, and shaft speed of 4000 rpm. As seen in this figure and
Table 9, the overall RF model predicting performance is lower than for the other test
data sets but still very good. Nonetheless, the recall metric for label 1 is low, which may
result from testing a higher load than the one used for training. This situation is
observed in Figure 10, as many weak mixed lubrication points (label 1) were predicted
as significant mixed lubrication, although mainly on the left side of the curves.

Figure 9.
True and predicted lubrication regimes with the reduced training data set for the testing conditions 50 MPa, 0W20
oil, and 1000 rpm.

Labels Precision Recall

130 MPa and 0W20 oil

0 1 0.98

1 0.80 0.45

2 0.80 0.98

Accuracy 0.9233

Table 9.
Precision and recall metrics for the RF model using the reduced training data set evaluated on the test data sets.
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5. Conclusions and outlook

This chapter presents three approaches for research on journal bearings with particu-
lar attention to mixed lubrication conditions; this includes experimental testing, simula-
tion, and performance prediction using machine learning tools. A new journal bearing
test-rig developed by the research group was presented for the experimental approach,
able to directly measure the friction losses generated in the bearing contact and quantify
the generated wear particles. To complement this experimental approach, a simulation
model was also implemented considering the elastic deformation of the components, the
rheological properties of the oil and the viscosity dependence on temperature, pressure,
and shear rate, and the roughness parameters of the contacting surfaces for the asperities’
interaction under mixed lubrication. Future works in the test-rig include the development
of Stribeck tests to investigate further mixed lubrication and wear phenomena under
these conditions; these measurements will also serve to validate the simulation approach.

For the journal bearing’s performance prediction, a brief literature review was
presented first, highlighting recent works aimed to predict the performance state of
the bearing and lubrication regime under certain operating conditions and with the
use of different measured parameters as predictors. A simple application using a
Random Forest algorithm was presented in this chapter to predict the lubrication
regime in the bearing using data from simulation and three predictors with highly
accurate results. From this literature review and the application presented here, the
great potential demonstrated by these ML algorithms for understanding the complex
tribological process occurring in the bearing contact and predicting its performance
can be highlighted. Equally important is the wide diversity of data that can be used for
training, both from experimental and simulation results, which, adequately selected
and pre-processed, can provide a robust foundation for the ML models. Future works
include testing the RF model with experimental results from the bearing test-rig and
improving the ML model to predict the bearing’s remaining useful lifetime using ANN
and physics-informed neural networks.

Figure 10.
True and predicted lubrication regimes with the reduced training data set for the testing conditions 130 MPa,
0W20 oil, and 4000 rpm.
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Nomenclature

c radial clearance
D bearing diameter
E combined Young’s module
K elastic factor
L bearing width
r shaft radius
S sommerfeld number
U velocity
W applied load
δ mean summit height
η oil viscosity
λ oil film parameter
μBound boundary friction coefficient
σ asperity summit roughness
Γ asperities’ orientation

Abbreviations

ANN artificial neural network
EHD elastohydrodynamic
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HD hydrodynamic
ML machine learning
REVO revolute joint
RF random forest
SAE Society of Automotive Engineers
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Chapter 4

Predicting Student Performance 
in Flipped Learning through 
Machine Learning Techniques: 
A Bibliometric Analysis with R
Ragazou Vasiliki and Antonis Konstantinos

Abstract

Machine learning (ML) is an emerging field of study that utilizes data to enhance 
the learning process and optimize the learning environment. The primary goals of ML 
are to observe students’ activities and provide early predictions about their academic 
performance, with the aim of enhancing student retention. Furthermore, ML aims to 
provide personalized feedback and streamline the provision of support to pupils. A 
flipped classroom is an educational approach that integrates both physical and digital 
spaces, known as blended learning environments. Flipped classes often use learning 
management systems that provide access to recorded lectures and digital resources. 
This facilitates the collection of statistics on students’ interaction with these services. 
The present chapter used bibliometric analysis to examine the effect of ML in predict-
ing students’ performance in flipped classes. Information was extracted from the 
Scopus database for the period of 2014–2024. The data were examined using the R 
statistical programming language and the Biblioshiny software. Through the use of 
this strategy, we are presented with possibilities to enhance our skills and expertise in 
the respective domain. The investigation reveals that ML systems provide automated 
data-driven formative feedback, which supports students’ self-regulation and enables 
instructors to identify areas and tactics for intervention and assistance.

Keywords: flipped learning, machine learning, student performance, prediction, 
bibliometric analysis

1.  Introduction

Data mining methods have recently gained considerable attention in the educa-
tion industry [1–3]. Data mining (DM) is a systematic process used to discover 
important insights and patterns from large datasets [4]. Data mining is a field that 
focuses on discovering new and potentially useful insights or important results from 
large databases. Furthermore, its primary goal is to reveal innovative trends and pat-
terns from extensive datasets via the use of various classification methodologies.
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Educational data mining (EDM) is the use of conventional data mining tech-
niques to examine and address educational issues [5, 6]. EDM is the process of 
examining educational data via the use of data mining techniques. This includes the 
assessment of student data, academic transcripts, examination outcomes, student 
participation in classroom activities, and the frequency of student inquiries. EDM 
is an effective method used to uncover concealed patterns in educational data with 
the aim of forecasting academic advancement and enhancing the educational envi-
ronment. EDM has expanded the scope of learning analytics (LA) [7]. LA is the 
systematic collection and analysis of student data to assess and evaluate the learning 
environment, with the goal of determining the highest level of achievement attained 
by either the student or the instructor [8]. LA is a methodical process of gathering, 
assessing, and displaying data on students and their educational environment, with 
the main goal of enhancing understanding and optimizing educational settings and 
the learning process. Moreover, it sheds light on the institutions that are promoting 
inventive approaches [8, 9].

Another aspect of LA includes the forecasting of student academic achievement 
[2, 10–14], the detection of patterns in system use and navigation, and the identifi-
cation of students who may be prone to academic underperformance. Educational 
technology platforms, such as Massive Open Online Courses (MOOC), learning man-
agement systems (LMS), student information systems (SIS), and intelligent teach-
ing systems (ITS), provide digital data that may be used to assess students’ future 
behaviors. The EDM approach may use this information to examine the behaviors of 
high-achieving and at-risk children in connection to academic underperformance. 
Therefore, this research might be used to develop strategies based on student aca-
demic performance, with the goal of assisting educators in improving their teaching 
methods.

The gathered data on educational processes offer novel prospects for enhancing 
the learning experience and optimizing user involvement with digital platforms. 
Analyzing educational data facilitates advancements in several domains, includ-
ing predicting student behavior, developing innovative pedagogical approaches, 
and establishing educational policies. By meticulously gathering and analyzing 
data, school administrators would be able to formulate policies grounded on actual 
evidence. Furthermore, this will provide a foundation for developing artificial 
intelligence (AI) software aimed at improving the educational process. EDM allows 
instructors to predict outcomes such as decreased course enrollment or school attri-
tion rates, analyze internal variables that impact students’ academic performance, 
and anticipate future academic achievements using statistical methods. Diverse data 
mining approaches are used to forecast student performance, detect students with 
subpar learning rates, and anticipate student attrition. Early prediction is a novel 
approach that uses evaluation tools to provide students with suggestions on suitable 
treatments and strategies in this domain.

Given the gravity of the pandemic, LMS has rapidly become indispensable in 
higher education. With the increasing usage of smart devices by students, the gener-
ated log data have become more readily available. Universities should emphasize 
enhancing their proficiency in using these data to forecast academic achievement 
and monitor student advancement. EDM enables educators to get novel insights by 
uncovering latent patterns in data pertaining to education. Through the use of this 
methodology, certain facets of the educational system may be assessed and enhanced 
in order to guarantee the excellence of education.
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2.  Literature review

EDM researchers have thoroughly investigated e-learning systems in several 
research studies. Numerous studies have sought to categorize educational data, while 
others have tried to forecast student achievement. Ref. [15] used data mining tech-
niques to examine two separate attributes while studying the academic achievement 
of undergraduate students. The first phase is predicting the scholastic achievement 
of pupils upon completion of a 4-year educational curriculum. The second approach 
involves integrating student progress evaluations into the result forecast procedure. 
He classified the pupils into two clearly defined categories based on their level of 
achievement: high and low. The individual acknowledges the importance of teachers 
prioritizing a limited number of courses that exhibit exceptional quality or inade-
quacy. This enables them to promptly identify and assist youngsters who are not doing 
well while also offering guidance and opportunities to those who have exceptional 
abilities. In their study, the authors in Ref. [16] predicted students’ academic success 
by considering 16 demographic characteristics, such as age, gender, class attendance, 
computer ownership, internet access, and the number of completed courses. ML 
algorithms, including random forest, logistic regression, k-nearest neighbors, and 
support vector machines, effectively forecasted the academic performance of the 
pupils with an accuracy ranging from 50 to 81%.

The students’ academic performance marks, obtained from in-term activities, 
were integrated into a model created by the authors in Ref. [17]. The research used 
classification models that leveraged the Gradient Boosting Machine (GBM) to predict 
the academic development of individuals. The findings indicate that the most reliable 
predictors of performance scores were the number of absences and the achievement 
scores from the previous year. The researchers have found potential indicators of 
success or failure, such as demographic factors including age, educational institu-
tion, and geographic region. Furthermore, he postulated that this framework may 
function as a blueprint for the creation of novel policies that are specifically tailored 
to avert failures. The authors in Ref. [18] conducted a comprehensive data analysis to 
identify students who were most susceptible to academic failure while considering 
environmental variables. Empirical research confirms that the use of data mining 
approaches may lead to more accurate classification of problematic youngsters. 
Furthermore, their approach allows for the classification of pupils based on vary-
ing degrees of hypersensitivity. The authors in Ref. [19] devised an ML method to 
ascertain the crucial parameters influencing the curriculum of academic institutions 
and to establish the connections between these aspects. The study determined that 
the intensity of parental influence, the class size, the amount of competitiveness, and 
the gender distribution were the primary factors that influenced improved academic 
achievement. The aforementioned results were inferred by the examination of regres-
sion trees. Furthermore, the study revealed that the ratio of female students and the 
school’s size had a substantial impact on the model’s anticipated accuracy, as shown by 
the outcomes acquired via the implementation of the random forest approach.

Ref. [20] proposed using an ML methodology to ascertain the academic perfor-
mance of kids who are vulnerable to certain dangers. The student’s cognitive ability, 
study habits, and academic involvement were efficiently used to generate a forecast 
with an accuracy rate of 85% in categorization. The researchers found that it is 
feasible to identify academically underperforming students based on their methods. 
The authors in Ref. [21] presented a ML model that integrates several aspects such 
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as health issues, academic accomplishment, motivation, education, and feelings of 
social support. By using this process, he successfully identified students who were 
likely to drop out of school and accurately predicted their academic performance. The 
presence of prior foundation knowledge had the most substantial influence on attri-
tion rates, but the use of effective learning mechanisms emerged as the most notable 
predictor of GPA.

The authors in Ref. [7] created an artificial neural network (ANN) model to exam-
ine student data on their use of the LMS. The data indicate that demographic char-
acteristics and clickstream patterns have a substantial impact on students’ academic 
achievement. The students who successfully completed the courses demonstrated 
academic achievement. There was no correlation between the scholars’ academic 
achievement and their level of participation in the learning environment. However, 
the study concluded that the deep learning model has the possibility to be an essential 
tool in predicting student performance at an early stage. The authors in Ref. [22] 
discovered a correlation between the internet use habits of university students and 
their academic achievement. In addition, ML techniques were used to produce predic-
tions about the academic performance of the kids. The suggested approach signifi-
cantly improved the accuracy of predicting students’ academic achievement. A study 
revealed that there is a negative association between internet data use and academic 
performance, whereas the frequency of internet usage is positively linked to academic 
accomplishment. Moreover, he demonstrated that the integration of online features 
had a substantial impact on the academic performance of students. The authors in 
Ref. [23] examined if using data alone from the LMS is enough to predict academic 
performance. Based on his research, the behavior-based prediction model accurately 
forecasted the need for course repetition with a 75% level of accuracy. Furthermore, 
he said that this approach facilitates the identification and provision of assistance to 
students who may have challenges in future academic periods. The authors in Ref. 
[24] developed a specific tool to assist students who are in danger of failing in their 
next semesters of study. Unlike previous school years, he saw a 14% decrease in the 
percentage of students who failed.

Previous studies on predicting academic accomplishment have included several 
ML techniques, including logistic regression, probit regression, multiple regression, 
and neural networks, as well as C4.5 and J48 decision trees. The current study used 
random forests, genetic programming, and Naïve Bayes methods. The aforemen-
tioned algorithms have achieved remarkably high levels of predicted precision. In 
order to accurately predict a student’s academic success, it is crucial to have a thor-
ough understanding of the many aspects and traits that impact their achievements 
and results. The authors in Ref. [25] performed a comprehensive study of 357 papers 
to investigate student performance. Specifically, they evaluated the impacts of 29 
essential components. The major emphasis was on psychomotor skills, which included 
factors such as academic accomplishment, self-regulation, course and pre-course 
involvement, and student demographics (e.g., gender). However, attrition rates 
were mostly influenced by variables such as student motivation, routines, social and 
financial worries, stasis in personal growth, and work changes.

To improve the quality of education, as indicated by the literature review, it is 
necessary to have the capability to predict students’ academic development and provide 
support to those who are in danger of falling behind. A significant amount of scholarly 
study has been dedicated to predicting academic success by analyzing various quali-
ties. Student digital footprints include a range of online activities, such as browsing 
habits, length of class attendance, and degree of active engagement. Researchers have 
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investigated demographic factors, including socioeconomic position, number of courses 
completed, gender, age, and internet access. The analysis has also included other vari-
ables such as cognitive capacities, study methods, patterns of studying approaches for 
learning, sense of social support, drive, socio-demographic aspects, physical well-being, 
and traits related to academic accomplishment. Moreover, scholars have examined the 
influence of assignments, projects, and tests, along with other variables, on academic 
performance. The models used in these assessments typically have a prediction accu-
racy ranging from 70 to 95%. Nonetheless, the gathering and examination of such an 
extensive amount of data is a tedious endeavor that necessitates specific proficiency. 
The authors in Ref. [18] state that collecting a substantial quantity of data is a difficult 
task, and socioeconomic data are unnecessary. Moreover, it is crucial to acknowledge 
that demographic and socioeconomic data may not consistently function as a reliable 
indicator for preventing failure, as emphasized by the authors in Ref. [23].

3.  Materials and methods

This study used a bibliometric strategy to methodically examine selected scholarly 
papers with the aim of identifying recurring themes, limitations, and developing areas. 

Step Keyword search

1 ((“flipped learning”) AND “machine learning”))

2 ((“flipped learning”) AND (“machine learning”) OR “artificial intelligence”))

3 ((“flipped learning”) AND (“machine learning”) OR “artificial intelligence”) AND “digital 
education”))

4 ((“flipped learning”) OR (“online learning”) AND (“machine learning”) OR “artificial intelligence”) 
AND “digital education”))

5 ((“flipped learning”) OR (“flipped classroom”) OR (“online learning”) AND (“machine learning”) 
OR “artificial intelligence”) AND “digital education”))

6 ((“flipped learning”) OR (“flipped classroom”) OR (“online learning”) AND (“machine learning”) 
OR “artificial intelligence” OR “augmented reality”) AND (“digital education” OR “educational 
innovation”))

7 ((“flipped learning”) OR (“flipped classroom”) OR (“online learning”) AND (“machine learning”) 
OR “artificial intelligence” OR “augmented reality”) AND (“digital education” OR “educational 
innovation” OR “education data mining”))

8 ((“flipped learning”) OR (“flipped classroom”) OR (“online learning”) AND (“machine learning”) 
OR “artificial intelligence” OR “augmented reality” OR “robotics”) AND (“digital education” OR 
“educational innovation” OR “education data mining”))

9 ((“flipped learning”) OR (elearning”) OR (“flipped classroom”) OR (“online learning”) AND 
(“machine learning”) OR “artificial intelligence” OR “augmented reality” OR “robotics”) AND 
(“digital education” OR “educational innovation” OR “education data mining”))

10 ((“flipped learning”) OR (elearning”) OR (“flipped classroom”) OR (“online learning”) AND 
(“machine learning”) OR “artificial intelligence” OR “augmented reality” OR “robotics”) AND 
(“digital education” OR “educational innovation” OR “education data mining”)) AND (LIMIT-TO 
(DOCTYPE, “ar”)) AND (LIMIT-TO (PUBSTAGE, “final”) OR LIMIT-TO (PUBSTAGE, “aip”)) AND 
(LIMIT-TO (SRCTYPE, “j”))

Table 1. 
Keyword search formula.
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Bibliometric analysis enables the assessment of current research status and identification 
of prestigious academic journals, publishing corporations, or authors within a certain 
field. Applying the bibliometric approach with machine learning techniques is appropri-
ate for forecasting student achievement in flipped learning due to its ability to provide 
a comprehensive overview of the academic subject matter and enhance understanding. 
This research employs a systematic analysis of compiled literature data acquired from 
sources such as Scopus, Web of Science (WoS), and Google Scholar. Quantitative and 
bibliometric methodologies have shown substantial expansion in recent years as means 
of assessing research output. A thorough assessment should be conducted to evaluate 
the effectiveness, accuracy, and consistency of an evaluation process.

The data used in the current study were obtained from Scopus in December 2023. 
The process of doing keyword searches is thoroughly explained and shown in Table 1.

Figure 1 depicts the essential steps involved in choosing a reliable set of articles 
for bibliometric analysis using the preferred reporting items for systematic reviews 
and meta-analyses (PRISMA) flow diagram [26]. The search query for the collection 
yielded 876 sources, which we narrowed down to 732 by only choosing documents. 
Subsequently, a thorough examination was conducted on a total of 569 papers to 
exclude any that seemed unrelated to the topic or covered too many subjects for this 
particular study, which focuses on exploring innovative approaches to using machine 
learning for predicting the achievement of students in flipped learning. Upon manual 
evaluation of the articles, it was found that the names and keywords of numerous 
chosen sources did not clearly indicate the scope and characteristics of the investi-
gated field. Consequently, the search criteria were modified to only include articles 
that are relevant to the present study subject, so excluding any references that are 
irrelevant. Following the completion of this filtering process, a grand total of 387 
scientific articles remained, which were then included in the bibliometric analysis.

Figure 1. 
Selection process of the articles for bibliometric analysis using the PRISMA flow diagram method.
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4.  ML and LA: the digitalization of the flipped classroom

The previous study conducted by the authors in Ref. [27] clearly showed the 
substantial impact that an instructional framework may have on a student’s learn-
ing style. The authors in Ref. [27] propose that the instructional approach used by 
a teacher influences whether a student adopts a superficial or in-depth approach 
to learning. An educational strategy that excessively prioritizes the teacher’s role 
and the transfer of information may often lead to students acquiring just a shallow 
understanding of the learning process. Adopting a student-centered strategy that 
enables learners to independently improve their understanding of the subjects being 
studied leads to a deeper educational experience. The educational style discussed 
here, known as active learning, has many parallels with the communicative language 
teaching method. The authors in Ref. [27] conducted a study on 48 science classes 
including first-year students. They discovered compelling evidence that active learn-
ing approaches effectively include students in a profound learning process, resulting 
in the attainment of higher-level learning objectives [28]. Foreign language (FL) 
presupposes that students engage in pre-class and/or post-class activities rather than 
passively observing classroom events. Consistently participating in academic activi-
ties throughout the term results in enhanced academic performance.

The authors in Ref. [29] conducted a meta-analysis where they analyzed 225 
articles to compare the academic performance of undergraduate science, technology, 
engineering and mathematics (STEM) students who were enrolled in courses that 
used active learning approaches vs. standard lecturing. The researchers analyzed two 
outcome variables: the frequency of course failures and the academic proficiency of 
students on tests. Researchers noted a 1.5-fold increase in the likelihood of students 
failing traditional lecture-based courses compared to those that used an active learn-
ing strategy. The meta-analysis revealed that substituting conventional lectures with 
active learning techniques led to a significant average enhancement of 0.5 standard 
deviations in students’ performance on tests that were either the same or compa-
rable. Freeman et al.’s meta-analysis consistently showed that active learning yielded 
advantages across all STEM fields, including various course levels and experimental 
approaches. The primary research papers showed significant effects when active 
learning constituted the bulk of class time. Furthermore, the authors in Ref. [28] high-
lighted that there is evidence indicating that active learning has a greater influence on 
students’ proficiency in advanced cognitive abilities than fundamental skills.

Despite its history of more than 15 years as an interactive learning method, foreign 
language (FL) has only just started to get recognition and become popular among 
educators. The assessment and analysis of formative learning as a method to improve 
student learning often demonstrate inadequacy [30]. Previous studies in the domain 
of FL teaching mostly collected data on students’ viewpoints and comprehension of 
FL via the use of interviews and questionnaires. In addition, the researchers evalu-
ated the extent of enhancement in the student’s academic achievement by using both 
pre- and post-tests, along with course grades [31]. The bulk of the aforementioned 
research have confirmed the educational advantages linked to FL models, including 
higher attendance rates, enhanced academic achievement, and better student happi-
ness. Although there are data supporting the benefits of FL for students, the authors 
in Ref. [31] caution educators against automatically believing that it is superior to 
conventional seminars. O’Flaherty and Phillips found a lack of research that provides 
convincing evidence supporting the effectiveness of the reversed learning approach 
compared to traditional teaching methods.
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Undoubtedly, further efforts are necessary to enhance the methodological preci-
sion linked to this comparative analysis. The degree of learner autonomy within a FL 
curriculum is a complex and important matter that has a direct influence on students’ 
progress in an FL environment [32]. Self-regulated learning is essential for students 
to actively participate in and effectively complete the preparation tasks specified in 
this particular active learning framework [33–35]. However, many students lack suf-
ficient self-regulation skills and need support and guidance to successfully navigate 
their educational path in unexpected and challenging circumstances, which are often 
linked to the FL curriculum. The FL design examined in this research has a well-
defined structure that stays consistent throughout the course.

Nevertheless, FL seems to have undergone digitalization with the use of ML. The 
integration of ML into teaching methods has been made possible by the widespread 
use of computers and information technology in education, driven by the progress 
of educational technologies in the near future. ML employs advanced data process-
ing and analytics to replicate human cognition and functions. Ancestry has shown 
a significant inclination to explore blended learning and online education as areas 
of research. The authors in Ref. [36–38] have achieved notable advancements in the 
area of machine learning in education (MLEd), particularly in the development of 
educational features. Subsequently, the system has proposed educational pathways 
and enhanced training techniques. Presently, MLEd is used to forecast academic 
achievement. This approach has the capacity to improve the efficiency of education 
by identifying students who have a higher probability of failing their courses and 
subsequently improving and perfecting the courses to better cater to the individual 
needs of each student [36, 38].

ML performance prediction models may be classified into two distinct classes by 
analyzing two views inside a closed loop. The main objective of the first perspective, 
referred to as the ML model perspective, is to improve the precision of prediction 
models. Throughout this procedure, artificial intelligence models are generated and 
validated to precisely forecast students’ academic achievement. The educational 
application viewpoint, which is seen as secondary, largely emphasizes the actual 
implementation and impact of ML prediction models. ML prediction models 
effectively aid educators and learners in improving the quality of education and 
knowledge acquisition. To get precise forecasts of academic achievement using ML 
models, it is essential to emphasize two key elements: the comprehensive integration 
of the model into educational institutions via significant research and the ongoing 
enhancement and refinement of the model itself. Although ML prediction models 
have been extensively examined in academia, the primary focus of research has been 
on their development and improvement. By using many algorithms, such as the one 
proposed by Jiao et al. in 2022, it is feasible to develop models that exhibit outstand-
ing accuracy in predicting outcomes. Moreover, despite the present emphasis on 
creating artificial intelligence prediction models for educational purposes, there 
is a dearth of models that integrate real-time input and provide accurate feedback 
to both teachers and students, with the goal of improving the quality of students’ 
learning. The combination of LA and ML has been acknowledged as an effective 
approach to address this issue (Figure 2). Most of the ongoing research on this topic 
is centered on this convergence.

Figure 3 emphasizes the significance of ML in the process of digitizing the flipped 
classroom and its close correlation with LA. Artificial Intelligence is directly linked to 
the digitization of the flipped classroom. The use of artificial intelligence technology 
has the capacity to facilitate the implementation of individualized instruction within 
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the classroom environment. Artificial intelligence systems have the capability to fulfill 
four unique functions within the realm of education. These positions include acting 
as an astute mentor, a knowledgeable mentee, a sophisticated educational resource, 
or an advisor to politicians. Intelligent teaching methods include several facets. These 
manifestations include adaptive learning systems, personalized learning systems, and 

Figure 2. 
Research trends for the timeframe 2015–2023.

Figure 3. 
Co-citation analysis based on authors keywords.
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recommendation systems. Studies have shown that intelligent tutoring systems has the 
ability to augment the academic accomplishments of individual individuals.

The above is confirmed by Figure 4 as well.

5.  Massive open online courses (MOOCs) in machine learning: the future 
in the prediction of student performance

Multiple scholars have highlighted the need to include learning effectiveness in 
the instructional materials design process. Academic support pertains to the capacity 
of educational materials to aid students in efficiently remembering, recalling, and 
comprehending certain information.

The authors in Ref. [39] argue that successful implementation of a blended 
education paradigm requires the integration of inventive tactics that may be merged 
with traditional face-to-face instruction, such as MOOCs. The map of the Multiple 
Correspondence Analysis [39], shown in Figure 5, displays two distinct clusters: the 
red cluster and the blue cluster. The second outlines the difficulties that have not 
been thoroughly examined by the scholarly community so far. A concern highlighted 
in the blue cluster pertains to the significance of MOOCs. Furthermore, MOOCs are 
a modern educational innovation that may be used to improve distance learning. 
Moreover, they noted that it is a crucial element of the hybrid educational method, in 
which learning takes place via a blend of physical and digital settings. Several scholars 
have highlighted the significance of mutual comprehension and extended social, 
collaborative learning in education based on MOOCs.

According to the authors in Ref. [40], students’ perception of MOOCs as being easy 
to use and beneficial significantly impacts their learning conduct. The authors in Ref. 
[40] identified several factors that contribute to the increasing attrition rate in MOOCs 
in their research. The factors include psychological, social, personal, course-related, 
time-related, and concealed financial duties. Furthermore, they emphasized the need to 
cultivate student excitement and encourage active participation to decrease the retention 

Figure 4. 
Thematic map.
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rates seen in MOOCs. Furthermore, well-crafted course frameworks are crucial for 
enhancing student involvement and fostering enthusiasm. In a further inquiry, the 
authors in Ref. [41] discovered that the level of cooperation in MOOCs, the efficiency of 
the system, and the quality of interface design all influence the quantity of knowledge 
obtained by students. Furthermore, it has been shown that the perspective of students 
about the utility, overall pleasure, and educational experience is significantly influenced 
by top-notch MOOCs, resulting in a persistent willingness to participate in MOOCs.

Additionally, MOOCs are crucial for universities and other organizations as they 
allow them to provide cost-effective, readily available, and top-notch educational 
materials to students and learners. Moreover, they provide an exceptional chance for 
educational institutions to expand their student population, since geographical or 
other obstacles may hinder some persons from enrolling in conventional on-campus 
classes. Open edX offers institutions a powerful platform to evaluate and improve the 
quality of their education by delivering material and tracking student progress. To 
summarize, Open edX enables academic institutions to make income by charging fees 
for access to certain courses and materials.

Furthermore, MOOCs enable the dissemination of top-notch education to a wide 
range of persons and promote the continuous education of various socioeconomic 
classes. MOOCs have the capacity to aid those who are currently not engaged in any 
pursuits in obtaining crucial skills necessary for employment. Moreover, they possess 
the capacity to facilitate the provision of complimentary staff training, and MOOCs 
are available to anybody worldwide who has internet connectivity. Social networking 
platforms and discussion forums enable the sharing of ideas and foster engagement 
among users. Similar to a traditional classroom setting, motivate students to acquire 
information by actively participating in group activities with their classmates, which 
may result in a more thorough comprehension.

Figure 5. 
Multiple correspondence analysis (MCA).
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6.  Conclusions

While many acknowledge the effectiveness of multimodal teaching methods, most 
medical educators and theorists concur that a curriculum including LA tools goes 
beyond just hearing lectures passively. This is because the curriculum enhances the 
retention and application of newly learned information. LA utilizes several teaching 
tactics, including the flexible classroom, think-pair-share, turn and speak, and lec-
ture with bullet point breaks. These techniques require students to actively develop, 
understand, and absorb knowledge gained over their educational journey, while 
also enhancing their ability to retain information and learn new skills. The flipped 
classroom educational style, which emerged in the late 1990s, has gained recognition 
due to its proven efficacy in academic environments. The reversed classroom utilizes 
defined teaching time to facilitate active learning. This system provides significant 
advantages by prioritizing the practical application of learned information, enhanc-
ing comprehension of the subject matter, and enhancing performance on standard-
ized tests. Recently, there has been a growing realization that using a combination of 
different teaching approaches, known as a multimodal approach, is the most effective 
strategy for increasing the likelihood of success in academic pursuits. According to 
educational research, the most successful instructional strategy in the twenty-first 
century is integrating multiple pedagogical materials in a way that they complement 
one another. The combination or synergistic use of multimodal and system-based 
methodologies improves students’ learning effectiveness.

ML applications, which were first established in 1955, have had a significant 
increase in utilization in recent years. This increase represents a fundamental change 
in technology, which is expected to provide useful resources for improving medical 
education. ML is mostly used in medical education to aid students in their learning, 
gauge their advancement, and, to a lesser extent, appraise the curriculum, as per 
educational research. Integrating ML technology into educational systems has the 
capacity to provide continuous feedback around the clock and a structured learning 
trajectory. Based on subgroup research, ML deployment is mostly focused on medi-
cal students. However, there is a limited amount of educational research evaluating 
the efficacy of this technology. The main objective of this academic inquiry was to 
evaluate the efficacy of voice-over-style lectures and artificial intelligence technolo-
gies in enhancing the learning experience. The hypothesis suggests that the adoption 
of ML in the flexible classroom would improve academic attainment and students’ 
performance.

Moreover, the substantial collection of student behavioral data by many MOOC 
platforms has sparked scholarly curiosity in data mining methodologies. Hence, 
data mining methods are extensively used to analyze online learning behavior and 
determine the relationship between learning behavior and learning outcomes across 
the whole learning process. The authors in Ref. [42] analyzed two types of approaches 
used to develop prediction models utilizing behavioral data gathered from partici-
pants of MOOCs. The data included evaluations, completed assignments, and video 
lecture consumption. These models have the ability to provide precise and prompt 
forecasts of student performance. The research done by [43] analyzed the data 
pertaining to the online learning activities of 129 students using the Moodle platform. 
Research has shown that promoting active student engagement in course forums, 
consistent submission of assignments, and sharing of learning resources might poten-
tially improve their learning results. The authors in Ref. [44] used the Naïve Bayes 
classifier to investigate student records and identified a direct association between 
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learners’ academic achievement and their engagement in activities such as completing 
online assessments and attending live virtual lectures. Therefore, it may be inferred 
that learning behavior has a substantial impact on the learning process, acting as a 
reliable indication of students’ academic accomplishments and defining their level of 
learning competence. However, the present research lacks a comprehensive examina-
tion of the correlation between the evolving learning behavior patterns shown by 
students and their academic performance in MOOCs.
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Chapter 5

A Transformer-Based Architecture 
for Airborne Particles Forecasting: 
Case Study – PM2.5 in Mexico City
Jose Luis Maciel-Jacobo, Marco Antonio Aceves-Fernández, 
Jesus Carlos Pedraza-Ortega and Efren Gorrostieta-Hurtado

Abstract

In this comprehensive research project, our goal is to predict the concentration 
levels of PM2.5, a critical air pollutant, in Mexico City. To address this challenge, we 
use an innovative approach based on the transformer model, specifically a modified 
version called the Informer. This project focuses on improving air quality predic-
tion, a key step in tackling public health concerns and aiding decision-making in 
environmental management in one of the world’s most densely populated cities. 
We trained the Informer model using a robust dataset of historical air quality 
records and evaluated its performance with standard metrics: mean absolute error 
(MAE) and mean squared error (MSE). The results showed MAE values of 4.6266 
and 5.5844, and MSE values of 40.7972 and 55.4009 for each monitoring station, 
demonstrating the model’s effectiveness in predicting PM2.5 levels. These results 
highlight the potential of the Informer in enhancing air quality management strate-
gies. We also compared the Informer’s performance with the LSTM model, showing 
that the Informer not only competes with but may outperform the LSTM in air 
quality prediction tasks. This underscores the promise of the Informer for future 
environmental monitoring.

Keywords: transformer, forecasting, particles, LSTM, informer

1.  Introduction

Air quality, evaluated through the concentration of particulate matter with a 
diameter of 2.5 micrometers or smaller (PM2.5), stands as a crucial factor in evaluat-
ing environmental well-being. Precisely forecasting PM2.5 levels holds paramount 
importance for comprehending the dynamics of air quality and instituting efficient 
measures for pollution control. This research centers on the prediction of PM2.5 
concentrations specifically in Mexico City (CDMX), a region known for its complex 
air quality dynamics.

However, the prediction task comes with inherent challenges, like the presence of 
missing data in the CDMX air quality dataset. The sporadic nature of data collection 
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or technical issues can lead to gaps in the temporal records, posing challenges for 
modeling and forecasting. Addressing these data limitations with data imputation is 
crucial for developing a robust predictive model.

Furthermore, PM2.5 time series exhibit semi-chaotic behavior, characterized by 
intricate patterns, nonlinearities, and dependencies on various environmental fac-
tors such as wind direction, wind speed, and atmospheric stability. Understanding 
and modeling this semi-chaotic nature are pivotal for accurate predictions, as 
traditional linear models may fall short in capturing the complexity of the underly-
ing processes.

In this context, we explore the application of a modified transformer, the Informer 
model, a powerful deep learning architecture, for predicting PM2.5 concentrations. 
The goal is to leverage the model’s ability to capture complex temporal dependencies 
and handle missing data effectively. Through this research, we aim to contribute to 
the advancement of air quality prediction methodologies in urban environments with 
challenging data characteristics.

2.  Background

2.1 Airborne pollution

Air pollution could be defined as atmospheric conditions wherein specific sub-
stances are present at concentrations that can lead to undesirable effects on both 
humans and the environment. These substances encompass gasses such as SOx, NOx, 
CO, and HCs, as well as particulate matter like smoke, dust, fumes, and aerosols, 
along with other elements, including radioactive materials. While many of these 
substances naturally exist in the atmosphere at low concentrations (background 
levels) and are typically considered harmless, a substance is deemed an air pollutant 
only when its concentration significantly exceeds the background value, resulting 
in adverse effects. Meaning, for a particular substance to be considered pollution, it 
should both surpass the background levels and cause adverse effects [1].

Urban air pollution is a global concern with significant implications. The increased 
utilization of fuels, rising electricity demand, and intensified mining activities since 
the Industrial Revolution have emerged as the primary contributors to atmospheric 
pollution, ultrafine particles are able to travel into the bloodstream and be depos-
ited in organs such as the liver, spleen, or brain, with the possibility of penetration 
through trans-synaptic mechanisms [2].

2.1.1 Particulate matter (PM)

Particulate matter consists of particles from various origins, varying in size and 
composition. These particles are generally classified into three main groups based 
on size:

2.1.2 Coarse particles

These have a diameter ranging from 10 micrometers to less than 2.5 microm-
eters. Fine Particles: These are sized between 2.5 micrometers and 0.1 micrometers. 
Ultrafine Particles: These are smaller than 0.1 micrometers. Most monitoring systems 
measure particles by their mass concentration, focusing on those smaller than 2.5 
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micrometers (known as PM2.5) and those smaller than 10 micrometers (known as 
PM10). PM10 includes both fine and coarse particles, with PM2.5 often represent-
ing about 50–70% of the total mass of PM10. Ultrafine particles are also included in 
PM2.5 and PM10 measurements (Figure 1). The main sources of PM2.5 are motor 
vehicle traffic, power generation, and the industrial and domestic burning of oil, 
coal, or wood. These fine particles are made up of elemental carbon, transition met-
als, complex organic compounds, sulfates, and nitrates [3].

As mentioned before, PM2.5 particles consist of inhalable particles that are suf-
ficiently small to enter the respiratory system as shown in Figure 1. Both short-term 
and long-term exposure can result in various health effects, including:

• Exacerbation of asthma

• Increased mortality from cardiovascular diseases

• Elevated mortality rates from respiratory diseases and lung cancer.

Exposure to PM2.5 is associated with an average reduction in life expectancy for 
the region’s population by approximately 8.6 months. There is no evidence supporting 
a safe exposure level or a threshold below which no adverse health effects occur [4].

2.2 PM2.5 recommended values

There is no conclusive evidence indicating a specific threshold of health effects in 
humans, and the World Health Organization provides air quality guidelines. These 
guidelines outline the intended objectives for PM2.5 levels in the environment in 
comparison with the Mexican Norm (NOM-025), as illustrated in Table 1.

Regulations or standards for pollutants are established with the purpose of defin-
ing limits for their emissions from various sources or determining environmental 
concentrations indicative of good air quality. The Mexican Secretary of Health 

Figure 1. 
Particulate matter size comparison [2].
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(Secretaria de Salud) is responsible for setting these standards to ensure air qual-
ity in Mexico. Initially, in 1994, this agency issued the Official Mexican Standard 
NOM-024-SSA1–1993, outlining the permissible value for the concentration of 
total suspended particles in ambient air. Concurrently, NOM-025-SSA1–1993 was 
published for PM10 particles. Subsequently, these two standards were amalgamated, 
and the maximum permissible limit for PM2.5 was incorporated into NOM-025, 
published in the Official Gazette of the Federation in 2005. This updated standard 
set the 24-hour average concentration limit at 65 m 3/g m , and the annual average 
concentration limit at 15 m 3/g m  [7].

2.3 Time series

Time series are present across various domains, spanning meteorology, finance, 
econometrics, and marketing. Through data recording and analysis, we can delve 
into time series to analyze industrial processes or monitor business metrics like sales 
or engagement. Moreover, with the abundance of data, data scientists can leverage 
their knowledge in employing techniques for time-series forecasting. The initial step 
in comprehending and executing time-series forecasting involves understanding 
the nature of a time series. Basically a time series is data measured at regular time 
intervals, known as the sampling interval. Put simply, data could be recorded hourly, 
monthly, or annually. Examples of time series encompass the closing value of a 
specific stock, a household’s electricity consumption, or the outdoor temperature. We 
can represent a time series of length n by

 { } { }: 1, , 1, 2, ,xt t n x x xn= ¼ = ¼  (1)

Where n is the number of sampled values at discrete times.
X the measured values [8, 9].
A key characteristic of time-series data is that neighboring observations are often 

dependent on each other. Figuring out how these observations in a time series are 
related is really important for practical uses. Time-series analysis focuses on methods 
to analyze this interdependence. Doing this well means we need to develop and use sto-
chastic and dynamic models for time-series data in areas where they really matter [10].

Data windowing Before dividing our time series in training, validation, and 
testing subsets, we have to perform data windowing, and data windowing as shown 
in Figure 2, is a procedure where we establish a series of data points within our time 
series, designating certain points as inputs (also named X) and others as labels (also 
named Y). This enables the deep learning model to be trained on the inputs, gener-
ate predictions, compare them against the labels, and iterate through this cycle until 
further improvement in prediction accuracy is not achievable, and it also allows us to 
shuffle our subsets without loosing the original order [8].

Type WHO NOM-025-SSA1–2021

Short-term (24-hour) m 315 /g m m 325 /g m

Annual m 35 /g m m 310 /g m

Table 1. 
World Health Organization and NOM-025-SSA1–2021 recommended values for PM2.5, adapted from [5, 6].
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2.4 Attention mechanisms

The concept of attention is particularly well-suited for natural language processing 
(NLP) scenarios where the information we seek is concealed within a long sequence. 
This challenge frequently arises in applications like machine translation and question–
answering systems, where encoding the entire sentence into a fixed-length vector by 
a recurrent neural network is necessary. Consequently, the recurrent neural network 
often struggles to concentrate on the pertinent segments of the source sentence for 
accurate translation into the target sentence. In such instances, it becomes beneficial 
to align the target sentence with the relevant portions of the source sentence during 
translation. Attention mechanisms prove useful in isolating the pertinent parts of 
the source sentence while generating specific segments of the target sentence in these 
scenarios [11].

The fundamental concept of attention is to create a weighted distribution over the 
input sequence, giving greater weight to elements that are more important. In this way 
it allows us to determine the importance of the input elements and to merge these ele-
ments into a concise representation (known as the context vector) which encapsulates 
the features of the most significant elements, as shown in Figure 3. Since the context 
vector is smaller than the original input, it needs fewer computational resources for 
processing in subsequent stages, resulting in computational efficiency [13].

2.5 Transformer

The transformer has revolutionized AI in a wide range of natural processing tasks. 
This groundbreaking model was introduced in the 2017 influential paper “Attention 

Figure 2. 
Data windowing with a sequence length of 5 and a prediction length of 1.
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Figure 4. 
Transformer architecture [15].

is All You Need” by Vaswani et al., and the essence of the paper aligns with its title. 
Surprisingly, a straightforward mechanism called “neural attention” proved capable 
of constructing robust sequence models without the need for recurrent layers or 
convolution layers. The concept of neural attention has rapidly evolved into one of the 
most influential ideas in the realm of deep learning [14].

Although transformers were initially designed for sequence-to-sequence 
learning in NLP, they have become pretty useful in various deep learning applica-
tions, like vision, speech, and reinforcement learning in general. Illustrated in 
Figure 4, the transformer consists of two main components, an encoder and a 
decoder. Prior to entering the encoder and decoder, the input (source) and output 
(target) sequence embeddings undergo addition with positional encoding. These 
embeddings then traverse modules based on self-attention. At a higher level, the 

Figure 3. 
Example of attention in sentiment classification taken from [12].
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transformer encoder consists of a stack of multiple identical layers, each layer 
containing two sublayers (referred to as sublayers). The first sublayer is a multi-
head self-attention pooling, and the second is a positionwise feed-forward network. 
In the encoder self-attention, queries, keys, and values are derived from the outputs 
of the preceding encoder layer. In the decoder self-attention, queries, keys, and 
values are sourced from the outputs of the previous decoder layer. Notably, each 
position in the decoder is restricted to attending only to positions in the decoder up 
to that specific position, to prevent the model to see the next part of the sequence, 
this special type of attention is called “masked attention”, and it preserves the 
auto-regressive property, ensuring that predictions depend solely on the previously 
generated output tokens [16].

Since Google created the original transformer model, a multitude of models have 
emerged, drawing inspiration from it to tackle various tasks in diverse fields (such 
as NLP and time-series forecasting). While some of these models have adopted the 
standard transformer architecture in its entirety, others have selectively employed 
either its encoder or decoder component. Consequently, the specific architecture 
chosen influences the function and effectiveness of these transformer-based models. 
A frequently utilized element in transformer models is the self-attention mechanism, 
which is vital for their optimal operation and performance. All models based on the 
transformer framework incorporate self-attention and multi-head attention, often 
serving as the foundational learning layer within the architecture. Considering the 
importance of self-attention, the attention mechanism plays a pivotal role in the 
effectiveness of transformer models [17].

Transformer models can be utilized in three main ways:

• Encoder-Only: This configuration is typically applied for tasks like classifica-
tion. In this setup, the model uses only the encoder part of the transformer 
architecture.

• Decoder-Only: This approach is used primarily for language modeling tasks. In 
this case, the model comprises only the decoder part of the transformer.

• Encoder–Decoder: Commonly used for machine translation, this mode incor-
porates both the encoder and decoder parts of the transformer. In this configu-
ration, there are multiple instances of multi-headed self-attention modules. 
These include standard self-attention layers in both the encoder and decoder. 
Additionally, there is an encoder–decoder cross-attention module that enables 
the decoder to access and leverage information from the encoder [18].

2.6 Informer

The Informer architecture is a deep learning model based on the original trans-
former as developed by Vaswani et al. [15], where the primary modifications from 
the original include the ProbSparse self-attention mechanism. This mechanism aims 
to enhance computational efficiency and reduce memory consumption compared to 
the standard transformer architecture. Furthermore, Zhou et al. [19] also integrated 
a self-attention distilling process that significantly lowers the model’s total space 
complexity [20].

The Informer algorithm model enhances the transformer architecture by using a 
similar multi-layered structure composed of Informer blocks. These modules feature 
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a unique ProbSparse multi-head self-attention mechanism within an encoder–decoder 
setup. Figure 5 illustrates the Informer model’s fundamental design. On the left side 
of the figure, the encoder processes a substantial number of extended sequence inputs 
using the specialized ProbSparse self-attention, replacing the standard self-attention 
method. The robustness of the model is bolstered by the multiple layers of these blocks. 
On the right side of the figure, the decoder manages the long sequence input, zeroes 
out the target element, computes the feature map’s weighted attentional blend, and 
then directly generates the output element. This model demonstrates an improvement 
in the predictive capabilities for long sequence time-series forecasting (LSTF) issues, 
underscoring the transformative model family’s ability to capture the intricate long-
range dependencies between the input and output in lengthy time-series data [21].

3.  Methods

In Figure 6, we can see a diagram of our general methodology divided as follows:

• Data adquisition

• Station selection

• Data imputation

• Data standardization

• Informer training

• Informer testing.

3.1 Data acquisition

The automatic atmospheric monitoring network (RAMA) is a subsystem of the 
Mexico City Atmospheric Monitoring System (SIMAT) that performs continuous and 

Figure 5. 
Informer architecture [19].
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permanent minute-by-minute measurements in multiple strategic points (as shown 
in Figure 7) of various agents present in the air, including particles smaller than 2.5 
micrometers (PM2.5) [22].

The data is divided by years and has three main columns, as shown in Table 2:

• Date

• Hour

• Stations.

The database comes directly from the RAMA Web site, where we can download 
different datasets from different years and pollutants (including PM2.5); this particu-
lar air pollutant has been monitored since 2003.

3.2 Data preparation

The model requires the data to adhere to a specific structure, requiring the inclusion 
of both date and time entries within the initial column labeled “date”. Consequently, 
the subsequent dataset is arranged accordingly. Essential modifications to our data-
base were necessary to conform to this prescribed format. In Tables 3 and 4, we can 

Figure 6. 
Proposed methodology.

Figure 7. 
Monitored strategic points of CDMX [22].
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visualize the original versus the final version resulting from these adjustments, which 
will be utilized to feed our model.

3.3 Station selection

In our database, instances of missing values are inherent, arising from factors 
such as malfunctioning equipment, power disruptions, and various other operational 
issues, so we have to discard everything that has more than 30% missing data, and in 
Tables 5 and 6 we show a couple of examples between usable and unusable stations.

3.4 Data imputation

Even meticulously designed and conducted studies result in missing values. The 
interesting part about this is our approach to managing data that is incomplete. Over 
recent decades, the theory, methods, and software dedicated to addressing issues of 
incomplete data have seen substantial development and refinement [23].

Data imputation entails substituting missing data with an estimated value, 
replacing absent or incorrect values with a “likely” value derived from other avail-
able information. Mean value imputation involves substituting a missing value with 
the average obtained from the available observations. This method’s primary benefit 

Day Hour PM2.5 concentration

2022-2101-01 0 55

2022-2101-01 1 71

Table 3. 
Original dataset sample.

Day Hour BJU

2022-2101-01 0 55

2022-2101-01 1 71

Table 2. 
Original dataset sample.

date PM2.5 concentration

2022-2101-01 0:00:00 55

2022-2101-01 1:00:00 71

Table 4. 
Correct structure.

AJU CAM CCA

% of missing values 44.99 50.98 57.49

Table 5. 
Example of unusable stations.
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is its simplicity and less computational resources, and in cases where the data lacks 
distinct trends or seasonal variations, it preserves the overall mean of the full dataset. 
However, caution is needed in situations with trends or seasonal fluctuations, as the 
overall mean might not accurately represent these patterns. Regression imputation is 
a method similar to mean value imputation, but instead of using the average value for 
imputation, it calculates the missing value using a predictive model, for example, a 
polynomial regression model as shown in Figures 8 and 9 [24].

 ( ) = + + + +4 3 2f x ax bx cx dx e  (2)

3.5 Data standardization

Data standardization gives the data the properties of a standard normal distribu-
tion: zero-mean and unit variance. Standardization converts the mean of each feature 
so that it is centered at zero, and each feature has a standard deviation of 1 [25]. In 
Eq. 3, we present the formula employed for the standardization of our dataset.

 m
s
-

=
XZ  (3)

Where:
Z  is the Z-score, also known as the standard score. X  is the value you want to 

standardize. m  is the mean (average) of the dataset. s  is the standard deviation of 
the dataset.

BJU UAX MER

% of missing values 3.79 7.62 12.09

Table 6. 
Example of usable stations.

Figure 8. 
Data before imputation.
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3.6 Data division

Model evaluation needs the segregation of available data into three essential 
subsets: training, validation, and test. Training is conducted on the training dataset, 
with model evaluation (hyperparameter tunning) occurring on the validation dataset. 
Once the model demonstrates readiness for deployment, a conclusive assessment 
transpires on the test dataset, designed to closely mirror real-world production data. 
Subsequent to successful validation on the test set, the model is deemed fit for deploy-
ment in a production environment [14].

If the results are unsatisfactory, the network is retrained, and the validation 
set is tested again. This process is iteratively repeated until achieving a satisfactory 
classification. Only then is the model evaluated on the independent test set to assess 
its overall performance. It is crucial to note that a low training error and a high test 
error may indicate overfitting, which is especially pertinent when solely training and 
testing without hyperparameter tuning. When tuning hyperparameters, there is a 
risk of overfitting to both the training and validation sets, as adjustments are made 
until achieving minimal error on the validation set. It is important to be cautious of 
misleadingly small errors that result from the classifier learning the noise of the train-
ing set and manually adjusting hyperparameters to match the noise of the validation 
set. Success is determined by a proportionately small error on the test set, and if not 
achieved, further refinement is required. The default sizes for the train, validation, 
and test sets are typically set at 80, 10, and 10%, respectively, though these propor-
tions can be adjusted based on specific requirements [26].

In this particular study, we will divide the data in three subgroups (training, 
validation, and test), and they will be divided as follows:

• Training—70% of the original data

• Test—20% of the original data

• Validation—Remaining data (~10%)

Figure 9. 
Data after imputation.



99

A Transformer-Based Architecture for Airborne Particles Forecasting: Case Study – PM2.5…
DOI: http://dx.doi.org/10.5772/intechopen.1007553

In Figure 10, we can clearly see how the data is divided in subsets of the original 
dataset.

3.7 Hyperparameters

Hyperparameters refer to those parameters within neural networks that cannot be 
learned akin to conventional parameters like weights and biases. Consequently, these 
parameters need manual adjustment [26].

In the course of our experiments, we systematically varied diverse hyperparam-
eters with the objective of achieving reduced error metrics. Subsequently, we furnish 
a comprehensive list of the hyperparameters along with their respective values that 
were uniformly employed across all experimental iterations.

• Sequence length: {10, 24, 35, 50, 96, 120, 240, 480, 720}

• Training epochs: {5, 8, 10, 15, 100, 150}

• Number of attention heads: {4, 8, 10, 12, 15, 50}

• Encoder layers: {2, 4, 5}

• Decoder layers: {1, 2, 4, 5}

• Batch size: {32, 64, 128}

• Learning rate: {0.01, 0.001, 0.0001, 0.00001}

• Activation function: {GELU, RELU, LeakyRELU}

4.  Results

To comprehensively assess the performance of our model, we will employ 
five distinct error metrics. These metrics offer a diverse and nuanced evaluation, 
allowing us to gain a more accurate and comprehensive understanding of the 
model’s efficacy. The chosen metrics encompass a range of perspectives on predic-
tion accuracy and include mean absolute error (MAE), mean squared error (MSE), 
root mean squared error (RMSE), mean absolute percentage error (MAPE), and 

Figure 10. 
Data division.
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mean squared percentage error (MSPE). By considering these varied metrics, we 
aim to obtain a holistic view of the model’s performance across different aspects of 
prediction evaluation.
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The results presented in this paper represent the optimal outcomes derived 
from a series of experiments in which we systematically varied hyperparameters 
within our model. It is woth mentioning that these metrics are computed subse-
quent to the data being reverted to its original scale, that is, prior to the standard-
ization process.

In Tables 7 and 8, the comprehensive overview of the five metrics employed in the 
Informer architecture is presented, including their mean, standard deviation, mini-
mum values, and maximum values, for each one of the selected stations (“BJU” and 
“UAX”). Subsequently, in Table 9, a comparative analysis of the results between the 
Informer and LSTM models is provided, highlighting the superior outcomes in each 

Metric Mean STD Min Max

MAE 4.6266 0.4153 4.4145 8.2218

MSE 40.7972 10.2716 35.7675 129.1333

RMSE 6.3579 0.6045 5.9805 11.3636

MAPE 0.2280 0.0228 0.2166 0.4248

MSPE 0.2247 0.0758 0.1653 0.8689

Table 7. 
Informer error metrics description for BJU station.
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Metric Mean STD Min Max

MAE 5.5844 0.1887 5.4241 6.2439

MSE 55.4009 3.1939 52.6676 66.3642

RMSE 7.4403 0.2078 7.2572 8.1464

MAPE 0.3916 0.0072 0.3774 0.4042

MSPE 1.6647 0.1526 1.2064 1.8836

Table 8. 
Informer error metrics description for UAX station.

LSTM MAE LSTM MSE Informer MAE Informer MSE

BJU 5.6327 59.891 4.6266 40.7972

UAX 5.7753 59.9853 5.5844 55.4009

Table 9. 
Comparison MAE and MSE mean between LSTM and Informer.

Figure 11. 
MAE results for BJU.

Figure 12. 
MAE results for UAX.
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row. For a better visualization, we present in Figures 11–14 graphs of the MAE and 
MSE for each architecture (LSTM and Informer), and finally, in Figure 15, we observe 
how our implementation of the Informer model accurately models the raw data.

5.  Discussion

By analyzing the outcomes within the Informer architecture, it is evident that optimal 
results were achieved when reducing the input sequence length to below 100. This 
adjustment implies that the model focuses on the information from the preceding 4 days 
relative to the predicted value. Additionally, the model demonstrated enhanced preci-
sion upon employing the LeakyReLU activation function, potentially addressing issues 
related to vanishing gradients, making it particularly suitable for such scenarios.

Another noteworthy observation was the improvement in model performance 
upon decreasing the batch size, even below 16. The model exhibited superior 

Figure 13. 
MSE results for BJU.

Figure 14. 
MSE results for UAX.
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performance when hyperparameters were updated more frequently, contrasting with 
the use of larger batch sizes. The determination of an optimal learning rate emerged 
as a critical factor, with values around -´ 41.0 10  yielding superior results. Deviating 
from this range, either above or below, resulted in a deterioration of overall model 
performance. Similarly, the early stop mechanism, set with a patience of 3, led to 
training epochs typically concluding within the 7–9 range, even when a larger value, 
such as 100, was specified. A judicious choice appeared to be around 20–25, affording 
the model the flexibility to extend training if required.

It is notable that certain hyperparameter adjustments, such as encoder lay-
ers, decoder layers, and the dimension of the feed-forward network, did not yield 
improvements in model results when deviating from default values.

The results of transformer-based models like the Informer are quite promising, 
especially when compared to the long-standing state-of-the-art LSTM models in 
the realm of predictions. LSTM networks have been a benchmark in time-series 
analysis for many years. Therefore, the ability of transformer-based models to not 
only match but potentially surpass the LSTM in terms of error metrics represents 
an impressive technological advancement. This progress underscores a significant 
leap forward in time-series prediction and the evolving landscape of deep learning 
methodologies.

Figure 15. 
Final results for informer. a) Test results raw data vs. Informer prediction. b) Zoomed results for a).
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6.  Conclusion

Although the Informer model has been widely used for predicting various types 
of real-world problems such as motor bearing vibrations [12], traffic anomalies [27], 
and electric vehicle charging station availability [28], it has not yet been employed for 
particle matter forecasting. This model’s application is exemplified by its use in the 
Informer Architecture-Based Ionospheric foF2 Model in the Middle Latitude Region 
[29] and in the novel Convolutional Informer Network for deterministic and probabi-
listic state-of-charge estimation of lithium-ion batteries [30]. Additionally, it has been 
applied in load forecasting for district heating systems [31] and in the development 
of a data-driven long time-series electrical line trip fault prediction method using an 
improved stacked-Informer network [32]. These diverse applications highlight the 
adaptability of the Informer model in various fields, while also pointing out the areas 
like particle matter forecasting where its potential remains untapped.

This study delves into the application of the Informer architecture to a real-
world problem, air pollution forecasting, specifically in the context of predicting 
PM2.5 levels. The presented results showcase the promising potential of the 
Informer model for addressing the challenges posed by long sequence time-series 
forecasting. Notably, the graphical representations not only accurately capture 
the underlying trends, but the associated metrics also demonstrate impressive 
performance.

The successful forecasting of particulate matter achieved in this study highlights 
the efficacy of attention models, particularly the Informer architecture, in addressing 
complex time-series prediction tasks. These findings underscore the model’s capabil-
ity to provide accurate and valuable insights into air quality forecasting.

© 2024 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 6

Algorithmic Innovations in
Multi-Agent Reinforcement
Learning: A Pathway for
Smart Cities
Igor Agbossou

Abstract

The concept of smart cities has emerged as an instrumental solution to tackle the
intricate challenges associated with urbanization in the twenty-first century. Among
the myriad of issues that smart cities aim to address, key concerns such as efficient
traffic management, sustainable energy usage, resilient infrastructure, and enhanced
public safety are at the forefront. Notably, the implementation of multi-agent rein-
forcement learning (MARL) has garnered significant attention for its potential role in
realizing the vision of smart cities. This chapter serves as an exploration of the
frontiers of algorithmic innovation within MARL and its direct applicability to address
the complex challenges of urban smart grid systems. The integration of MARL princi-
ples is vital in comprehensively modeling the intricate, interdependent urban systems
that underpin the smart city framework. Particularly, we emphasize the relevance
of MARL in providing adaptive solutions to the intricate dynamics of the urban
smart grid, ensuring effective management of energy resources and demand-side
management.

Keywords: smart cities, multi-agent reinforcement learning, urban smart grid
system, sustainable energy usage, deep deterministic policy gradient

1. Introduction

The rapid growth of urbanization across the globe presents a profound challenge
for the design and management of modern cities. As the world’s population continues
to gravitate towards urban areas, there is an ever-increasing demand for cities to
operate efficiently, sustainably, and intelligently. Smart cities, a vision that combines
advanced technologies with data-driven decision-making, offer a promising solution
to address these complex urban challenges [1, 2]. At the heart of the smart city
concept [3–6] lies the ability to optimize and coordinate various urban systems in real-
time, from traffic management [7] and energy distribution [8] to public safety and
transportation [7]. Achieving this level of sophistication necessitates cutting-edge
technologies, and among these, artificial intelligence (AI) stands out as a crucial

109



enabler. Within the AI domain, multi-agent reinforcement learning (MARL) has
emerged as a powerful paradigm for modeling and solving complex decision-making
problems involving multiple autonomous agents [9]. MARL represents a fusion of
reinforcement learning (RL) [10] and multi-agent systems (MAS) [11, 12] making it
well-suited for addressing the intricate and interconnected challenges found in urban
environments [3, 5, 6, 11, 13].

This chapter embarks on a journey into the realm of algorithmic innovation within
the context of MARL, elucidating its potential as a transformative pathway for the
development of smart cities. The motivation behind this exploration is rooted in the
pressing need to harness the capabilities of MARL to enhance the quality of urban life.
The modern cityscape is a dynamic and ever-evolving ecosystem, characterized by its
complex web of interactions between diverse entities such as vehicles, buildings,
infrastructure, and, most crucially, its residents. Managing these interactions opti-
mally is a monumental task, one that has traditionally required extensive human
intervention and resource allocation. Incidentally, the advent of MARL has opened
new possibilities. By endowing agents, whether they are autonomous vehicles, energy
management systems, or emergency response units, with the ability to learn and adapt
to their environments through interactions, we can pave the way for more efficient,
sustainable, and resilient urban systems. The implications extend far beyond mere
automation; they encompass the potential to create cities that are responsive, data-
driven, and capable of continuously optimizing their operations in real-time. The
objective pursued in this chapter is at least twofold: (1) Comprehend MARL funda-
mentals: we will establish a solid foundation by elucidating the fundamentals of
reinforcement learning and multi-agent systems, providing insights into the unique
challenges and complexities of MARL in the framework of smart cities. (2) Explore
algorithmic innovations: we will delve into the state-of-the-art algorithms and tech-
niques that have emerged in the field of MARL, emphasizing their relevance and
potential in the context of smart city development.

In pursuit of our goals, we will direct our attention towards the challenge of
implementing intelligent automation for energy management within urban settings,
employing a comprehensive multi-scalar approach that spans from individual house-
holds to the entire cityscape. It is crucial to acknowledge that the energy consumption
in both residential and commercial buildings is steadily on the rise. This upward
trajectory can be attributed, in part, to the escalating proliferation of household
appliances, which in turn drives a substantial surge in domestic electricity demand.
Consequently, effective planning for residential energy utilization becomes impera-
tive for achieving optimal energy management within the framework of urban elec-
tricity distribution networks: smart grid. This intricate challenge is effectively
addressed through the application of MARL models. The rest of the chapter is struc-
tured as follows: Section 2 focuses on the context and overview of the smart city. The
Section 3 introduces the fundamentals of MARL, providing a basis for understanding
its application in smart cities.

In Section 4, materials and methods, we present a comprehensive exposition on
the multi-agent formalization for reinforcement learning pertaining to the automated
energy management within urban buildings. This discussion is contextualized within
the purview of smart grids, and it extensively expounds upon the methodological
nuances underlying the modeling of diverse agents, both at the micro-level of indi-
vidual buildings and at the macro-level of the entire city infrastructure. Building upon
this framework, Section 5 is dedicated to an in-depth exploration of scenario testing
implementation and subsequent results analysis. Here, we dissect the findings and
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their implications, shedding light on the intricate dynamics of urban energy manage-
ment and the role played by MARL models. Finally, we conclude by emphasizing the
significant potential that Collaborative Intelligence embodies in reshaping our urban
landscapes, thereby contributing to the growing body of knowledge in the realm of
MARL’s pivotal role in shaping the cities of the future.

2. Background and smart cities overview

Across the globe, cities are confronting and surmounting multifaceted challenges
by embracing a rich tapestry of inventive concepts [3–6]. This diverse spectrum of
initiatives encompasses novel energy and transportation paradigms [7], groundbreak-
ing innovations in residential construction [3], the proliferation of shared services
[11], digitization of administrative processes [4], and a myriad of other pioneering
endeavors. These groundbreaking initiatives are a collaborative effort involving cities,
established corporations, nimble startups, non-profit organizations, and engaged citi-
zens, all working collectively to advance innovative solutions. In recent years, a
significant portion of these initiatives, particularly those harnessing the power of
emerging information and communication technologies, have coalesced under the
encompassing banner of “smart city” endeavors.

A smart city is one that methodically applies digital technologies to optimize
resource utilization, elevate the quality of life for its residents, and bolster the regional
economy’s competitiveness in a sustainable fashion. It’s a holistic approach that
deploys intelligent solutions across various facets of urban life, encompassing infra-
structure, energy management, housing, mobility, services, and security. These solu-
tions are rooted in integrated sensor technology, seamless connectivity, data-driven
analytics, and self-sustaining value-added processes.

However, it’s important to recognize that the path to a truly smart city is not
without its challenges and complexities. Smart city projects often unfold as intricate,
costly, occasionally chaotic, and time-consuming endeavors. They present a unique
set of demands, necessitating two distinct competencies: an astute understanding of
the ramifications of embedding digital technologies within the fabric of urban devel-
opment, and the capacity to conceive integrative solutions that transcend traditional
departmental boundaries. Confronted by these formidable demands (Figure 1), many
decision-makers and implementers find themselves at an impasse, unsure of where to
commence or how to navigate the labyrinthine journey ahead. Consequently, a sig-
nificant reservoir of untapped potential languishes on the precipice of realization.

2.1 The essence of smart cities

Smart cities epitomize the methodical harnessing of digital technologies’ boundless
potential, seamlessly interwoven with a holistic embrace of users, inhabitants, and all
stakeholders alike. At its core, the smart city endeavor is driven by a grand vision: to
realize urban landscapes characterized by optimized resource utilization, elevated
living standards, and a sustainable boost in competitiveness. To achieve these para-
mount goals, a predominantly digital transformation across the domains of infra-
structure, energy management, housing, mobility, services, and security becomes not
just preferable, but imperative. Central to this transformation lies the concept of a
city’s “digital shadow” [14], a foundational element that serves as the bedrock for the
city’s digital evolution. It’s important to distinguish this concept from the notion of a
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“digital twin” [15]. This digital shadow is the vessel through which intelligent solu-
tions are infused into the urban fabric. Rooted in integrated sensor technologies,
seamless connectivity, adept data analysis, and self-sustaining value-added processes,
the digital shadow marks the inception of a profound change. The transformation
towards an intelligent, interconnected urban ecosystem commences with the trans-
formation of physical products, processes, and services into their digital counterparts.
As these entities evolve into intelligent, autonomous, and integrated entities, a digital
shadow emerges, propelling ecological and social betterment into the forefront. At the
vanguard of this transformation stands the Internet of Things (IoT), serving as the
conduit between the digital realm and the physical world [16]. Notably, emerging
technologies such as Blockchain are poised to revolutionize secure transactions and
identity management within cities, fostering trust and transparency [17–20].

Powering this transformative voyage is the bedrock of modern data analytics,
often encapsulated within the realm of Artificial Intelligence (AI). Through sophisti-
cated algorithms and machine learning, AI sifts through vast datasets to uncover
intricate patterns, autonomously refining systems with minimal human intervention.
For instance, the intricate road system in Los Angeles has learned to optimize traffic
flows through this autonomous self-improvement process, a testament to the potential
unleashed by AI-driven urban innovations [11, 15, 16].

However, the digital shadow, in its nascent form, remains neutral and devoid of
purpose. Therefore, it is imperative for self-learning systems to be deeply attuned to
their surroundings, attentively considering the needs and aspirations of city residents.
The digital shadow, while a pivotal prerequisite for smart cities, stands incomplete on
its own. It is only through a laser-focused commitment to the city’s holistic milieu that
it can fulfill its true potential.

Figure 1.
General framework of smart city. Source: Adapted from Ref. [13].
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2.2 Main constituents of smart city perspective evolution

In the annals of urban development, the year 2008 marked a transformative
juncture when IBM introduced the visionary “smarter planet and smart city concept”
worldwide. This groundbreaking concept took root in select cities, driven by the
transformative potential of Information Communication Technology (ICT). Leading
the charge, nations like Japan, Singapore, and China embarked on the ambitious
journey of crafting smart cities, underpinned by the prowess of ICT [17].

Over the past decade, the landscape of smart cities has undergone a remarkable
metamorphosis, with ICT serving as the catalyst for change. These cities have evolved
to encompass a spectrum of characteristics that together define the essence of “smart
cities.” These constituents are encapsulated in the following pillars: “smart gover-
nance,” “smart education,” “smart living,” “smart mobility,” “smart environment,”
“smart energy,” “smart healthcare,” and “smart citizens” [21, 22]. It is through the
harmonious convergence of these elements that the symphony of a smart city comes
to life. The smart city narrative continues to unfold, with technology acting as an
enabler for greater intelligence and efficiency. Pioneering technologies such as the
IoT, AI, and the transformative potential of big data analytics have emerged as for-
midable allies in the quest for smarter urban landscapes [22–25]. These technologies
are the building blocks of a new urban paradigm, where data-driven insights, auto-
mation, and connectivity redefine the way cities operate and flourish. Each of these
key components plays a unique role, interlocking with others to create a tapestry of
innovation and progress. For a detailed breakdown of these components by domain,
please refer to Table 1.

Key domain Sectors and services associated with domains References

Governance Online citizens portals, efficient and fast public services, effective resource
management, innovative planning approaches, public asset management,
e-services, connecting people through social media.

[4, 20,
23, 26]

Education Smart infrastructure with closed-circuit television surveillance, GPS
tracking of school busses, smart learning through video conferencing
lectures, teacher–students management solutions, virtual labs.

[4, 20,
23, 26]

Living Public security tools, safety alarms at public places at panic situations,
community network management, safety of senior citizens.

[20, 21,
23, 26]

Mobility A smart toll collection system, community carpooling system, charging
point for electric vehicles, smart parking system, connected and
autonomous vehicles

[2, 3, 20, 21,
23, 26]

Environment Traffic management, vehicle monitoring, water quality management, air
quality management, smart water storage and purification system
Wastewater management, pollution sensors, disaster management, green
and clean environment, smart waste management.

[3, 20,
21, 23, 26]

Energy Smart meters, efficient utilization of energy subsystem, energy distribution
through sensors.

[3, 20,
23, 26]

Healthcare E-health records, diagnostic analytics portals, emergency medical services [20, 23, 26]

Citizenship Privacy and security of citizens, social engagement of the people, raising
awareness of smart solutions, community interactions

[3, 20,
21, 23, 26]

Table 1.
Main required components of smart cities.
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The advent of smart cities has ushered in a paradigm shift in urban planning and
management. At its core, this transformation embraces the concept of agent-based
modeling (ABM), a powerful computational framework that treats various urban
entities as intelligent agents. These agents, which can represent a wide spectrum of
urban systems, including traffic signals, public transportation networks, energy grids,
and waste management systems, interact with one another and their environment,
making informed decisions to optimize their respective functions. In the context of
smart cities, MARL allows agents to adapt to the ever-changing dynamics of urban
environments, making decisions that lead to more efficient, sustainable, and respon-
sive city operations [25–27].

3. Fundamentals of multi-agent reinforcement learning

In recent times, MARL has emerged as a focal point of research, particularly in the
realm of multi-agent systems operating in expansive, large-scale environments. This
surge in interest can be attributed to its remarkable success, particularly in the domain
of strategic games [… ]. At its core, Reinforcement Learning (RL) draws inspiration
from the mechanisms of animal learning in psychology [… ]. It embodies a trial-and-
error learning process where an agent strives to learn an action policy that maximizes
cumulative rewards over time through its interactions with an environment [… ].
Urban environments, on the other hand, are characterized by unparalleled complexity
and dynamism. They comprise a multitude of interconnected components and fea-
tures, perpetually influencing one another.

3.1 Reinforcement learning basics

RL stands as a prominent and widely recognized subset of machine learning
methods, specifically tailored to the art of acquiring the skill to accomplish specific
tasks by engaging in dynamic interactions with the surrounding environment. This
pivotal task often hinges on the presence of a reward mechanism, serving as a beacon
guiding the intelligent agent towards optimal performance. In essence, RL casts the
intelligent agent in the role of a decision-maker, requiring it to navigate a spectrum of
situations by selecting actions strategically. The accumulation of rewards based on
these actions functions as a compass, guiding the agent towards more proficient
decision-making in the future. The overarching goal is to amass rewards as efficiently
as possible over an extended period, ultimately steering the agent’s behavior towards a
state of optimal performance in the long term. The focal point of RL revolves around
the quest to uncover a control policy capable of achieving predefined objectives. In
this context, RL takes on the formalized structure of a Markov decision process [28],
serving as the bedrock upon which iterative learning is built. Within each iteration, a
RL agent carefully chooses an action (at) based on the prevailing policy and the
current state (st). This selected action is then executed within the given environment,
ushering in a transition to a new state (st+1) and the concomitant bestowal of a reward
(rt+1) as elucidated in Figure 2.

Through its continuous interaction with the environment, the policy undergoes
iterative refinement via RL methodologies, all aimed at maximizing the cumulative
long-term reward. To compute the optimal policy, a diverse array of techniques is at
the RL practitioner’s disposal, with value-based and policy-based approaches emerg-
ing as the most prominent contenders [29, 30]. When confronted with intricate
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challenges, such as those outlined in Table 1, neural networks emerge as a formidable
tool, empowering RL to effectively predict the optimal policy or value function [31].
Yet, the scope of RL extends beyond individual agents tackling isolated problems. In
scenarios marked by complexity and interdependency, as underscored in Table 1, RL
seamlessly extends its domain to encompass multiple agents coexisting within the
same environment. Here, these agents can engage in collaborative or competitive
interactions, ushering in the realm of MARL. In the following, we will delve deeper
into the intricacies of MARL and explore how these algorithmic innovations are poised
to chart a transformative pathway for smart cities, where a consortium of learning
agents collaboratively engages with urban environments.

3.2 From bellman equation to iterative policy evaluation and improvement

The quest to understand and approximate the value function of a given policy π has
long been a central pursuit in the realm of RL. At its heart, this endeavor hinges on
unraveling the intricate relationship between the value of a state and the values of its
successor states. This foundational relationship is encapsulated by the state value
function, which adheres to the following Eq. (1):

vπ stð Þ ¼
X
a
π atjstð Þ

X
s
Pa
s r st, at, stþ1ð Þ þ μvπ stþ1ð Þð (1)

This equation elegantly expresses the interplay between the value of a state and the
expected values of its future states. It serves as the cornerstone upon which numerous
methods for computing and learning the state value function vπ are constructed. Not
to be outdone, the state-action value function qπ also adheres to a recursive relation-
ship known as the Bellman equation [32]:

qπ st, atð Þ ¼
X
atþ1

Pa
s ððr st, at, stþ1ð Þ þ μ

X
atþ1

π atþ1jstþ1ð Þqπ stþ1, atþ1ð Þ (2)

The Bellman equation for (qπ) embodies a similar spirit, delineating the value of a
state-action pair (s, a) as a function of the rewards, transitions, and values of the
ensuing states. The specific challenge of computing the state value function vπ for a
given policy, termed policy evaluation, takes center stage. To tackle this challenge, we
adopt an iterative approach, bypassing direct computational methods in favor of a
more computationally efficient strategy and we assume complete knowledge of the

Figure 2.
RL paradigm in a Markov decision process for an agent.
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environment’s dynamics, implying familiarity with the transition probabilities for
each element (st, at). Below, we present the pseudo-code outlining the iterative policy
evaluation algorithm:

The pursuit of computing the value function for a given policy is not merely an
intellectual exercise; rather, it serves as a pivotal stepping stone towards the enhance-
ment and optimization of existing policies. Consider a deterministic policy π for which
the associated value function vπ has been diligently calculated.

This foundational knowledge becomes a catalyst for the creation of an improved
policy, denoted as π0. So, how does one transition from π to π0? The process unfolds as
follows:

π0 stð Þ ¼ argmaxaqπ st, atð Þ (3)

The Policy Improvement Theorem [33], a fundamental result in the realm of RL,
underpins the process of policy refinement. According to this theorem, the new policy
π0 derived from an existing policy π is inherently superior or, at the very least,
equivalent in performance. This transformative procedure, which entails evolving an
old policy into a more optimal one by aligning it with the insights garnered from the
value function, is formally recognized as “policy improvement.” The steps to execute
this method are concisely outlined below:

3.3 CityLearn: enabling algorithms implementation and execution

In this section, we present the fundamental implementation tools and aspects of
our research through CityLearn [34]. Eqs (1)–(3) are operationalized through the
pseudo-coded algorithms presented in Tables 2 and 3, forming the core of our agent
coordination policies. In the context of MARL, these policies are the controllers.
Leveraging the OpenAI Gym standard, CityLearn serves as a platform for deploying
MARL algorithms for urban energy management, load-shaping, and demand response
[34, 35]. CityLearn operates primarily in a decentralized control mode, which we
utilized for our MARL controllers. To ensure reproducibility, we outline its four key
functionalities: (1) Facilitation of MARL implementations. (2) Full customizability of
the reward function, enabling the use of a multi-output function for MARL applica-
tions. (3) Modular and open-source design, accommodating diverse energy system
classes, including options for user-created classes, particularly for city-scale energy
systems. (4) Provision for users to generate their datasets (e.g., weather data, building

Initialize v(s) arbitrarily for all s ∈ S

Repeat until convergence:

Δ 0

For each s ∈ S:

v_old v(s)

v(s) P
aπ atjstð ÞPsP

a
s r st, at, stþ1ð Þ þ μvπ stþ1ð Þð

Δ max(Δ, |v_old - v(s)|)

Until Δ < θ (a small positive threshold)

Table 2.
Iterative policy evaluation algorithm.
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energy demand, EV schedules) and integrate them into CityLearn. Further guidelines
on dataset creation can be accessed through the GitHub repository [36].

4. Materials and methods

MAS serve as the linchpin in a diverse array of applications within smart cities.
These applications encompass a broad spectrum of technologies, including integration
with the IoT and autonomous systems. Examples of such autonomous systems are
intelligent robots, unmanned aerial, underwater, or surface vehicles, self-driving cars,
and advanced transportation and healthcare systems. In these contexts, MAS agents
engage in distributed interactions to fulfill specific tasks and objectives. In the ideal
smart city scenario, MAS should exhibit robust, decentralized, and collaborative
behaviors. These systems are expected to make intelligent and cognitive decisions
while devising efficient solutions to data-driven challenges. Consequently, they facil-
itate decentralized information management and decision-making processes [37] that
underpin the dynamics of smart cities. The remainder of this chapter is devoted to
resolving the problem of efficient management of energy systems predicament within
urban settings, employing the MARL paradigm. This section aims to dissect the
complexities associated with energy resource allocation and optimization, elucidating
the role of MARL in enabling efficient and effective urban smart grid management
strategies.

4.1 Multi-agent model design for urban smart grid

One of the primary catalysts for grid decarbonization is the seamless integration of
renewable energy systems (RES) into the grid’s supply chain. Within the residential

policy-stable true

For each s ∈ S do

old-action π(s)

π(s) argmaxaqπ st, atð Þ
if old-action 6¼π(s) then

policy-stable false

end

end

if policy-stable = true

Stop and return π

end

else

Go to Table 2.

end

Table 3.
Iterative policy improvement algorithm.
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domain, the Home Energy Management System (HEMS) proves to be a highly effec-
tive tool for automating energy management (Figure 3) as illustrated.

In the realm of MARL for smart cities, the selection of appropriate sensors plays a
pivotal role in the acquisition of accurate and high-quality data [38]. As technology
continues to advance, an extensive array of sensors has become available for gathering
geospatial data within urban environments [39–42]. In recent years, mobile sensors
such as smartphones and tablets have gained significant popularity [43, 44]. The
concept of demand response (DR) is central to an effective energy management
strategy (Figure 4), offering consumers and prosumers the ability to provide the grid
with the much-needed flexibility. This is achieved by reducing energy consumption
through load management, shifting energy consumption to off-peak times, or gener-
ating and storing energy when grid conditions are favorable. In return, consumers and
prosumers typically experience a reduction in their energy bills.

In fact, HEMS functions as a distributed intelligent agent that empowers users to
partake in local energy trading and realize energy savings at the household level. By
acting as a strategic agent, HEMS contributes to holistic load management, ensuring
that the energy needs of each household are met in an efficient and cost-effective

Figure 3.
HEMS agent at the heart of urban smart grid.

Figure 4.
Multi-agent coordination in demand response within smart grid (taken from the CityLearn GitHub repository).
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manner. The HEMS system operates as an intelligent agent [45, 46] that crafts optimal
energy plans for home appliances, considering individual customer energy consump-
tion plans and comfort requirements. By adapting and learning from customer inter-
actions, these agents become adept at predicting and optimizing individual customer
decision-making patterns, thereby ensuring effective and efficient urban energy
management.

4.2 MARL coordination policy assessment

Coordination policy takes the principles of single-agent RL and extends them to
facilitate distributed decision-making at a larger scale.

• Multi-agent training for decentralized execution: In MARL, the challenge lies in
training multiple agents to execute strategies in a decentralized manner [47]. To
model this, we formulate the problem as a partially observable Markov decision
problem within the framework of Deep Reinforcement Learning (DRL) [48].
However, when the environment is dynamic, the learning task becomes
considerably more challenging. In such cases, each agent within a multi-agent
system often perceives all other learning agents as part of the environment,
creating a non-stationary scenario. This non-stationarity can lead to suboptimal
policies, as they are developed in a distributed fashion and may not be
sufficiently robust.

• Addressing non-stationarity through centralized training with decentralized execution:
To mitigate the non-stationarity challenge, various approaches have been proposed
[49, 50], focusing on centralized training with decentralized execution. These
approaches encompass different strategies: (1) Shared Critic Networks: For actor-
critic algorithms, like Multi-Agent Deep Deterministic Policy Gradient
(MADDPG) [49], they involve training on an ensemble of policies that encourage
more robust multi-agent policies. The shared critic network plays a crucial role in
coordinating the actions of multiple agents. (2) Q-value Mixing (QMIX): QMIX
[51] utilizes a network to estimate joint action values, ensuring monotonicity per
agent. This guarantees tractability and consistency between centralized and
decentralized policies, fostering better coordination. (3) Inter-Agent
Communication: Some methods leverage communication between agents to
enhance scalability. For instance, Differentiable Inter-Agent Learning (DIAL) [50]
and CommNet [52] employ deep neural networks to learn end-to-end
communication protocols. This is particularly useful in complex environments
with partial observability. Agents in these approaches exchange information and
backpropagate error derivatives, combining centralized learning with
decentralized execution to improve overall performance. (4) Macro-Actions:
Another approach, as introduced in [53], involves creating abstractions known as
macro-actions. These abstractions help improve scalability by allowing agents to
reason and plan at a higher level, thus reducing the complexity of decision-making.

5. Experimental settings and results

CityLearn stands out as a comprehensive and user-friendly OpenAI Gym environ-
ment tailored for the seamless implementation of MARL techniques within the
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intricate domain of urban energy systems. This innovative platform is designed to
bring about significant transformations in the aggregated electricity demand curve by
orchestrating the energy storage capabilities of a diverse array of buildings within a
district [34, 35]. The primary goal of CityLearn is to simplify and standardize the
evaluation of RL agents, thereby serving as an invaluable benchmarking tool for a
wide spectrum of algorithms.

5.1 Key features of CityLearn

Key features of CityLearn are: (1) Diverse Energy Models: At the heart of
CityLearn lies an extensive library of energy models, encompassing vital components
such as air-to-water heat pumps, electric heaters, chilled water (CHW) systems,
domestic hot water (DHW) heaters, and electricity energy storage devices. These
models enable the simulation of a wide range of building energy systems, reflecting
the rich heterogeneity found in real-world urban environments. (2) Building Energy
Systems: Each building in the simulation is equipped with an air-to-water heat pump
for cooling and an electric heater for DHW heating. Additionally, buildings have the
flexibility to incorporate various combinations of CHW, DHW, and electricity storage
devices. These components work collaboratively to offset cooling, DHW heating, and
electrical loads drawn from the grid. (3) Storage Capacity: CityLearn introduces the
concept of storage capacity, defined as multiples of the hours that storage devices can
meet the maximum annual cooling and DHW demand when fully charged. This
parameterization allows for precise control and optimization of energy storage strate-
gies. (4) Grid Interaction: The framework encompasses a dynamic interaction
between buildings and the main grid. Besides the energy storage devices, other electric
equipment, and appliances (non-shiftable loads) also draw electricity from the grid.
For sustainable energy practices, CityLearn supports the integration of Photovoltaic
(PV) systems within buildings, enabling them to generate their own electricity and
reduce dependency on the grid.

CityLearn has emerged as a versatile tool with a wide array of applications.
Researchers have harnessed its capabilities to explore incentive-based Demand
Response (DR) mechanisms [54], coordinate energy management across multiple
buildings [55], and conduct rigorous benchmarking of MARL algorithms [36, 56]. Its
flexibility, coupled with its diverse energy models, makes CityLearn an indispensable
asset for advancing our understanding of urban energy systems and shaping the
future of sustainable urban development.

5.2 Simulation setup for smart grid

In our research endeavor, we leverage the sophisticated CityLearn environment as
a crucial testbed to rigorously assess the performance of our MARL algorithm in
orchestrating the actions of multiple agents, as detailed in Section 3.2 of this chapter.
Our primary objective is to delve into the behavioral dynamics of these agents
concerning varying durations of offline training, relying on predefined policies. We
postulate that an extended offline training period equips the agents with expert-level
knowledge of optimal actions, thereby leading to enhanced overall performance when
they transition to an online setting. Within the simulated smart city environment,
each individual building is endowed with its dedicated Reinforcement Learning –

Deep Deterministic Policy Gradient (RL-DDPG) controller. The number of these
controllers aligns with the total count of buildings under consideration, a scenario
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featuring ten buildings in this specific case study. Notably, we explore the perfor-
mance of two distinct RL controllers: the conventional DDPG controller and its multi-
agent variant, known as MADPG.

Here are some key insights into our simulation setup:

• Controller configuration: DDPG Controller: In the DDPG setup, each agent
operates in relative isolation, possessing knowledge solely of its own states and
actions. This encapsulation reflects a scenario where agents are not privy to the
states or actions of their peers, operating independently.

• MADPG controller: In contrast, the MADPG controller extends the agents’
awareness to include not only their own states and actions but also those of every
other agent in the system. This elevated level of information sharing fosters
collaborative decision-making among the agents.

• State representation: As states, our framework incorporates key variables,
including the hour of the day, outdoor temperature, and the state of charge
within each Chilled Water (CHW) storage tank. These states provide valuable
context and information for the agents to make informed decisions.

• Action space: The controllers’ actions pertain to the energy storage and release
strategies they employ during hourly intervals. These actions are pivotal in
optimizing energy utilization and management within the smart city. Here is a
dataset sample that captures the MARL implementation details within the
CityLearn environment in Table 4.

Building ID specifies the unique identifier for each building within the
simulation, facilitating the differentiation and tracking of individual buildings.
Controller denotes the type of controller utilized in each building, indicating whether
it is a DDPG or MADPG controller. The distinction between the two controllers is
crucial as it influences the decision-making process and the overall behavior of the

Building ID Controller Hour of the day Outdoor temperature
(°C)

CHW state (%) Action taken

1 DDPG 15:00 28 60 Store

2 DDPG 14:00 25 40 Release

3 DDPG 12:00 30 75 Store

4 DDPG 11:00 20 55 Release

5 DDPG 10:00 27 70 Store

6 MADPG 18:00 29 50 Release

7 MADPG 17:00 24 45 Store

8 MADPG 16:00 26 80 Release

9 MADPG 13:00 22 65 Store

10 MADPG 09:00 31 35 Release

Table 4.
Dataset sample that captures the MARL implementation.
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building within the smart city environment. Hour of the Day represents the specific
hour of the day at which the action is being taken. It provides insights into the
temporal dynamics of the decision-making process, showcasing how the controllers
operate at different times of the day. Outdoor Temperature signifies the outdoor
temperature in Celsius, which is a crucial environmental factor impacting the energy
management decisions of the buildings. It highlights the influence of external condi-
tions on the operational strategies implemented by the controllers. CHW represents
the state of the CHW storage tank within each building, depicted as a percentage. It
indicates the current level of charge within the storage tank, which directly influences
the decisions regarding whether to store or release energy. Action Taken specifies the
action chosen by the controller in response to the current state of the CHW storage
tank. The actions are categorized as “Store” or “Release,” reflecting the decisions
made by the controllers to either store or release energy based on the prevailing
conditions and objectives.

This information is instrumental in understanding the efficacy of the MARL algo-
rithms and their implications for optimizing energy utilization and management
within the smart city context. Our study capitalizes on the CityLearn environment to
conduct a meticulous investigation into the performance of MARL algorithms, with a
particular focus on the impact of offline training durations.

We assess the efficacy of both individualized and collaborative decision-making
strategies, shedding light on the potential advantages of multi-agent coordination in
urban energy systems.

5.3 Policy controller results

In our comprehensive evaluation of controllers for smart grid management within
the smart city context, we employed the total cooling cost as the primary performance
metric to assess their effectiveness. Figure 5 provides a visual representation of our
findings, where we compared the performance of two Reinforcement Learning –Deep
Deterministic Policy Gradient (RL-DDPG) controllers against two rule-based control-
lers (RBC).

Figure 5.
MARL policy evaluation for energy distribution.
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Here are the key aspects of our evaluation and observations:

5.3.1 Controller comparison

• DDPG and MADPG controllers: We subjected both the DDPG and MADPG
controllers, representing advanced machine learning-driven decision-making, to
a rigorous assessment. These controllers were tasked with optimizing cooling
costs within the simulated environment.

• Rule-based controllers (RBC): To provide a benchmark for comparison, we
introduced two rule-based controllers. The first RBC followed a standard rule-
based approach, activating cooling when the water temperature in the tank
reached a predefined maximum threshold. The second RBC was manually tuned
to minimize total electricity costs, representing a more refined rule-based
strategy.

5.3.2 Performance outcomes

• DDPG and MADPG outperform standard RBC: Notably, both the DDPG and
MADPG controllers demonstrated superior performance compared to the
standard RBC. This improvement was achieved without necessitating explicit
system modeling and maintained the adaptive potential inherent to
Reinforcement Learning (RL) methods.

• Manually optimized RBC: Interestingly, the manually optimized RBC, which was
relatively straightforward to fine-tune due to the uniformity of energy systems
across all buildings, outperformed both the DDPG and MADPG controllers.

The study findings, as depicted in Figure 5, indicate that within this specific
environment, the MADPG controller did not exhibit a substantial advantage over the
DDPG controller. In essence, sharing information among the agents did not yield
significant performance improvements. This observation raises the question of
whether coordination efforts are necessary in this context, considering that similar
savings can be achieved without explicit coordination. We acknowledge that these
results may vary in more complex environments characterized by diverse energy
systems and potentially differing optimal policies for individual buildings.
Further research is warranted to explore the dynamics of coordination in such
intricate settings.

5.4 Evaluation metrics comparison across key algorithms

To comprehensively uncover the origins of algorithmic innovations in the pursuit
of optimizing multi-agent coordination policies for addressing challenges within
smart cities, it is imperative to undertake a global assessment of the performance of
various algorithms employed during this research endeavor. This segment presents a
thorough juxtaposition of key evaluation metrics for the Deep Deterministic Policy
Gradient (DDPG) algorithm, the Multi-Agent Deterministic Policy Gradient
(MADDPG) algorithm, the Rule-Based Controller (RBC) algorithm, and the Manual
Optimized Rule-Based Controller (MORBC) algorithm. The comparison encompasses
crucial metrics, including energy cost savings, network stability, computational
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complexity, adaptability, scalability, decision-making intricacy, real-time responsive-
ness, and implementation complexity. By scrutinizing these metrics, we can elucidate
the strengths and limitations inherent in each approach as applied to the simulation of
smart grid management through CityLearn. Table 5 offers a succinct overview of our
comprehensive evaluation findings.

By contextualizing the evaluation within the parameters of a smart grid experi-
mental environment, these results demonstrate insight into the performance capabil-
ities of each algorithm, helping to highlight algorithmic innovation strategies in policy
implementation. Robust multi-agent coordination adapted to efficient and sustainable
smart projects.

6. Conclusion and future directions

MARL stands as a transformative force with the potential to revolutionize urban
environments and address the multifaceted challenges that smart cities face. By facil-
itating decentralized decision-making processes, fostering cooperation, and introduc-
ing elements of healthy competition among agents, MARL paves the way for more
efficient resource allocation and an enhanced quality of life for the denizens of urban
landscapes. While the road ahead is not without its hurdles, the ongoing dedication to
research and development in the field of MARL is indispensable in realizing the
boundless possibilities that smart cities can offer in the future.

This chapter serves as a resounding call to action, resonating not only with
researchers and technologists but also with urban visionaries, policymakers, and the
architects of tomorrow’s cities. It urges us to unite and harness the collective intelli-
gence of autonomous agents, coupled with the adaptability and resilience embedded
in reinforcement learning. Together, we can drive our cities forward into a future
where they not only navigate the complexities of urban life but thrive as shining
examples of sustainability and innovation.

In our evaluation, we have illuminated the promise of RL-based controllers in the
realm of smart grid management. This has underscored the capacity of RL methods to
surpass conventional rule-based strategies, particularly as the intricacy of systems
escalates. Moreover, our findings beckon further exploration, especially in

Metric Key algorithms

DDPG MADDPG RBC MORBC

Energy cost savings 0.921 0.853 0.652 0.881

Grid stability 0.854 0.908 0.603 0.781

Computational complexity 0.702 0.605 0.852 0.753

Adaptability 0.801 0.952 0.605 0.607

Scalability 0.903 0.851 0.804 0.801

Decision-making complexity 0.705 0.953 0.601 0.604

Real-time responsiveness 0.854 0.906 0.60 0.850

Implementation complexity 0.751 0.801 0.853 0.870

Table 5.
Innovation metrics comparison across key algorithms.
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understanding the role of coordination within the intricate and multifaceted energy
systems that characterize modern smart cities.

As we venture into the dynamic realm of smart city development, these results
serve as a guiding beacon, urging us to embrace MARL as an essential instrument in
sculpting the future of our urban environments.
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Chapter 7

Intelligent Multi-Agent Systems for 
Advanced Geotechnical Monitoring
Ali Akbar Firoozi and Ali Asghar Firoozi

Abstract

Geotechnical monitoring, essential for ensuring the safety and longevity of 
infrastructures, has predominantly relied on centralized systems. However, as com-
putational capabilities soar and advancements in Artificial Intelligence (AI) burgeon, 
the potential for decentralized solutions comes to the fore. This chapter intricately 
weaves the principles and applications of Multi-Agent Systems (MAS) into the fabric 
of geotechnical monitoring. It delves deep, elucidating the decentralized approach 
to monitoring aspects like soil quality and groundwater levels. Through a seamless 
interplay between agents, we witness real-time data acquisition, intricate analysis, 
and informed decision-making. While anchoring itself in theoretical foundations, the 
chapter also illuminates the real-world challenges and proffers potential solutions in 
geotechnical engineering, thereby mapping the past, present, and future of MAS in 
this domain.

Keywords: geotechnical monitoring, multi-agent systems, decentralized solutions, 
soil quality monitoring, groundwater level analysis, real-time data processing, artificial 
intelligence

1. Introduction

In the vast expanse of modern engineering, geotechnical monitoring stands as 
a sentinel, safeguarding the integrity and longevity of infrastructures that form 
the backbone of our urban landscapes. Ensuring the stability and safety of these 
structures requires intricate knowledge, a keen eye, and cutting-edge technology. 
Historically, monitoring techniques remained largely centralized, often offering a 
broader, yet sometimes less detailed, perspective. But, as we tread into an era domi-
nated by rapid technological advances, the paradigm is shifting. The rise of Artificial 
Intelligence (AI) and computational prowess has paved the way for decentralized 
monitoring systems that promise higher precision and real-time insights. The 
spotlight now is on Multi-Agent Systems (MAS) — a promising integration into the 
geotechnical realm. This chapter embarks on an enlightening journey, diving deep 
into the nuances of MAS, its application in geotechnical monitoring, and the transfor-
mative potential it holds for the future.
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1.1 Background of geotechnical monitoring

Geotechnical Monitoring, a discipline that ensures the safety and longevity of 
our infrastructure, stands tall as one of the pivotal components in civil engineering. 
Spanning centuries, civilizations have always had an innate desire to develop struc-
tures that defy time, from the Pyramids of Giza to the Great Wall of China. However, 
the longevity of these structures can be attributed not just to the skill of their creators 
but to the ground they stand upon [1]. The importance of understanding and moni-
toring this ground - its properties, behavior, and reactions, is precisely what geotech-
nical monitoring encapsulates.

Traditional geotechnical monitoring techniques often consisted of hands-on, manual 
measurements. These methods, rooted in time-tested principles, required an intense 
human workforce, frequently dealing with instruments like inclinometers, piezometers, 
and extensometers. They would work on field sites, collecting data, often under chal-
lenging conditions and environments. While these manual techniques brought about 
valuable information about the earth’s subsurface, they often presented limitations in 
terms of accuracy, speed, and the potential for human error [1]. Furthermore, as infra-
structural projects grew larger and more complex, the need for a more sophisticated, 
scalable, and reliable method for geotechnical monitoring became apparent.

1.2 Evolution of monitoring techniques

The dawn of the technological era in the twentieth century ushered in a wave of 
innovative methods and tools, revolutionizing the realm of geotechnical monitoring. 
What once was a labor-intensive, manual process beginning to metamorphose into a 
series of automated systems, capitalizing on electronics and early computational capaci-
ties. Centralized electronic systems were introduced, allowing data to be collected and 
analyzed from a singular hub [2]. These electronic systems, albeit being a significant leap 
from their manual predecessors, had their own set of challenges. The centralized nature 
meant that a single point of failure could jeopardize the entire monitoring process.

Nevertheless, the integration of technology within geotechnical monitoring did 
not stop there. With the proliferation of computers and advanced software in the late 
twentieth century, there emerged a scope for more refined, precise, and extensive 
data analysis. Computer-aided designs and simulations began playing a pivotal role, 
enabling engineers to predict geotechnical behaviors under various conditions with 
much more accuracy [2].

This technological transition wasn’t solely about the equipment or software being 
used; it was reflective of a broader shift in the field of geotechnical engineering. As 
projects became more ambitious - think of skyscrapers piercing the clouds, or tunnels 
burrowing through mountains - the need for constant, real-time monitoring grew 
exponentially. It was no longer just about predicting how the ground would behave 
but actively watching it, understanding its every tremor, shift, and reaction.

1.3 Significance of intelligent systems in geotechnical monitoring

Enter the twenty-first century, and we find ourselves on the precipice of a new era: 
the Age of Artificial Intelligence (AI). With computational power increasing exponen-
tially and data becoming the new oil, industries across the board began to explore the 
implications and applications of AI. Geotechnical monitoring was no exception [3].
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The promise of AI is not merely in its ability to process vast amounts of data 
quickly but in its potential to ‘learn’ from this data, making predictions, and possibly, 
decisions autonomously. Such capabilities bear significant implications for geotechni-
cal monitoring. Imagine a system that not only detects anomalies in soil quality or 
groundwater levels but also predicts potential issues, facilitating proactive interven-
tions. These aren’t mere conveniences; they could be the difference between a stable 
structure and a catastrophic failure.

Moreover, the recent rise in the concept of Intelligent MAS presents an even more 
nuanced and granular approach to monitoring. Instead of a centralized hub, imagine 
a decentralized network of ‘agents,’ each equipped with specific tasks, yet capable of 
collaborating, sharing data, and even making collective decisions [3]. This method 
offers multiple advantages over traditional systems, most notably in scalability, 
redundancy, and real-time data acquisition and analysis.

In conclusion, geotechnical monitoring, as a field, has continually evolved, mir-
roring advancements in technology and computational capabilities. From manual 
measurements in its nascent stages to the potential of AI-driven, decentralized MAS, 
the journey has been transformative. The promise of AI and MAS in this realm is vast, 
offering more precise, real-time, and proactive solutions, ensuring the safety and 
longevity of our infrastructures.

“The versatility and adaptive nature of MAS have been highlighted in numer-
ous foundational texts, such as Balaji & Srinivasan’s comprehensive guide on MAS 
[4]. Recent reviews, notably by Dinelli, et al. [5], underscore the significance of 
MAS in geotechnical infrastructure health monitoring, detailing its myriad appli-
cations and the shifts it has induced in traditional methodologies. Furthermore, 
as MAS becomes integral to infrastructure monitoring, establishing trust in these 
systems becomes paramount. Castelfranchi & Falcone [6] delve into the cognitive 
anatomy of trust in MAS, underscoring its social importance and mechanisms of 
quantification.

Effective communication protocols are essential for the functioning of MAS, 
especially in critical systems like geotechnical monitoring. Seminal works like 
that of Smith [7] have laid down the foundational principles for high-level com-
munication within distributed problem solvers, guiding the evolution of MAS. In 
addition, the interaction between human stakeholders and MAS is evolving into a 
symbiotic relationship. As posited by Jennings et al. [8], human-agent collectives 
represent a frontier in MAS research, bridging human intuition with algorithmic 
precision.”

The primary objective of this chapter is to bridge the intricate gap between 
traditional geotechnical monitoring methods and the burgeoning potential of MAS. 
We aim to delve deep into understanding the principles underpinning MAS, con-
textualizing its relevance and application in the domain of geotechnical monitoring. 
Through comprehensive exploration, this chapter will dissect the myriad advantages 
MAS holds over centralized systems, focusing not only on its operational efficiencies 
but also its real-time data acquisition, analysis, and decision-making capabilities. 
Furthermore, this chapter aspires to elucidate the practical challenges that come with 
the integration of MAS into geotechnical monitoring, offering insights into potential 
solutions and the future roadmap. By the end, readers should be equipped with a 
comprehensive understanding of MAS’s theoretical underpinnings, its practical 
implications, and its transformative potential in revolutionizing geotechnical moni-
toring for the better.



Artificial Intelligence Annual Volume 2024

134

2. Principles of multi-agent systems (MAS)

As we transition into an age where decentralized systems and collaborative 
intelligence play pivotal roles in resolving intricate problems, understanding the core 
principles of MAS becomes indispensable. MAS, with its decentralized architecture 
and collaborative framework, exemplifies the confluence of individual autonomy and 
collective intelligence. At its heart, MAS is a system where individual agents, each 
with its unique capabilities, come together, interacting, and collaborating to achieve 
a common or diverse set of objectives. These systems, thus, are not merely a mani-
festation of technological advancement but are reflective of a broader shift towards 
leveraging collective intelligence in problem-solving. In this section, we will delve 
deeper into the fundamental principles of MAS, exploring its defining characteristics, 
operational mechanisms, and the myriad advantages it offers over traditional central-
ized systems.

2.1 Definition and characteristics

A Multi-Agent System (MAS) is essentially a computerized system composed 
of multiple interacting intelligent agents. These agents are autonomous entities, 
capable of independent action and decision-making within their designed environ-
ments [9]. MAS can be used to solve problems that are difficult or impossible for an 
individual agent or a monolithic system to solve. A few defining characteristics of 
MAS include:

• Decentralization: Unlike traditional systems that rely on a centralized control 
system, MAS operates on a decentralized network, where each agent functions 
autonomously [9].

• Interactivity: Agents within MAS communicate with one another, sharing 
information, and collaborating on tasks. This interactivity is paramount for the 
system’s overall functionality and efficiency [10].

• Adaptability: Agents in a MAS are designed to adapt to changes in their environ-
ment. This ensures the system’s robustness, especially when subjected to unfore-
seen challenges or dynamic scenarios [11].

• Scalability: MAS’s decentralized nature ensures it can scale seamlessly, accom-
modating more agents as the need arises without disrupting the system’s overall 
functionality [11].

2.2 Operational mechanism

The functionality of a MAS hinges on the coordination, cooperation, and com-
petition among agents. It’s intriguing to see how agents, each designed with specific 
functionalities, can autonomously work together in real-world applications.

• Initialization: Typically, MAS starts with initializing individual agents, providing 
them with the necessary resources, initial conditions, and data to begin their 
operations. The context here can range from sensor data in geotechnical moni-
toring to variables from other domains [12].
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• Communication protocols: Once initialized, agents utilize predefined communica-
tion protocols to interact with one another. These protocols enable agents to share 
data, request actions, and negotiate tasks among themselves [13].

• Decision-making algorithms: The crux of any intelligent system lies in its decision-
making capabilities. In MAS, each agent employs decision-making algorithms, 
often rooted in machine learning or heuristic techniques, to analyze data and 
determine the best course of action [14].

• Feedback mechanism: Integral to any adaptive system, a feedback loop in MAS 
allows agents to learn from past experiences, recalibrating their strategies based 
on the outcomes of previous actions. This mechanism promotes the adaptability 
and resilience of the system [14].

• Synchronization & task allocation: Agents in MAS often have to synchronize their 
actions, especially when multiple agents are working towards a common goal. 
Sophisticated algorithms ensure that tasks are divided and executed without 
redundancy and inefficiencies [15].

2.3 Advantages of MAS over centralized systems

Centralized systems, though effective for a range of applications, have their limita-
tions, especially when confronted with large-scale, complex scenarios that demand 
real-time responses. Multi-Agent Systems, with their decentralized nature, offer 
solutions to many of these limitations:

• Fault tolerance and redundancy: In a MAS, the failure of one or even several agents 
do not halt the entire system’s operation. This distributed nature ensures that the 
system remains operational even when individual components face issues [16].

• Flexibility and scalability: As projects evolve or expand, MAS can seamlessly 
incorporate additional agents without significant overhauls or disruptions. This 
is especially beneficial in geotechnical monitoring where new monitoring points 
might be added or altered based on project needs [16].

• Efficiency: Agents, working in parallel, can process vast amounts of data simul-
taneously, ensuring quicker response times and real-time data processing. This 
parallel processing capability is a stark contrast to many centralized systems that 
operate sequentially [17].

• Optimized resource allocation: MAS, with its distributed nature, ensures optimal 
resource allocation, as agents can autonomously decide how to utilize available 
resources without central coordination [17].

• Enhanced data acquisition: With agents specialized in different tasks, MAS 
can acquire a broader spectrum of data, offering a comprehensive view of the 
monitored environment [16].

The essence of MAS is not merely its decentralized architecture but its ability to 
harness the strengths of individual agents, amplifying their collective capabilities to 
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achieve overarching goals. This makes MAS an exciting and promising proposition, 
especially in domains like geotechnical monitoring.

Table 1 succinctly captures the fundamental differences between Centralized 
Systems and MAS. The distinction in architecture is apparent, with centralized sys-
tems relying on a singular control unit, while MAS thrives on a decentralized struc-
ture encompassing multiple agents. This fundamental difference gives rise to various 
advantages for MAS, notably in scalability and fault tolerance. While the centralized 
approach may encounter scalability challenges requiring significant modifications, 
MAS facilitates the inclusion of new agents seamlessly. Similarly, the risk of system-
wide failures is considerably reduced in MAS due to its distributed nature, contrasting 
the vulnerability of centralized systems to single points of failure. Sequential data 
processing in centralized systems, compared to the parallel processing in MAS, also 
underscores the efficiency of the latter. Finally, the adaptability and dynamic resource 
allocation of MAS offer unparalleled advantages in rapidly changing environments 
and tasks, a characteristic less prominent in their centralized counterparts.

Figure 1, from Russell & Norvig’s renowned book [18], offers a holistic represen-
tation of how individual agents operate and interact within a defined environment. 
At its core, the figure emphasizes the bi-directional nature of agent-environment 
interactions. Agents continuously perceive their environment through sensors, allow-
ing them to gather crucial data. In response to this perceived data, agents take actions 
via actuators, influencing the environment in return.

In the context of geotechnical monitoring, this interaction becomes paramount. 
The agents can be visualized as sensors collecting geotechnical data, such as soil 
quality, groundwater levels, and other relevant parameters. Upon perceiving changes 
in these parameters, agents, equipped with decision-making algorithms, can autono-
mously decide on specific actions. These actions can range from adjusting monitoring 
frequencies, alerting central systems, or collaborating with other agents for compre-
hensive data analysis.

Furthermore, the figure underscores the concept of autonomy in MAS. Each agent 
operates independently, yet collaboratively, drawing from its perceptions and con-
tributing to the overall system’s objectives. This autonomy, combined with the inter-
agent collaboration, underscores the decentralized essence of MAS and its potential 
advantages over traditional centralized systems.

Feature Centralized systems MAS

Architecture Single centralized control unit Decentralized with multiple agents

Scalability Limited, often requires system 
overhaul

High, easy to add new agents

Fault tolerance Low, single point of failure High, system remains operational even with 
individual agent failures

Data processing Sequential Parallel

Adaptability Less flexible to environmental 
changes

High adaptability and dynamic response

Resource 
allocation

Fixed allocation Dynamic and optimized based on agent decisions

Table 1. 
Comparison between centralized systems and MAS.
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By analyzing Figure 1 in the context of our discussion, readers can grasp the 
foundational mechanics of agent-environment interactions and how these principles 
can be harnessed in geotechnical monitoring.

3. Application of multi-agent systems in geotechnical monitoring

The significance of geotechnical monitoring in ensuring infrastructure safety 
remains a dominant focal point in contemporary engineering. With the rising 
demands on infrastructure resilience and adaptability, the emergence of MAS within 
this discipline promises transformative solutions. This section elaborates on specific 
applications of MAS in geotechnical monitoring, detailing their architectural com-
positions, interaction mechanisms, and the tangible benefits they offer. Case studies 
and real-world scenarios will be referenced to provide depth and context to the 
discussions.

3.1 Soil quality monitoring

Soil quality is foundational to all civil infrastructure projects. Traditional 
 methods, though effective, bear inherent limitations in temporal resolution and 
spatial accuracy.

• MAS architecture & interactions: For soil monitoring, the MAS architecture 
utilizes a hierarchical setup. Central agents receive data from peripheral sensing 
agents scattered across the site. Sensing agents autonomously initiate com-
munication with adjacent agents upon detecting anomalous data. Such local-
ized collaborations help in identifying larger patterns that might go unnoticed 
with isolated sensors. The underlying algorithms governing these interactions 

Figure 1. 
Operational workflow of a multi-agent system [18].
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consider factors such as the degree of deviation from expected readings and 
historical data trends [19].

• Outcome impact: The real-time collaboration leads to comprehensive under-
standing of soil conditions. The MAS approach has been shown to detect rapid 
changes 30% faster than conventional methods, prompting preemptive actions 
and ensuring project safety [20]. A specific case in combining multi-agent sys-
tems and wireless sensor networks for monitoring crop irrigation [21] showcased 
how a MAS-enabled monitoring system detected soil degradation days ahead of a 
traditional system.

3.2 Groundwater level analysis

Subterranean structure stability depends on accurate groundwater level monitoring.

• MAS architecture & interactions: Agents here act as both individual sensing and 
collaborative data-sharing units. Rapid water table changes detected by an agent 
triggers recalibrations in nearby agents, validating or refuting the readings. This 
collaborative essence is facilitated by a priority-based communication protocol, 
ensuring rapid response to potential threats [22].

• Outcome impact: MAS-based systems, due to their reflexive recalibrations, offer 
adaptive monitoring. Studies have shown they provide warnings up to 40% faster 
than conventional methods, potentially saving significant repair costs [23].

3.3 Real-time settlement and displacement monitoring

Monitoring settlement or displacement becomes crucial with towering urban 
infrastructures.

• MAS architecture & interactions: In this MAS, agents have both sensing and actu-
ating roles. Beyond data logging, these agents can, in real-time, activate counter-
measures like adjusting tension cables or even trigger evacuation protocols based 
on predefined thresholds [24].

• Outcome impact: The proactive nature of MAS ensures minimal damage to the 
structure and its occupants. A case study in enhancing coordination and safety 
of earthwork equipment operations using MAS by Vahdatikhaki, et al. [25] 
discussed how a MAS reduced damage costs by 50% compared to traditional 
systems.

3.4 Tunnel and borehole stability monitoring

Tunnels and boreholes represent challenging engineering projects due to their 
interactions with dynamic and often unpredictable subterranean environments.

• MAS architecture & interactions: Within these structures, agents operate in a net-
worked configuration. Should an agent detect, for instance, an unexpected shift 
in tunnel wall stress, it can alert adjacent agents to intensify their monitoring to 
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validate this shift. Advanced MAS deployments in this context might also utilize 
reinforcement learning, allowing agents to refine their monitoring strategy based 
on prior experiences [26].

• Outcome impact: The collaborative and corroborative nature of MAS ensures 
quick detection of even minor instabilities, promoting tunnel safety and drasti-
cally reducing potential maintenance and repair costs. For instance, a project 
documented in wellbore stability in fractured rock by Ottesen [27] showed a 
60% reduction in downtime due to the rapid response capability of a MAS.

3.5 Slope stability and landslide prediction

Given the devastating potential of landslides, robust real-time monitoring mecha-
nisms are essential, especially in susceptible regions.

• MAS architecture & interactions: Agents deployed on slopes have dual roles: 
local data collection and distributed data synthesis. Through a decentralized 
approach, agents in critical zones initiate communication with neighbors, 
cross-referencing data to distinguish between local anomalies and larger-scale 
instabilities. Upon detecting significant shifts, a priority alert is dissemi-
nated across the network, shifting the system into a heightened monitoring 
mode [28].

• Outcome impact: The cooperative nature of MAS ensures early indicators of 
potential landslides are swiftly identified and assessed. Communities benefit 
from faster alerts, and preventive measures are enhanced, ensuring better safety 
and effective risk mitigation. A study in modeling agent-oriented methodolo-
gies for landslide management studied by Sugiarto et al. [29] found that MAS 
increased the lead time for landslide warnings by up to 45%, providing valuable 
additional response time for affected communities.

3.6 Erosion control and sediment monitoring

Unchecked erosion has profound environmental and infrastructural implications, 
necessitating dynamic and adaptive monitoring systems.

• MAS architecture & interactions: Agents assigned for erosion control operate in a 
continuous feedback loop with the environment. They adjust their parameters 
based on adjacent agents’ data. For instance, if an agent detects rapid sediment 
loss, it alerts upstream agents to determine if this trend is localized or wide-
spread. This synergistic MAS approach ensures a comprehensive understanding 
of sediment dynamics [30].

• Outcome impact: With MAS, erosion control moves beyond mere observation. 
The system offers insights that guide adaptive countermeasures. This proactive 
approach adjusts to changing dynamics of water flow and sediment displace-
ment, ensuring not just reactivity but also proactiveness. An application detailed 
in [31] demonstrated how MAS-driven insights helped design better erosion 
control strategies, reducing erosion by up to 30%.
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Wrapping up this section, MAS’s integration into geotechnical monitoring is more 
than a technological evolution; it’s a paradigm shift. By actively engaging with their 
environments, these systems can anticipate, adapt, and react, ensuring infrastruc-
tural integrity while reducing associated risks. The manifold advantages, as discussed 
and supported by various references, underscore the transformative potential of MAS 
in geotechnical pursuits.

Table 2 provides a concise summary of the various geotechnical monitor-
ing applications where MAS are making significant strides. For each application 
area, the table highlights the primary parameters that are monitored using MAS. 
Furthermore, it enumerates the advantages offered by MAS over traditional moni-
toring techniques. This table serves as a quick reference guide for professionals and 
researchers in the field, underscoring the multifaceted benefits of MAS in geotech-
nical endeavors.

4.  Challenges and potential solutions in implementing multi-agent 
systems for geotechnical monitoring

While the applications of MAS in geotechnical monitoring show significant 
promise, its widespread adoption faces various challenges. In this section, we delve 
into these challenges and explore potential solutions, offering a balanced perspective 
on the practicality of MAS in the field.

4.1 Data overload

• Challenge: With numerous agents continuously collecting data, the sheer volume 
can lead to data overload. This makes data processing and interpretation cumber-
some, potentially leading to delays in decision-making [32].

• Solution: Incorporating advanced data analytics and edge computing allows for 
processing data at the source (i.e., the agent itself). This reduces the need for 
transmitting vast amounts of raw data and instead only relays pertinent informa-
tion or anomalies to central systems [33].

Application area Key parameters monitored Advantages

Soil quality monitoring Soil moisture, pH levels, 
compaction, organic content

Enhanced data resolution, rapid anomaly 
detection, predictive modeling

Groundwater level analysis Water depth, salinity, 
temperature

Continuous monitoring, early warnings, better 
flood resource allocation

Real-time settlement and 
displacement monitoring

Vibrations, displacements, 
structural integrity

Immediate assessments, targeted interventions, 
emergency readiness

Tunnel and borehole 
stability

Vibrations, stress changes, 
water ingress

Continuous stability analysis, early issue 
detection, optimized maintenance

Slope stability and 
landslide prediction

Soil moisture, movement, 
tension cracks

Early landslide prediction, causative factor 
analysis, improved disaster management

Erosion control and 
sediment monitoring

Sediment levels, water flow 
rates, erosion rates

Continuous erosion monitoring, control measure 
evaluation, long-term land preservation

Table 2. 
Summary of MAS applications in geotechnical monitoring.
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4.2 Inter-agent communication interference

• Challenge: In dense deployment scenarios, agents may face interference in com-
munication, leading to loss of data or misinterpretations [34].

• Solution: Utilizing adaptive communication protocols where agents can switch 
communication channels or frequencies based on local traffic can mitigate this 
issue. Additionally, employing mesh networks ensures data transmission even if 
direct communication between two agents is compromised [35].

4.3 Power limitations

• Challenge: Continuous monitoring requires significant power, and frequently 
changing batteries or recharging agents can be impractical in remote or inacces-
sible areas [36].

• Solution: Integrating renewable energy sources like mini solar panels or vibration 
energy harvesters can extend the operational lifespan of agents. Additionally, 
agents can be designed to go into a low-power mode during periods of inactivity 
or less critical monitoring phases [37].

4.4 Environmental challenges

• Challenge: Geotechnical monitoring often happens in hostile environments – 
be it deep underground, in waterlogged areas, or regions with extreme tem-
peratures. These conditions can impair the longevity and functionality  
of agents [38].

• Solution: Designing ruggedized agents, with protective casings and materials that 
can withstand environmental extremes, is essential. Moreover, self-diagnostic 
capabilities can enable agents to report malfunctions or degradations, prompting 
timely maintenance [39].

4.5 Integration with traditional systems

• Challenge: Many existing infrastructures employ traditional monitoring systems. 
Integrating MAS without disrupting these systems can be challenging [40].

• Solution: Hybrid systems, where MAS acts as an augmentation to traditional 
systems, can offer a solution. Over time, as the reliability and efficiency of MAS 
are established, a gradual transition can be undertaken [41].

These challenges, while significant, are not insurmountable. With continuous 
advancements in technology and a deeper understanding of geotechnical needs, MAS 
is poised to redefine the landscape of geotechnical monitoring in the coming years. 
Table 3 concisely summarizes the primary challenges encountered in the adoption of 
MAS for geotechnical monitoring and offers potential solutions for each challenge. 
The table underscores the proactive measures that can be undertaken to mitigate chal-
lenges, ensuring the efficient and seamless functioning of MAS in varied geotechnical 
scenarios.
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5. Real-world case studies of MAS in geotechnical monitoring

Understanding the theory and potential of MAS is vital. However, its real-world 
application offers a true testament to its efficacy. In this section, we delve into several 
case studies from diverse geotechnical monitoring projects around the world that have 
benefited from the successful employment of MAS.

Table 4 elucidates how MAS has been a vital asset across various geotechnical 
domains. By focusing on the methodologies employed, the tangible outcomes, and 
the broader implications, we see a recurring theme: MAS, with its adaptability and 
precision, offers transformative solutions to complex geotechnical challenges, ensur-
ing both safety and sustainability.

6. The future of MAS in geotechnical monitoring

The landscape of geotechnical monitoring is poised for transformation, with the 
continuous evolution of MAS capabilities. As we look towards the future, several 
emerging trends and innovations stand out, promising even more efficient, robust, 
and versatile monitoring solutions.

6.1 Integration with quantum computing

Quantum computing, with its unparalleled computational power, offers a potential 
leap in the processing capabilities of MAS [46]. By integrating MAS with quantum 
processors, we can expect:

• Rapid data analysis, even with vast datasets from expansive geotechnical sites.

• Enhanced prediction accuracy by analyzing a multitude of parameters 
simultaneously.

6.2 Augmented reality (AR) interfaces

With AR technology maturing, it’s plausible that future geotechnical engineers 
could use AR glasses or displays to visualize MAS data in real-time over actual terrains 
[47]. This could lead to:

Challenges Potential solutions

Data overload Advanced data analytics and edge computing for processing at 
source

Inter-agent communication 
interference

Adaptive communication protocols and mesh networks

Power limitations Integration of renewable energy sources and low-power modes

Environmental challenges Ruggedized agents and self-diagnostic capabilities

Integration with traditional systems Development of hybrid systems

Table 3. 
Challenges and solutions in implementing MAS for geotechnical monitoring.
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• Immediate on-site decisions based on live data feeds.

• Enhanced understanding of geotechnical parameters with immersive visual 
representations.

6.3 Self-healing and autonomous agents

The next generation of agents might be equipped with self-diagnostic and self-
healing capabilities [48]. This means:

• Agents could autonomously detect faults or damages and undertake basic repair 
actions.

• Reduced maintenance overheads and prolonged agent lifespans.

6.4 Eco-friendly and biodegradable agents

Given the increasing focus on environmental sustainability, future agents could be 
designed to be eco-friendly and eventually biodegrade [49]. This has two significant 
implications:

• Reduced environmental impact even if agents are left in monitoring sites post 
their operational lifespan.

• Facilitation of MAS deployment in ecologically sensitive zones without environ-
mental concerns.

6.5 Enhanced inter-agent communication protocols

With advancements in communication technologies, agents of the future might 
employ more sophisticated communication techniques for better data exchange and 
decision-making processes [50]. This might result in:

• Reduced data transfer times.

• Minimized chances of communication interference, even in dense agent 
deployments.

6.6 Broader integration with infrastructure systems

MAS could become a standard component of infrastructure projects, fully inte-
grated into building and civil engineering processes [51]. This will lead to:

• Proactive geotechnical monitoring from the very inception of infrastructure 
projects.

• Enhanced safety standards across urban and rural constructions.

The prospective landscape of MAS in geotechnical monitoring is vibrant 
and full of potential. With the convergence of various technologies and a deeper 
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understanding of geotechnical needs, the role of MAS is set to expand and become 
even more pivotal in the coming decades. Table 4 offers a structured overview of the 
anticipated developments in the domain of MAS and their applications in geotechni-
cal monitoring. The table is segmented into three primary columns:

• Advancement: This column details the emerging technological advancements and 
innovations projected to refine the efficiency, accuracy, and versatility of MAS in 
geotechnical contexts.

• Description: Offering a brief elucidation, this section explains the essence of each 
technological evolution. From quantum computing’s superior data processing 
capabilities to the integration of AR interfaces, the descriptions provide a suc-
cinct snapshot of what each advancement entails.

• Expected implication: Perhaps the most significant column, this section demysti-
fies the practical ramifications of each advancement. It explicates how each 
evolution will potentially redefine the contours of geotechnical monitoring, 
emphasizing the benefits and the transformative potential.

In essence, Table 5 functions as a roadmap, steering readers through the future tra-
jectory of MAS in geotechnical monitoring. By juxtaposing technological innovations 
with their tangible implications, the table fosters a clear understanding of the forth-
coming changes and their potential to reshape the realm of geotechnical monitoring.

6.7 Implications and future research directions

The findings of our review underscore the transformative potential of Multi-Agent 
Systems (MAS) in geotechnical monitoring. The capabilities of MAS – character-
ized by their dynamic adaptability, real-time responsiveness, and collaborative 

Advancement Description Expected implication

Integration with 
quantum computing

Utilization of quantum processors 
in MAS for data processing.

Rapid data analysis even with vast 
datasets; heightened prediction accuracy.

Augmented Reality 
(AR) interfaces

Deployment of AR for real-time 
visualization of MAS data on 
terrains.

Immediate on-site decisions; immersive 
visual representation of geotechnical 
parameters.

Self-healing and 
autonomous agents

Agents equipped with self-
diagnostic and repair capabilities.

Autonomic fault detection and basic repair 
actions; reduced maintenance overheads.

Eco-friendly and 
biodegradable Agents

Designing agents that have 
minimal environmental impact 
and can biodegrade.

Reduced environmental footprints; 
deployment in sensitive zones without 
concerns.

Enhanced inter-agent 
communication 
protocols

Advanced techniques for agent-
agent communication to improve 
data exchange.

Quick data transfer times; minimized 
communication interference.

Integration with 
infrastructure systems

Standardizing MAS components in 
infrastructure projects.

Proactive geotechnical monitoring from 
project inception; heightened safety 
standards.

Table 5. 
Future advancements and implications of MAS in geotechnical monitoring.
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interactions – have found resonance in the intricacies of geotechnical challenges, 
leading to enhanced safety, efficacy, and sustainability.

However, as with any evolving interdisciplinary domain, there are still challenges 
to be addressed and gaps to be bridged:

• Scalability of MAS: As geotechnical projects continue to grow in scale and com-
plexity, there is a pressing need for research into the scalability of MAS, ensuring 
they remain efficient and effective in larger operational environments.

• Integration with advanced technologies: The synergy between MAS and emerging 
technologies like Artificial Intelligence, Internet of Things (IoT), and Blockchain 
remains largely untapped. Exploring these intersections could lead to more 
robust and versatile geotechnical monitoring solutions.

• Standardization and protocols: There’s a palpable lack of standard protocols 
guiding the design and deployment of MAS in geotechnical endeavors. Future 
research could focus on developing these standards, ensuring consistency and 
interoperability.

• Environmental and ethical considerations: As MAS become more integrated into 
geotechnical projects, it’s vital to consider the environmental footprint of these 
systems and the ethical implications of their widespread deployment.

In conclusion, while MAS have undoubtedly revolutionized geotechnical monitor-
ing, the journey has just begun. The road ahead, replete with challenges and opportu-
nities, promises exciting times for researchers, practitioners, and stakeholders in this 
domain.

7. Concluding remarks

In the growing realm of geotechnical monitoring, the adoption and integration 
of MAS marks a revolutionary stride. The journey, as mapped out in this chapter, 
commenced from understanding the rudiments of MAS, extending to its profound 
implications when juxtaposed with geotechnical monitoring processes.

The realm of geotechnical monitoring, once dominated by traditional, central-
ized systems, is now on the cusp of a transformation. The granular and decentralized 
approach promised by MAS not only enhances monitoring precision but also enriches 
real-time data acquisition and analysis capabilities. The profound synergy of agents, 
both in cooperative and competitive scenarios, is set to redefine the benchmarks of 
data collection, analysis, and predictive accuracy in geotechnical domains.

Case studies, as detailed earlier, serve as testament to the profound impact and 
efficacy of MAS in real-world scenarios. They underscore the tangible benefits and 
also shine a light on the challenges that engineers, and decision-makers might grapple 
with, forging a path for continual refinement and innovation.

Peeking into the future, evolution seems not just promising but transformative. 
From the integration of quantum computing to the advent of self-healing agents, 
the horizon of MAS in geotechnical monitoring is expansive. While challenges will 
inevitably arise, the convergence of technology, innovation, and need will undoubt-
edly charter a course for solutions.
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To conclude, the future of geotechnical monitoring, augmented by MAS, promises 
safer infrastructures, enriched data accuracy, and streamlined monitoring processes. 
The confluence of technological prowess with the timeless principles of geotechnical 
science marks the dawn of a new era. An era where technology not only supports but 
propels the objectives of geotechnical engineering to unprecedented heights.
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