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Abstract: The implementation of Software-Defined Net-
work (SDN) across multiple data centers aims to simplify the
control and management of networks. However, the increasing
popularity of SDN has also attracted the attention of attackers.
To tackle this problem, it is essential to have an intrusion
detection system (IDS) in place, which plays a crucial role in
cybersecurity by addressing external threats. The advantage
of SDN’s centralized nature is that it facilitates the training of
an IDS based on machine learning. However, there is a scarcity
of research specifically focused on intrusion detection in SDN.
Existing literature often treats SDN intrusion detection as
similar to traditional computer systems and relies on intrusion
datasets generated for those systems. We explore the issue
of intrusion detection in SDN using the most recent public
dataset (InSDN). However, InSDN is an imbalanced data set.
In this paper, we have recommended a method to balance the
data as well as a method to find the best features to improve
the quality of IDS using Machine Learning. In addition, we
also suggest a method of classifying SDN network traffic and
normal network traffic. At the same time, we also evaluate the
efficiency of the SDN system with the load balancing system
and without the load balancing system.

Keywords: Software-Defined Network, Intrusion Detection
System, Machine Learning, Data Augmentation, Load Balancing,
Network Flow Feature, SDN Detection, Feature Fusion.

I. INTRODUCTION

1. Overview

The demand for network usage is continually growing in
complexity, driven by advancements in both hardware and
software technologies. Operating and managing the network
manually shows certain disadvantages when errors occur,
and flexibility is not high. Therefore, modern networks
are moving towards automation as well as softwareization
using advanced technologies such as SDN. SDN is a

network architecture that allows centralized control over
the network by separating the control plane from the data
plane. There, the control plane will do things like traffic
routing, congestion control, and so on.

Instead, the data plane just forwards the network traffic
based on the configurations provided by the control plane.
The control plane has the ability to control and view the
network centrally. Therefore, it can make smart decisions
to manage and operate the network securely. The advantage
of SDN is indisputable, and it is increasingly widely used
in data centers and enterprises. It is estimated that by 2027,
the SDN market could reach 52 billion USD [1].

With its numerous advantages, SDN is gaining popularity
and is increasing widely in network management. However,
along with its increasing adoption, SDN has also drawn
the attention of attackers. In SDN, the control plane holds
centralized control and management over the network. If
the control plane is compromised by an attacker, they can
potentially gain control over the entire network, inadver-
tently turning SDN into a target for malicious attacks. This
highlights the importance of implementing robust security
measures to protect the control plane and mitigate the risk
of such attacks in SDN environments.

Infiltrating the SDN server grants attackers unauthorized
access, allowing them to acquire crucial system informa-
tion. Their primary objective is to target the SDN con-
troller, recognized as the brain of the network. Attackers
may execute various malicious activities, including Denial-
of-Service (DoS) attacks, Distributed Denial-of-Service
(DDoS) attacks, Brute Force attacks, and other methods
to compromise the controller’s functionality and disrupt
network operations. Protecting the SDN controller from
such attacks is crucial to maintaining the security and
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integrity of the entire SDN infrastructure.
It is extremely important to detect such attacks quickly

so that prevention methods can be put in place. Normally,
we would be able to think of IDS [2] as a common
way to detect such attacks. More importantly, current
IDS mostly use rules to detect attacks that have certain
weaknesses, while IDS rely on network traffic analysis
and packet characteristics to detect intrusions. Supposedly,
such network traffic does not fall under the rules that the
network administrator sets for a traditional IDS, but with an
IDS using packet analysis, they can still be detected. This
improves the quality of detecting malicious packets and
attacks on network systems, helping network administrators
quickly prevent attacks.

The utilization of Machine Learning (ML) for analyz-
ing network packets and constructing IDS has become a
well-established approach. ML has demonstrated notable
advantages in terms of accuracy compared to traditional
IDS methods. However, prior research has often overlooked
the detection of specific attack details. Detecting these
details can enable administrators to take targeted measures
to prevent attacks effectively.

Furthermore, a prevalent issue in the ML-based IDS
domain is the usage of imbalanced datasets for training
ML algorithms. These datasets often exhibit a significant
disparity in the frequency of different labels, which can
result in learning algorithms becoming biased toward the
more prevalent label during training. Consequently, when
these algorithms are used to predict network flows, they
may produce errors due to their skewed learning experience.
Addressing this data imbalance challenge is crucial for
developing reliable and effective ML-based IDS systems.
Techniques such as data balancing methods, including over-
sampling and under-sampling, can help mitigate this issue
and improve the performance and accuracy of the ML
algorithms for intrusion detection.

In addition, it is also important to detect what is SDN
traffic and what is traditional network traffic. This helps
attackers determine what their targets are and how they
attack. However, there has not been much research on
how to detect traditional network traffic and SDN network
traffic. The use of modern technologies such as ML, DL is
almost nonexistent. Therefore, we also focus on proposing
a method that can classify whether the traffic belongs to
the SDN network traffic or not.

2. Our contributions

In this paper, we focus on developing an IDS for SDN
to detect and predict attacks and what types of attacks they
are. In addition, we also develop a method for detecting
SDN networks.

Our contributions can be explained as follows:

- Create a balanced dataset: The collected dataset
obtained from real-world scenarios often exhibits a sig-
nificant data imbalance, with the majority of data records
representing instances when no attack is present. This
imbalance can greatly skew the learning models used for
IDS in SDN. The success of an IDS system in SDN heavily
relies on the availability of a well-balanced dataset for
training the models. Consequently, our first contribution in
this paper is focused on the creation of a balanced dataset
specifically tailored for SDN networks.

- Identifying a set of optimal features: Our second
contribution is to evaluate the features from the balanced
dataset in order to efficiently feed to our proposed algo-
rithm. In general, using too many features leads to long
training times and large file sizes that make it difficult to
implement in practice. Therefore, we propose a method to
find the feature set with the best classification ability while
the model still ensures accuracy.

- Discover the best method:The third contribution is to
conduct experiments and to find the most suitable method
as well as an algorithm for detecting and also classifying
data of attacks. Our suggested algorithms can improve IDS
performance.

- Find a suitable load balancing algorithm: Lastly, we
evaluate the performance of web servers in SDN without
load balancing and with load balancing.

3. Roadmap

The rest of this paper is arranged as follows. Section II
discusses the related work and theory analysis. In section
III, the proposed method algorithm is described in detail.
The experimental results and comparisons are shown in
section IV. Finally, a short conclusion is drawn in section
V.

II. RELATED WORK

Intrusion detection is a difficult problem [3], which has
been attempted by a lot of previous researchers to solve
particularly in SDN. Most recent research works focused on
applying ML [4–6] to build IDS for SDN. Deep Learning
(DL) algorithms are also used in some research but not
much. In this section, we discuss some of the previous
studies concerned IDS for SDN.

In the article [7], the authors have built an IDS system
using ML algorithms on the available data set. The results
show that using ML to build IDS gives relatively good
results, reducing dependence on leading experts and replac-
ing the need for a large amount of data to train models.
However, the method proposed by the authors has many
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limitations, not overcoming the inherent weaknesses of the
data set as well as improving the efficiency of IDS attack
detection.

In more detail, IDS using ML in SDN has made great
contributions to generating a relatively large and rich
dataset of attacks in SDN [8]. This is the foundation for
subsequent researchers to develop highly transparent ML-
using IDSs for SDN systems. The authors also evaluated the
generated dataset with basic ML algorithms and achieved
very good results with specific detection of each type of
attack. However, the authors have not solved the imbalance
problem and are using a model to detect attacks in binary
form, which has not been done at the multi-class level. In
order to detect and defense the specific network attack such
as flooding DDoS attack for SDN, Song Wang 𝑒𝑡 𝑎𝑙. [9]
had employed lightweight supervised learning techniques.
However, their experimental dataset is not belong to real
SDN. Tuan 𝑒𝑡 𝑎𝑙. [10] proposed to compute entropy and
logarithmic values to detect TCP-SYN and ICMP flood
attacks in SDN, respectively. KNNs (𝐾-Nearest Neighbor)
are recruited to find the 𝐾 nearest Euclidean distance points
from the current entropy or logarithmic point to determine
if the network is subject to a DDoS attack. This model
is evaluated with CAIDA 2007 dataset and self-generated
traffic using Bonesi, accuracy is over 99% when 𝐾 = 9.

In another paper[11], the authors propose a method to
detect early attacks in SDN networks. Their method took
a set of 9 features and then transform them through CNN
to obtain a 128-dimensional feature vector. Then let that
feature vector go through algorithms like XGBoost and
Random Forest (RF) for training. The solution method
is relatively good and practical, and the training time is
relatively low. However, they can only do it at the level
of detecting attacks and not being attacked, not solving
the problem of what type of attack. There are also some
studies [12] on applying ML and Deep Learning (DL)
to IDS problems of SDN. They summarized in detail
the methods that have been applied and the technologies
applied are relatively new. However, the authors use data
sets that are not large enough, and the data imbalance is
not resolved.

In the article “Network intrusion detection in software
defined networking with self-organized constraint-based
intelligent learning framework” [13], the authors have also
outlined a number of ways to use Machine Learning to
detect network intrusions, but the problem they focus on
solving is to reduce the error when the model predicts as
well as to avoid problems such as over-fitting. Recently,
the application of AI technology to systems is gradually
gaining popularity. There are many research works related
to network intrusion detection using AI. A group of authors

conducted a synthesis of methods to apply AI network
intrusion detection in SDN [14]. However, the article has
not yet provided solutions for the weaknesses of the existing
works.

In the paper “Survey on SDN based network intrusion
detection system using machine learning approaches” [15],
the authors have synthesized methods of network intrusion
detection using ML. The article mentioned tools that can
develop NIDS (Network Based Intrusion Detection System)
in a real environment. Conversely, the methods they came
up with have not yet solved the problem of data imbalance.
In another way, applying deep learning for network intru-
sion detection is also a very positive and potential direction.
There are many groups of authors who have applied differ-
ent deep learning methods to realize that. In the paper ”A
Novel Approach To Network Intrusion Detection System
Using Deep Learning For Sdn: Futuristic Approach” [16],
the authors used 12 features out of 41 features in the NSL-
KDD dataset1 by using the feature selection method. It
is also considered to choose the effective feature of real
network traffic. The results of the paper are relatively good
and capable of applying it to practical implementation.
However, the paper uses a general data set for the IDS
system and it has not been specialized for SDN application.

In the paper “Early Detection of Intrusion in SDN” [17],
Towhid 𝑒𝑡. 𝑎𝑙. focused on detecting network intrusions
as early as possible. Using real-time stream-based traffic
network features, they built a method for early detection
of network intrusions. They used the InSDN dataset [8],
then employed the 9 features outlined in the paper “A
novel hybrid model for intrusion detection systems in SDNs
based on CNN and a new regularization technique” [18].
However, their method also reduced the effectiveness of
intrusion detection, not solving the problem of data imbal-
ance. They also have not specifically detected each type of
network attack.

According to previous studies, we found that there are
several problems that are not still solved for SDN envi-
ronment. Those are data imbalance and type of network
attack detection for SDN. Our method proposes a method
to balance the data and detect the details of each type of
attack for IDS of SDN applications.

III. OUR PROPOSED METHOD

In traditional networks, IDSs are commonly positioned
behind firewalls. These IDSs typically receive data from the
SPAN port of the switch, enabling them to analyze network
data and make predictions. In the case of software-defined
networking (SDN), all network traffic flows through the

1https://www.unb.ca/cic/datasets/nsl.html
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Figure 1. Pipeline for experiments of this paper

Figure 2. IDS location in SDN

SDN controller. Therefore, it is recommended to place the
IDS behind the firewall and retrieve network traffic from
the SDN controller. Our proposed IDS setup is illustrated
in Fig. 2. Following the training of the model, the Machine
Learning (ML) algorithm identified the model with the
most effective classification capabilities. This model is
then utilized for network intrusion detection in SDN. The
network traffic originates from the client and passes through
the SDN controller before reaching the server. During this
process, the network traffic is directed through the IDS
by the SDN controller. If the IDS detects any abnormal
network traffic behavior and classifies it as intrusive, an
alarm is triggered.

In this section, we present the issues that have been
resolved in the article. Firstly, data imbalance is a big
problem. Therefore, we have studied and proposed different
methods to solve the data imbalance problem. Secondly,
we propose a method to find the set of data imbalances
features with the best classifier. This can improve the
network intrusion detection classification ability for IDS. In

addition, we also focus on reducing the number of features
used in order to reduce the training time and weight of
the model after training. This is the basis for being able
to deploy IDS on actual devices. We perform this test on
the dataset InSDN [7]. Thirdly, we propose an algorithm to
classify traditional network traffic and that of SDN. To the
best of our knowledge, this is the first method to classify
the network traffic of traditional network (physical-based
network) and that of SDN (software-based network). After
distinguishing the type of network traffic from physical-
based network or from software-based network (SDN), we
can build different attacks and defense solutions for the
SDN network. Finally, we evaluate the SDN system with
and without load balancing for real applications.

In the second experiment, we build an SDN network with
Mininet2 and Ryu controller3. Conduct network traffic data
collection of traditional networks and SDN networks. After
collecting the data from the traditional network and the
SDN network, we build a classifier of these two networks.
Finally, based on the built-in network model, we evaluate
the SDN system with load balancing and without load
balancing in order to evaluate the its performance in real
applications.

1. Our Approach

Data imbalance poses a significant challenge in Machine
Learning (ML) [19] as it can adversely affect the learning
process of algorithms. When the data is imbalanced, the
algorithm tends to assign more weight to the labels that
appear more frequently. To address this issue, various tech-
niques such as down-sampling and over-sampling can be
employed. However, down-sampling the data significantly
reduces its size, then leads potentially resulting in the loss
of important training data for the trained model.

In our paper, we present a novel approach for ad-
dressing data imbalance through the use of over-sampling,
specifically employing the Synthetic Minority Oversam-
pling Technique (SMOTE) [20]. The SMOTE technique,
introduced by Nitesh Chawla 𝑒𝑡 𝑎𝑙. [21], operates by iden-
tifying instances that are close to each other in the feature
space. It establishes a connection between these instances
and generates synthetic samples along that connection,
effectively increasing the representation of the minority
class in the dataset [22].

Once we successfully addressed the issue of data im-
balance, our focus shifted toward developing a method
to identify features that serve as effective classifiers for
our IDS. By identifying such features, we were able to

2http://mininet.org/
3https://ryu-sdn.org/
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reduce the number of features required to construct the
IDS. This reduction not only decreased the training time
but also reduced the overall weight of the model. The
resulting streamlined IDS was more efficient and effective
in detecting network intrusions.

In this paper, we recognized the significance of dis-
tinguishing between SDN network traffic and traditional
network traffic. To address this, we collected relevant data
and constructed models to classify network traffic into these
two categories. By developing these models, we aimed to
accurately differentiate between SDN-specific traffic and
traffic associated with traditional networks. This classifi-
cation process provided valuable insights and contributed
to a better understanding of network traffic patterns in the
context of SDN.

Our project involved the design and implementation of
a basic Software-Defined Networking (SDN) infrastructure
using Mininet and Ryu controllers. The purpose of this
setup was to assess the performance of the SDN system
under two conditions: with load balancing and without load
balancing. By comparing the outcomes of these two sce-
narios, we aimed to evaluate the impact of load balancing
on the overall performance of the SDN system.

2. Data Pre-processing

In our data preprocessing phase, we performed cleaning
operations on the existing dataset. Specifically, we removed
any records that contained missing values represented as
“NaN” fields. Subsequently, we addressed the data imbal-
ance problem by applying techniques such as over-sampling
and down-sampling. However, during our experimentation,
we observed that down-sampling led to the loss of crucial
data points, and therefore, we decided not to proceed with
this method.

After addressing the data imbalance, we proceeded to
split the dataset into three sets: training, testing, and valida-
tion. The split was performed at a ratio of 80% for training,
10% for testing, and 10% for validation. This division

Figure 3. Before and After Using Data Augmentation

allowed us to have separate sets for training the model,
evaluating its performance, and validating its generalization
capabilities.

3. Data Augmentation

In our study, we utilize the Synthetic Minority Over-
sampling Technique (SMOTE) [22] to enhance the existing
dataset. By employing SMOTE algorithm, our objective is
twofold: to augment the data and to ensure a balanced
representation across different IoT devices. To achieve
this purpose, we leverage the largest number of device
samples present in the dataset and apply SMOTE to gen-
erate an equivalent number of samples for the remaining
devices [23]. This approach allows us to address the data
imbalance issue and create a more representative and bal-
anced dataset for further analysis and modeling.

Our approach follows a two-step process. First, we utilize
the Imblearn [24] library, specifically leveraging the over-
sampling technique, to augment the dataset. This step
involves generating synthetic samples to balance the class
distribution in the dataset. Next, we apply this data augmen-
tation method to our specific dataset, resulting in outcomes
comparable to those shown in Fig.3. This approach allows
us to effectively address the data imbalance and create a
more balanced dataset for further analysis and modeling.

4. Features Selection

In fact, the collected IoT data includes many different
features in which there are many features of less importance
and features with low classification ability. Using all the
features can cause interference with the model during the
learning process, increase model weight after training, and
training time.

In order to select the efficient features, we propose
an algorithm, which allows us to find features with high
classification ability for many ML algorithms. The input of
this algorithm is all the features of the data set, the output
is the features with the best classification ability.

In this problem, we use the function available in the li-
braries as feature “ importances ”. This function is created
by the library based on the mathematical formula of the
authors Trevor Hastie, Robert Tibshirani, and Jerome Fried-
man [25]. They define the calculation of feature importance
using the following equation:

𝐼2𝑙 (𝑇) =
𝐽−1∑︁
𝑡=1

𝑖2𝑡

∏
[𝑣(𝑡) = 𝑙], (1)

where 𝑇 is the whole decision tree, 𝑙 feature in question,
𝐽 number of internal nodes in the decision tree, 𝑖 squared
the reduction in the metric used for splitting,

∏
is indicator
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Algorithm 1 Find the best features
Input: List of all features
Output: List of best features

1: Initialize Algorithms: models = {RandomForest, Xg-
boost, LightGBM}

2: Initialize important feature of models: iF = [ ]
3: Initialize list of best features: bestFeature = [ ]
4: for each in models do
5: Model training with all features
6: Append to iF
7: end for
8: for 𝑖 = 0 to 50 do
9: for 𝑗 = 0 to 50 do

10: for 𝑘 = 0 to 50 do
11: if 𝑖𝐹 [′𝑅𝐹′] [𝑖]=𝑖𝐹 [′𝑋𝑔𝑏′] [ 𝑗]=𝑖𝐹 [′𝐿𝐺𝐵𝑀 ′] [𝑘]

then
12: Append feature to bestFeature
13: end if
14: end for
15: end for
16: end for
17: Return bestFeature

function, 𝑣(𝑡) is a feature used in splitting of the node 𝑡
used in splitting of the node. This math formula will sum up
all the decreases in the metric for all the features across the
tree (Random Forest, Xgboost, and LightGBM algorithms
are all based on Decision Tree algorithm).

We train algorithms like RandomForest, XGBoost, and
LightGBM with all features. We then superimpose the
significant features of each algorithm. Within the 50 most
important features of each algorithm, if it is also the
important feature of the rest of the algorithms, we add the
most important feature.

Once we have found those important features, we’ll
retrain them with basic Machine Learning algorithms to
evaluate accuracy of IoT devices classification.

Based on Formula (1), we utilize the ” importances ”
function in the libraries to conduct experiments as described
earlier. As a result, we got 12 features, as shown in Table
I.

5. Data Collection and Pre-processing

To be able to distinguish traditional network traffic and
SDN network traffic. We collect network traffic data of
traditional networks and SDN networks. We use Wireshark
to capture packets exchanged in the experimental network.

To do this, we built an experimental system. We use
docker to create a traditional network. This network consists
of 10 clients and 3 servers. Similarly, in SDN we use

Mininet and Ryu controller to build an equivalent network
of 10 clients and 3 servers.

Then, we collect the data in turn of the networks. We let
the devices in the traditional network communicate with
each other and used Wireshark4 to capture the packets it
exchanged and label them as “0”. Next, we let the devices
in the SDN communicate with each other and also use
Wireshark to capture those packets and label them as “1”.

In order to be able to use this data to classify traditional
networks and SDN networks. We need to clean the data
first. The collected data will include a lot of “NaN” data
fields. We need to get rid of them. For example, the
problem we are solving is based on IPv4 data fields, so
the information in the network related to IPv6 will be
corrupted. We need to remove the records with IPv6 data
fields away.

In general, most of our experiments are built on a rela-
tively small network model. The allocation of IP addresses
to devices in network models is relatively limited. When
the number of IP addresses allocated in the network is
relatively small, the IP address data collection that exists in
the training dataset is also relatively small. This causes the
model during training to be biased. It will default when it
sees IP address A as the traditional network. Otherwise, it
will default when it sees IP address B as SDN. To solve this
problem, we can do it in two ways. We can build a large
enough network with a large enough number of source and
destination IP addresses to avoid this problem. The above is
only suitable for large systems, we do not recommend it for
small experimental systems. Another simpler way, we can
remove the source IP and destination IP address features to
train the model. Based on our preprocess, the bias of small
dataset can be avoided.

IV. RESULTS AND COMPARISON

1. Experimental environment

Our experimental environment is on a PC with the
following configuration: Intel i7-10700f CPU, 32 GB RAM,
and 16GB VRAM RTX A4000 VGA card. We choose
Python language and jupyter notebook platform to per-
form the experiments. When we train the model, we use
Python version 3.6.13, sci-kit learn 0.24.2, TensorFlow
2.6.2, Numpy 1.19.2, pandas 1.1.5, and some other tools
to analyze and train the model in the experiment.

In this paper, we use some popular Machine learning
algorithms for testing such as Random Forest (RF), XG-
Boost (XGB), LightGBM (LGBM), and some others. They
require the use of relatively different libraries. RF belongs

4https://www.wireshark.org/
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to sci-kit learn library, XGB belongs to XGBoost library5

and LGBM belongs to Lightgbm library6.

2. Dataset preparation

In this section, we provide a description of the dataset
utilized for training our Machine Learning algorithms. We
employed the InSDN dataset [8], which was created in
2020. This dataset is notably extensive and encompasses
a wide range of SDN network data. It incorporates data
related to diverse types of attacks, including DoS, DDoS,
Web-attacks, and numerous other attack types. The dataset
contains a total of 343889 distinct records of network traffic
in SDN. It comprises 84 columns, with 83 columns repre-
senting various network features, and 1 column indicating
the label. Among the different types of attacks, Probe
attacks make up the majority with 98129 records, while
U2R attackers have the smallest representation, comprising
only 17 records.

It is evident that the dataset is significantly imbalanced,
with a substantial difference in the number of records be-
tween different labels. To address this issue, we employ the
SMOTE method with over-sampling. By utilizing SMOTE,
we successfully generate synthetic samples and achieve a
balanced dataset, as depicted in Fig. 3. That is the first
training dataset in our experiment.

In the second training dataset, we use the selected
features. To select these features, we used all the features
of the dataset to train with machine learning algorithms
such as Random Forest, XGBoost, and LightGBM. After
training, we obtain the order of important features for each
algorithm. Within the 50 most important features of each
algorithm, we superimpose each other to obtain the most
important features. This method has been described in the
section III.4.

We then obtain a list of features that fall within the 50
most important features of each algorithm. This list includes
12 features which is shown in Table I.

3. Result of ML application in intrusion detection

In this section, we do experiment with two training
datasets. These two data sets are the result of our two
different experimental directions. Both datasets we created
for the experiment are based on the original data set,
InSDN. For the first experiment, we used an incremental
dataset. In the second experiment, we use the dataset after
the important features have been extracted based on our
proposed method.

5https://xgboost.readthedocs.io/
6https://lightgbm.readthedocs.io/

Figure 4. Topology of SDN

TABLE I
LIST OF IMPORTANT FEATURES

Ft/Algo XGBoost LightGBM RandomForest
Bwd Pkts/s 0.179 425 0.039

Dst Port 0.073 987 0.052
Bwd Header Len 0.067 110 0.015

Timestamp 0.046 1753 0.093
Src IP 0.034 1470 0.048

Init Bwd Win Byts 0.027 351 0.061
Flow ID 0.014 1715 0.038
Dst IP 0.006 564 0.031

Src Port 0.005 892 0.035
Flow IAT Min 0.001 394 0.025

Fwd Pkts/s 0.0006 302 0.027
Flow Duration 0.0002 822 0.029

We tested in turn with algorithms such as Decision Tree,
Random Forest, XGBoost, Logistic Regression, and Light-
GBM. First, we do experiment with the original dataset.
Then, we implement experiment with the balanced and
enriched dataset. Finally, we evaluate with the dataset after
having extracted the important features.

Table II presents a comparison of the results before
and after applying the data balancing method. The initial
dataset was unbalanced, leading to low values for evalu-
ation metrics such as F1-score. Furthermore, there were
noticeable differences between the performance indexes.
However, after applying the data balancing method, sig-
nificant improvements are observed in our experimental
results. The F1-score shows substantial enhancement. This
indicates that balancing the data has positively impacted the
performance of the model, resulting in improved accuracy
and effectiveness in the classification task.

The algorithm for the highest accuracy is Random For-
est with accuracy up to 99.95%. However, the XGBoost
algorithm has the largest Recall and F1-scores at 99.90%
and 99.86%, respectively. This index reflects the learning
level of the model with the unbalanced dataset. With
the current stats showing, the XGBoost algorithm with
augmented dataset (XGBoost + Aug) is superior compared
with another ML methods. The details of experimental
results are shown in Table II.
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Figure 5. Scores of The Methods

TABLE II
RESULTS USING THE METHODS

Method Accuracy Precision Recall F1-score
Decision Tree 0.9755 0.9311 0.9457 0.9398
Random Forest 0.9915 0.9604 0.9815 0.9704
XGBoost 0.9833 0.9645 0.9890 0.9835
Logistic Regres-
sion

0.6755 0.5545 0.6208 0.6932

LightGBM 0.8156 0.7839 0.7943 0.7108
Decision Tree +
Aug

0.9972 0.9955 0.9912 0.9983

Random Forest +
Aug

0.9995 0.9932 0.9967 0.9936

XGBoost + Aug 0.9988 0.9962 0.9990 0.9986
Logistic Regres-
sion + Aug

0.6955 0.6549 0.6188 0.6898

LightGBM +
Aug

0.9954 0.9987 0.9943 0.9981

Decision Tree +
FS

0.9785 0.9512 0.9595 0.9212

Random Forest +
FS

0.9991 0.9759 0.9863 0.9801

XGBoost + FS 0.9985 0.9789 0.9885 0.9763
Logistic Regres-
sion + FS

0.7032 0.6821 0.6501 0.6132

LightGBM + FS 0.9338 0.9402 0.9101 0.9271
InSDN[8] + Ran-
dom Forest

- 0.9942 0.9969 0.9955

NIDS-DL[16] +
CNN

0.9863 0.9845 0.9898 0.9872

As shown in Table II, the accuracy of algorithms such
as Random Forest, and CNN on datasets like InSDN[8] and
NIDS-DL[16] is relatively high. However, algorithms such
as Random Forest, XGBoost, and LightGBM improved
performance when combined with augmented datasets.

In addition, our Features Selection (FS) method gives less
accurate results than the data enrichment method. However,
after applying the FS method, the model training time is

TABLE III
TRAINING TIME AND FILE SIZE WITH FS

Method Accuracy Training time File size
Random Forest 99.15 1m16s 4.9mb

Xgboost 98.33 5m59s 821.3kb
LightGBM 81.56 35.5s 2.1mb

Random Forest + FS 99.91 48.8s 2.3mb
Xgboost + FS 99.85 1m14s 815.1kb

LightGBM + FS 93.38 15.7s 2.0mb

TABLE IV
RESULTS USING ML FOR SDN DETECTION

Method Accuracy Precision Recall F1-score
Decision Tree 0.9935 0.9201 0.9655 0.9638

Random Forest 0.9951 0.9356 0.9832 0.9614
XGBoost 0.9973 0.9745 0.9830 0.9795

Logistic Regression 0.9765 0.9641 0.9608 0.9432
LightGBM 0.9906 0.9539 0.9747 0.9632

significantly reduced and the model weight is also reduced
relatively. It implies that our FS method is effective for
feature selection from many less efficient features.

Table III shows that after applying FS method, the
training time and file size of the model after training are
greatly reduced. There is a slight increase in the accuracy
of the model compared to using the original data set. The
file size of the Random forest algorithm is halved.

4. SDN Detection

In this section, we explain the results of traditional
network and SDN detection based on network traffic. With
the dataset collected in both types of networks, we proceed
to process, label and train the model.

The dataset we collected includes 91489 rows and 35
columns. After preprocessing the data, we removed 2
columns, so the training data remained 33 columns. The
two columns of data that we leave out are ip.src and ip.dst.
As we explained above, because our dataset is small, it is
necessary to remove the source and destination IP addresses
to avoid the bias of experimental results.

With the collected data set as described above, we train
the model to detect SDN. The algorithms we tested cover
the basics of Machine Learning. Our experiment works
on algorithms like Decision Tree, Random Forest, and
XGBoost. With our dataset, when testing with the above
basic algorithms, the results are significantly improved.

The dataset we collected has not yet resolved the imbal-
ance problem, so the results still have a difference between
F1-score and Accuracy. Table IV shows that when using
ML, we can be completely possible to detect SDN. The
above results are also very positive and have potential for
real development.
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TABLE V
SYSTEM RESPONSE TIME

Method max avg min
Non-LB 23.8ms 13.2ms 0.5ms
LB-RR 13.8ms 7.2ms 0.4 ms

LB-WRR 15.3ms 7.5ms 0.51ms

5. Evaluation of SDN system with load balancing

In this section, we have successfully constructed a basic
SDN network using the Mininet network emulator and
the Ryu controller. Building a simple SDN network is
straightforward with these tools. For our setup, we opted
for the simplest network topology, which is a star topology.
The network architecture includes 10 clients, 3 web servers,
1 switch, and 1 controller. This configuration allows for the
evaluation and testing of SDN functionalities and applica-
tions within a controlled environment.

Setup three web servers to open port 80 providing HTTP
services. With the web server installed as Apache. Program
the Ryu controller to test all 3 cases: Non-Load Balancing,
Load Balancing with Round Robin, and Load Balancing
with Weight Round Robin. With Weight Round Robin we
set the weights for servers 1,2,3 to be 1,3,5, respectively.

In order to evaluate the response time of the system, we
conducted experiments using three different network con-
figurations. The network topology was set up as depicted in
Fig. 4, utilizing Mininet and the Ryu controller. For the load
balancing experiment, we programmed the Ryu controller
to manage the traffic distribution among the servers. In
the Round Robin algorithm case, equal weights of 1 were
assigned to all servers. In the Weight Round Robin scenario,
the weights were set as 1, 3, and 5 for servers 1, 2, and 3
respectively. Through these experiments, we measured and
analyzed the response time of the system under different
load balancing strategies.

We can see the response time is extremely small. The
response time of the system with load balancing is compar-
atively much better than the system without load balancing.
In particular, the Round Robin algorithm proved to be
superior when there were significantly better coefficients.
The fastest response time was 0.4 ms and the longest was
23.8 ms.

V. CONCLUSIONS

SDN is a relatively new and highly applicable field.
However, it also has many potential security problems when
centralizing control in the controller. The study of network
intrusion detection methods is extremely necessary for the
system.

In this paper, we have proposed a method to build
IDS based on ML using network traffic. Our results are
relatively good and can be deployed into real systems.
We also propose methods to solve the problem of data
imbalance. In addition, we also found the features with
the best classification. The detection of SDN traffic has
also been demonstrated by us. Finally, we also evaluate the
performance of the SDN network with the load balancing
system and without the load balancing system.

In the future, we will continue to develop our research.
We will study and apply Deep Learning models to the
problem. Test the actual implementation of the model on a
given company.
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Abstract: The goal of this research is to enhance the capa-
bility of image retrieval systems to understand images more
effectively. We present a model designed for searching human
objects (such as pedestrians or persons) within expansive
image datasets. Our unique approach involves developing an
image retrieval system that incorporates attribute learning
and the Human Attribute Ontology (HAO). This research
offers several key contributions: (1) The development of the
Human Attribute Ontology (HAO) which serves as a repos-
itory for storing prior knowledge about images. Thanks to
its hierarchical structure, this ontology facilitates the reuse of
prior knowledge, optimizing the subsequent stages of attribute
learning and image retrieval; (2) The implementation of a
Convolutional Neural Network (CNN) to spearhead attribute
learning, leveraging the HAO to enhance accuracy; (3) The
creation of a Human Image Retrieval system that utilizes both
attribute learning and the HAO. Our system delves deeper
by understanding images at the attribute level, highlighting
the advantages of harnessing the ontology to reuse existing
knowledge. The efficacy of our methodology is validated
through experiments on benchmark datasets like PETA and
Pa100k achieving state-of-the-art results.

Keywords: Image Retrieval, Object Retrieval, Human Attribute
Ontology, Attribute Learning, Deep Learning, Deep feature learn-
ing.

I. INTRODUCTION

Image retrieval (IR) is a useful application for people in
many aspects from daily life to special business. Studies
about IR have been developed in methods for retrieval
systems with more and more variety and popularity. Human
image retrieval (HR) has an important role in surveillance
and security [1, 2]. Recently, the approaches for building
person retrieval systems are popular such as part-based
[3, 4], graph-based [5–7], attribute-based [8–13], and text-

based [14, 15], and used deep learning models [16] for
feature extraction or fine-tuning models from famous CNNs
such as ResNet [17], VGG [14], and EfficientNet [18]. In
the semantic image approach, models have used ontology
[19] for building retrieval systems, such as facial attribute
retrieval with FAO (face attribute ontology) [20], and Bio-
FAO (Bio-inspired Facial Aesthetic Ontology)[21].

Human image retrieval systems have met some chal-
lenges in images such as motion blur, occlusion, pose,
camera angles, lighting conditions, and other kinds of
image degradation.

Recently, with The Industry Revolution 4.0, intelligent
products have been developed for society’s demand. It is
also a big challenge. How to solve the challenges is a
difficult question.

Using attribute recognition for image retrieval will help
the retrieval be more intelligent because it could find out
attributes of objects in images instead of looking at objects
only. For example, finding a person with the attribute “red
shirt”, the recognition will help the retrieval can detect the
attribute “red shirt” instead of the shirt only.

Ontology is a tool to represent knowledge for sharing
and reusing [17]. Using ontology for organizing and storing
prior knowledge of images will help image retrieval systems
at the semantic level. With the information on images
in ontology, we can gain relevant information on images
such as attributes of objects, relations between objects and
objects as intra-relations, and attributes and objects as inter-
relations. On the other hand, ontology supports the reuse
of prior knowledge without learning (training and testing)
or re-learning by relations in ontology.

In this paper, we try to build an HR by using three main
tasks: (1) Designing the HAO for organizing and storing
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prior knowledge of images, (2) proposing a new Attribute
Learning method based on HAO, and (3) building a human
image retrieval based on attribute learning and HAO. The
model has solved some challenges in image understanding
and closed the gap in image semantics as follows: First,
improving attribute learning to increase accuracy and more
intelligence for the retrieval system. Second, building the
HAO to support attribute learning and reusing prior knowl-
edge, more understanding of images at the semantic level,
and effective performance for the retrieval system.

In short, our contribution to this topic is as follows:

• Building a new ontology named: Human Attribute On-
tology (HAO) for organizing and storing information
of human object attributes.

• Proposing an Attribute Learning method based on deep
neural network and HAO.

• Building a new human attribute retrieval system based
on HAO and Attribute Learning.

• The results of the proposal gained good results on the
benchmark datasets PETA, and Pa100k.

II. RELATED WORKS

1. Deep Attribute Learning

Visual attributes are generally defined as mid-level se-
mantic visual concepts [22] between low-level features
and high-level semantics of images. Attribute learning has
an important role in supporting image understanding in a
fine-grained approach. In the traditional approach, studies
used hand-crafted feature SIFT, HOG for feature extraction
and SVM for attribute learning. For example, instead of
searching for zebras, it is easier to find a black and white
striped pattern [23] or to find a spotted dog is replaced by
looking for a black dot pattern [24]. Popular works about
attribute learning are in [5, 6, 25, 26], attribute learning
for face retrieval of [27], Relative Attributes learning [28].
Recently, most studies have used deep learning to improve
the accuracy of attribute learning. Many works about object
attributes are studied and developed for building effective
applications such as person attributes, Face attributes [29–
31], vehicle attributes [32], and fashion attributes [27].

In human attributes learning, most studies use transfer
learning of famous neural networks, such as VGG, ResNet,
etc for feature extraction. After the feature extraction step,
the feature vector will be input for the attribute learning
method, such as SVM, Bayesian, or other Neural Networks.
At the end of the attribute learning step, an attribute vector
is returned with a one-hot type vector or list of scores
on each attribute. Some popular studies in person attribute
learning [33–43].

In [44], Yuxuan Shi et al. (2020) proposed an appearance
attribute model named “Attribute Mining and Reasoning”
(AMR) for person retrieval by using CNN and Graph Con-
volution to build two components: ALE (Attribute Attribute
Localization Ensemble) and AR (Attribute Reasoning).

In [15], Chiat-Pin Tay et al. proposed an Attribute
Attention Network (AANet) by using ResNet-50 architec-
ture. The AANet consists of a global person ID task, a
part detection task, and a crucial attribute detection task.
Focused attributes are the six attributes such as hair, upper
clothing color, lower clothing color, etc.

In [45], Jingya Wang et al. (2018) used encoder-decoder
to build a Transferable Joint Attribute-Identity Deep Learn-
ing (TJ-AIDL) for simultaneously learning an attribute-
semantic for reID and gained the state-of-the-art methods
on four challenging benchmarks including VIPeR, PRID,
Market-1501, and DukeMTMC.

In [46], Yifang Men et al. (2020) used GAN for person
attribute learning and reID with attribute pose, head, upper
clothes, and pants.

In [10], the authors proposed a Person re-identification
(re-ID) and attribute recognition to share a common target
for learning pedestrian descriptions. They used two steps
in the model: (1) feature extraction step and (2) classifier
step by building a multi-task attribute-person recognition
(ARN)network using Resnet50 for feature extraction and
classifier block with linear transform and sigmoid. The
result of attribute learning is to return a one-hot attribute
vector for each image.

In [40], the authors used EfficientNet for attribute learn-
ing based on the human part and feature pyramid structure
in video surveillance to gain good results in datasets PETA,
RAP, and PA-100k.

In [47], authors Yiqiang Chen et al. proposed a pedestrian
attribute recognition such as gender, clothing, or hair by
combining deep features (feature extraction from CNN) and
handcrafted features Local Maximal Occurrence (LOMO)
and part-based learning to model attribute patterns related
to different body parts. Their experiments achieved state-
of-the-art results on PETA, ApiS, and VIPeR datasets.

In [48], authors Xiangpeng Song et al. used GCN to
build a pedestrian attribute recognition model and gained
the state-of-the-art on the RAP dataset.

In [42], Zichang Tan et al. used GCN to build a new
end-to-end network, named Joint Learning of Attribute and
Contextual Relations (JLAC) for pedestrian attribute recog-
nition with two modules (1) an attribute graph Attribute
Relation Module (ARM) and (2) Contextual Relation Mod-
ule (CRM) to explore the contextual relations among those
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regions. the experiments on PA-100K, RAP, and PETA
attribute datasets gained good results.

In [5], to exploit the inter-local relation and the intra-
local relation among parts from different images for per-
son re-identification (Re-ID), they proposed a novel deep
graph model named Heterogeneous Local Graph Attention
Networks (HLGAT). The model demonstrated effective-
ness and gained state-of-the-art on Market-1501, CUHK03,
DukeMTMC-reID, and MSMT17.

In [49], Qi Dong et al. proposed an Attribute-Image
Hierarchical Matching (AIHM) model for attribute learning
and retrieval with text query input. They used zero-shot
learning and deep Multitask learning (MTL) for the system
and gained good results on benchmark datasets PA100K,
Market1501, and DukeMTMC.

Sarafianos et al. [50] focused on visual attributes of
people such as backpack, hat, gender, height, and clothing
to propose a method by combining multi-task learning
and curriculum learning for attribute classification to try
to transfer knowledge from a strong group to a weakly
correlated group. Their experiments gained state-of-the-art
on PETA and WIDER datasets.

In [51], Shengyu Pei et al. suggested a multitask model
for person re-identification based on attributes. They used
ResNet for the feature extraction performance. After us-
ing generalized mean pooling for feature aggregation, the
identity-based and attribute-based double-stream network
modules pay attention to the relationship between identi-
ties and pedestrian features, and the relationship between
attributes and pedestrian features, to fully activate the rela-
tionship between pedestrian attributes and identities. Their
experiments are on datasets Market-1501 and DukeMTMC-
reID and gained good results to prove the effectiveness of
the method.

In [52], authors Ngoc Q. Ly et al. suggested a deep
attribute learning for Object retrieval based on object ontol-
ogy, and deep neural network. With improving imbalanced
data and multitask learning, the model gained state-of-the-
art on the DeepFashion dataset.

In this paper, we followed [52] to build human attribute
learning based on HAO and deep learning. We tried to use
transfer learning for feature extraction by using a CNN
EfficientNet [18] for the feature extraction step and with
the support of HAO and a linear classifier, our attribute
learning model gained some state-of-the-art on PETA and
PA100k datasets.

2. Image retrieval based on attribute learning

The image retrieval system tries to find candidates that
are similar to the image input (query). In the traditional

model, most studies used the similarity of feature vectors
of candidate images and query images to collect results.
Recently, to improve the accuracy of the image retrieval
system, studies built image retrieval systems based on
attribute learning of objects in images. It is the fine-grained
approach to make the retrieval more intelligent than the old
system. Because it could recognize attributes of objects and
retrieve the attributes, instead of comparing feature vectors
in low-level with blind semantics of images. Using deep
learning for building attribute learning in retrieval systems
is a robust step.

Recently, Person Re-Identification based on attribute
learning has developed progress. Some popular works that
used deep learning for attribute learning in Person Re-ID
are [17, 44, 45]. In [12], Yutian Lin et al. (2019) built
a person re-identification and attribute recognition share a
common target for learning pedestrian descriptions. They
proposed an attribute-person recognition (APR) network
and achieved the state-of-the-art on Market-1501.

The authors in [53] proposed SAL (Symbiotic Adversar-
ial Learn) by using two GANs to build the model of person
search and gained high results in the PETA and Market1501
datasets. In [35], the authors proposed the UPAR to unique
the pedestrian attribute recognition and person search. They
used ConvNeXt [54] to build Attribute recognition and
build person search based on attributes, and gained state-
of-the-art on four datasets Market1501, Peta, Pa100k, and
Rapv2.

• Text-based query for Image Retrieval

Most image retrieval uses image query. Some previous
works admit using text query for image retrieval without
the caption of images by annotation.

In [55], Zhe Wang et al. built a person search named
ViTAA(Visual-Textual Attributes Alignment) by natural
language. They tried to match specific attribute phrases
to the corresponding visual regions with attribute learning
support. The model achieved state-of-the-art performances.

In [49] Qi Dong et al. proposed a person search method
using a text attribute query. They built an Attribute-
Image Hierarchical Matching (AIHM) model to match
text attribute descriptions with noisy surveillance person
images by jointly learning global category-level and local
attribute-level textual-visual embedding as well as match-
ing. The AIHM model gained state-of-the-art on Market-
1501, DukeMTMC, and PA100K datasets.

In [56], Tinghuai Ma et al. proposed a novel Dual-path
CNN with MaxGatedblock(DCMG) for text-based person
re-identification. The model is based on two deep residual
CNNs and gained state-of-the-art on the CUHK-PEDES
dataset.
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In [57], Sijin Wang et al. built an Image-text retrieval of
natural scenes by using graph matching. Focusing on two
kinds of visual concepts, objects, and their relationships,
they proposed to represent image and text with two kinds
of scene graphs: visual scene graph (VSG) and textual scene
graph (TSG). The model achieved state-of-the-art results on
Flickr30k and MS COCO.

In [58], the authors proposed ASMR (Adaptive Semantic
Margin Regularizer) for Attribute-based person search by
building a network with a special loss function in embed-
ding space of images and semantics of images as attributes
or person categories. The study gained high results on
datasets PETA, PA100k, and Market-1501.

3. Image retrieval based on attribute learning and
ontology

Ontology is a tool to represent knowledge for sharing and
reusing [19]. Especially. It is useful to support the semantics
of images in building applications for image retrieval image
interpretation [52, 59–62]. In attribute learning, ontology
supports building the hierarchical semantic tree for facial
attributes [20, 63, 64]. In [63], Garcıa-Rojas et al. built
an ontology for facial representation for emotional face ex-
pression profiles. Combining deep imbalanced data learning
and ontology, Hung M Nguyen et al. [20] proposed a facial
attribute ontology (FAO) for attribute learning and achieved
high accuracy with 40 facial attributes on CelebA and
LFWA datasets. Focusing on aesthetics, Mingliang Xu et
al. [21] suggested Bio-FAO (Bio-inspired Facial Aesthetic
Ontology) and combined it with CNN to predict facial
aesthetics. Using fuzzy reasoning, Renan Contreras et al.
[63] proposed an emotion recognition method based on
ontology. In [52], authors Ngoc Q. Ly et al. proposed an
attribute learning model based on ontology and attribute
learning for person re-identification on the Market-1501
dataset and object retrieval on the DeepFashion dataset.

In our paper, we used deep learning and ontology to build
an image retrieval based on attributes. By combining deep
learning and ontology, our image retrieval has increased
accuracy and effectiveness. In the next part, we will show
the design of Human Attribute Ontology in section III, the
attribute learning in section IV, the human image retrieval
in section V, the experiments in section VI and results in
section VII, and the conclusion in section VIII.

III. HUMAN ATTRIBUTE ONTOLOGY

In this paper, we propose a novel ontology named Human
Attribute Ontology (HAO) that facilitates the organization
and storage of knowledge related to human objects in the
real world.

Figure 1: HAO with Hierarchical concepts in general

We utilize attribute learning and ontology to construct
a human retrieval system operating at the attribute level.
The ontology plays a crucial role in facilitating both the
attribute learning stage and the retrieval stage. The reason
for using ontology in the retrieval system is to (1) Reuse
prior knowledge by rules and hierarchy in the ontology will
support the attribute learning step; (2) Decrease the gap
between the semantics of images from low-level features
and high-level semantics of images, the ontology is to
connect concrete images in the real world to the semantics
of images in the ontology.

1. Ontology definition

Our HAO has five components with (C, P, Re, Ru, I):

• C (Concepts): They include names of objects, parts of
objects, and attributes of objects. An example of the
hierarchy of concepts is represented in the Figure 1
and Figure 2

• P (Properties): Each concept has a set of properties for
describing itself.

• Re (Relations): A set of relationships of the concepts.
• Ru (Rules): A set of rules for reasoning concepts in

the system.
• I (Instances): A set of Images with objects represented

knowledge in HAO.

There are some definitions for constraining between
concepts in the HAO:

• Definition 1: Each object has one part or some parts
that are made in the object. The whole part is the
biggest part of the object. One object has one whole
part. For example, a human object has head part, top
part, bottom part, foot part and whole part.

• Definition 2: Each part has one or many objects inside
the part and is called PartObject. Each part may be
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Figure 2: An example of hierarchical concepts in HAO

included null PartObject. For example, the top part of
the person has a shirt object; the head part has a hat
object.

• Definition 3: Each part has some attributes from itself
or attributes of PartObjects in the part. And then
each object has some attributes from its Parts and
PartObjects.

• Definition 4: Each attribute belongs to one attribute
group. For example, Asian is in the race group, and
yellow skin is in the physical appearance group.

• Definition 5: There are two types of attributes, they are
(1) Common type (also called visual concept type or
general type) such as color, shape, texture, and size; (2)
Specific type for character of each object. For example,
a person object has a specific type: emotion, race, age,
and gender. Fashion objects include material, office
clothing, and party clothing.

• Definition 6: Visual concepts such as color, shape, and
texture have a role in describing objects and attributes,
they are in properties P of HAO.

2. An example of HAO

In this paper, we focused on human objects and human
attributes to build HAO. We collect concepts about humans
and relevant concepts about humans to build the ontology.

a) Concepts

Example of concepts of human objects and its hierarchy
in Figure 1, Figure 2, Table I, Table II

b) Relations

There are relations between concepts of human object in
the Table III.

c) Rules

A Rule has the following form:

𝐼𝑛𝑝𝑢𝑡
Condition−−−−−−−→ 𝑂𝑢𝑡𝑝𝑢𝑡

Each rule is defined by a tuple:

(𝐼𝑛𝑝𝑢𝑡𝑠, 𝑂𝑢𝑡𝑝𝑢𝑡𝑠, 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑠).

TABLE I: CONCEPTS: OBJECTS AND PARTS.

Concepts Type/Description Context

Person Object Person

Fashion Object Fashion

Face Object Person

Shirt Object Person, Fashion

Pant Object Person, Fashion

Hat Object Person, Fashion

Head Part of Person Person

Top Part of Person Person

bottom Part of Person Person

Foot Part of Person Person

body Part of Person Person

wholepart Part of Person Person

TABLE II: CONCEPTS: ATTRIBUTES.

Attributes Objects Parts Visual concepts Groups

Blue jean Person bottom Color Fashion

Tall Person Whole Size Height

Short Person Whole Size Height

Thin Person Whole Size Body type

Fat Person Whole Size Body type

Bright skin Person Whole Color Complex

Straight hair Person Head Texture Hair style

Example rule: ”smile”→ ”happy” with null condition
with a tuple (”smile”, ”happy”, null), l̈ong hair” → ”fe-
male” with rate=90% with a tuple ”long hair”, ”female”,
rate=0.9). default of rate=1.0. Part= ”top” and color= ”red”
→ ”upred”.

There are some rules in the HAO as follows in the Table
IV. Our HAO gains some characteristics in the standard
of ontology: systematic, flexible, and extensible. With the
knowledge in HAO, it can support some functions as
follows:

• Support semantics of images by concepts hierarchy in
HAO

• Support reasoning by rules in HAO to gain new
knowledge without learning.

• Reuse prior knowledge: How many attributes are for
training?

In this paper, we use HAO for support attribute learning
in the following functions: (1) Support attribute training
and matching for decreasing time and data space search At-
tribute for fine-grained learning, representation, and search-
ing. (3) in the retrieval stage, HAO helps with preprocessing
queries and reranking results of the retrieval system.

In the next section, we present the Attribute Learning
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Figure 3: An example of HAO

TABLE III: Relations.

Relations Examples

Is-a Person ”is-a” object
(sub-object and parent-object)

Has-a Person “has-a” Face

Part-of Head “part-of” Person (component)

Group-of
Black hair “group-of” black color,

physical appearance, Asian race, Black hair
“belong-to” physical appearance

Same-as black skin “same-as” Dark skin,
boy same-as male

Belong-to
Red “belong-to” Color, Color “has-a” red,

Attribute “belong-to” part, Part ”belong-to” object,
Attribute “belong-to” attribute-group

TABLE IV: RULES.

Rule ID Input Output Condition

R1 Smile Happy Null

R2 Long hair female Rate=0.9

R3 Mustache Male

R4 Bushy Beard Male

R5 Red dress Young girl Rate=0.9

R6 Veston Formal

R7 backpack young style

method that used deep learning and HAO support to im-
prove accuracy of the human attribute recognition.

IV. ATTRIBUTE LEARNING

Attributes are a mid-level between the low-level feature
to the high-level semantics of images [9]. In our system,
Attribute Learning (AL) is a very important module for the
representation of images. It is a middle step for the retrieval
system to transform from a raw image to an attribute vector

Figure 4: Attribute learning model in general

(shown in Fig. 4), that is conveying important information
about the image at the semantic level to improve the image
understanding capacity of the retrieval system.

The results of attribute learning help our retrieval to
recognize images based on attributes. It shows some ad-
vantages: (1) the system is a fine-grained approach, can
understand the image in detail and then increase accuracy,
and (2) the system is more intelligent because it can retrieve
on attributes of the object instead of based on low-level
features in traditional ways or the whole object only.

In formal statements of attribute learning as follows:
Let 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑁 }, a set of images of the dataset, N
is the number of the images.
Let 𝐴 = {𝑎1, 𝑎2, . . . , 𝑎𝑀 }, a set of M attribute labels of the
system. Let 𝑌 = {𝑦1, 𝑦2, . . . , 𝑦𝑁 }, a set of attribute labels
of images, 𝑦𝑖 is a binary vector that indicates the presence
with 1 and absence with 0 of a particular attribute in the
image (img), 𝑦𝑖 ∈ {0, 1}𝑚, 𝑦𝑖 = {𝑦𝑖,1, 𝑦𝑖,2, . . . , 𝑦𝑖,𝑀 ), with:

𝑦𝑖, 𝑗 =

{
1 if attribute 𝑗 𝑡ℎ

(
𝑎 𝑗
)

presents in img 𝑖𝑡ℎ

0 otherwise.
(1)

Our method consisted of three main steps. They are (1)
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Figure 5: EfficientNet [65]

feature extraction, (2) Partition, and (3) classification step:

• Feature Extraction (FE)

In the FE step, we used EfficientNetB5 [65] for extracting
a feature vector length of 2048. With HAO knowledge,
we separate the feature vector into parts of the object that
are declared in the ontology and collect the attribute list
of each part, meaning which attributes are in which part,
and then input them to the next step which is the attribute
classification step.

EfficientNet [65] is the CNN, that used a technique of
scaling up width, and depth to build the model. The authors
of EfficientNet developed seven models, named B1 to B7.
In the topic, we used EfficientNet-B5 for attribute learning
in the feature extraction step with a 2048-length of the
feature vectors.

• Part-based attribute learning: Connecting HAO and AL

We build AL based on the part objects with the support
of ontology HAO. With the support of HAO, our attribute
learning approach is based on parts of the object. From
the part information of object in HAO, we get the part
information and divide the image object into a number of
parts corresponding to the part of the object in HAO. For
example, with human object, there are five parts of the
human object, they are head part, top part, bottom part,
foot part, and whole part.

With each part, we get the list of attributes of the part
and input them for the training. For example, with the top
part, there are attributes in the top part such as shirt and
attributes of shirt: red shirt, black shirt, . . . With part and
attribute in part gained from the HAO, they are input for
the training in the next step.

Part-based attribute learning will be effective: (1) to
decrease the cost for the training instead of training on
the whole part; (2) Each attribute will be determined by
a part of an object to avoid training with attributes and
parts are not relevant; (3) attributes are grouped on part
and hierarchy, then it is not the same level difference from
attribute 1 to attribute m make a list for input training.

After the partition step, the next step is the training step
for attribute classification.

• Attribute classification

In the classification step, we adopted the attribute learn-
ing model [12] as a multi-label classification task also
multiple binary classifiers with Binary Cross-Entropy loss,
SGD optimization, and sigmoid function for the probability
of the result attribute vector are used. The loss function of
the step is as follows:

𝐿𝐶𝐿𝑆 =
1
𝑁

𝑁∑︁
𝑖=1

𝑀∑︁
𝑗=1

𝜔 𝑗 (𝑦𝑖, 𝑗 log(𝜎(𝑝𝑖, 𝑗 ))

+(1 − 𝑦𝑖, 𝑗 ) log(1 − 𝜎(𝑝𝑖, 𝑗 )))

(2)

With
𝜎(𝑧) = 1

1 + 𝑒−𝑧

and 𝑝𝑖, 𝑗 is the output of the classifier layer, and 𝜔 𝑗 adopted
from [12] for imbalanced data between attributes with the
formula (3):

𝜔 𝑗 =

{
𝑒1−𝑟 𝑗 ,𝑦𝑖, 𝑗 = 1
𝑒𝑟 𝑗 ,𝑦𝑖, 𝑗 = 0

(3)

With 𝑟 𝑗 is the positive sample ratio of 𝑗 𝑡ℎ attribute in the
training set.

• Multitask learning: Connecting HAO and AL

Multitask Learning (MTL) is an advanced machine learn-
ing technique to improve performance [66] by sharing
common data and combining related tasks to train together.
There are two stages in the MTL, the shared stage and the
separate stage.

In multi-task learning, We build MTL for attribute learn-
ing with two stages: a shared stage and a separate stage. In
the shared stage, we used a CNN (EfficientNet) for feature
extraction of images. After that, the feature map of the
previous step will be partitioned into parts (Head, Top,
Bottom, Foot) corresponding to parts of human information
in HAO (shown in Figure 6). The feature vector of each
part will be input into the next step. In the separate stage,
we build attribute classifiers of attributes following attribute
groups (gender, race, . . . ) corresponding to attribute groups
and attribute lists on each part of human information in
HAO. A summary of MTL of attribute learning on the Head
part is shown in Figure 7.

• Loss function

Loss function in the attribute learning stage includes loss
of FE and loss of classification, as shown in formula (4).

𝐿𝐴𝐿 = 𝐿𝐹𝐸 + 𝐿𝐶𝐿𝑆 (4)
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Figure 6: Attribute learning model in Detail

Figure 7: A summary MTL of AL on Head part

With 𝐿𝐹𝐸 is the loss of feature extraction method, 𝐿𝐶𝐿𝑆

is the loss of classification. In the next section, we will
present the retrieval system that the main task of the topic.

V. HUMAN IMAGE RETRIEVAL BASED ON
ONTOLOGY AND ATTRIBUTE LEARNING

In this section, we present our human image retrieval
system based on HAO and AL. The system comprises two
stages: the offline stage and the online stage. The offline
stage includes steps: the attribute learning and collecting
attribute vectors of the dataset and saving them to the
attribute vector database. The online stage has two steps: (1)
Query set and gallery set, and (2) searching with matching,

filtering and Ranking for the results of the retrieval. The
model of the retrieval is shown in Figure 8.

• Query set and gallery set

In the offline stage, after the training step, we collected
the parameters of the model and computed attribute vectors
of images in the test set. The attribute vectors will be stored
in the attribute vectors database. We divided the test set into
query set 𝑄 and gallery set 𝐺 that satisfies: 𝑄 ∩𝐺=∅ With
an image query input 𝑞 ∈ 𝑄, we used the attribute learning
model to infer the attribute vector of the query: aq. It is also
in the attribute vector database if the query is in the test set.
After gaining the attribute vector of query, we used it as
input for the next step which is the matching and filtering
step.

• Searching: Matching and filtering

In the step, from the attribute vector of the query in the
previous step, we input it into the matching and filtering
module by comparing the attribute vectors in the attribute
vector database in the offline stage. We used the 𝐿2 mea-
surement for comparing the distance of the query and the
attribute vectors of the gallery in the database, to get the top
10 smallest distances. It returns the result of the retrieval.
The search algorithm presents the method for matching and
filtering. The algorithm is presented in Algorithm. 1.

VI. EXPERIMENTS

1. System configuration and datasets

We used Google Colab Pro for experiments with the pro-
gramming language Python 3.9 with libraries such as Torch,
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Figure 8: Human retrieval system

Algorithm 1: Search Algorithm
1 Inputs: image query q, image galleries G.
2 Outputs: top-10 image results.
3 begin
4 aq=attributePredicting (q); //get attribute vector of q
5 aG=attributePredicting (G);//get attribute vectors of G
6 dis=distance(aG,aq); //computing distance attribute

vectors of aG and aq
7 candidates=argSort(dis); //sort the best candidates go

to the head list
8 result=getTopK(candidates); //get top-10 candidates
9 Return result;

10 end

TABLE V: DATASETS.

Datasets No. Img No. Atts Train set Val set Test set

PETA 19,000 35 9,500 1,900 7,600

Pa100k 100,000 26 80,000 10,000 10,000

keras, tensorflow, numpy, and OpenCV. We demonstrated
our proposed methods on a large Re-ID dataset named
PETA [67], and PA100k [36]. The PETA (PEdesTrian
Attribute) dataset contains 19,000 indoor and outdoor im-
ages with 35 attributes. The PA100k (pedestrian attributes)
dataset consists of 100,000 outdoor pedestrian images with
26 attributes. The information on datasets is shown in the
Table V.

2. Ontology building

In the experiment of building HAO, we focused on
the human knowledge domain with three relevant objects:
Person (Pedestrian), Fashion, and Face object for HAO. We
described Person object as follows the Figure 3. with parts:
head, top, bottom, foot, wholebody. Each part has a set of
attributes.

3. Attribute learning

In attribute learning, we use transfer learning Efficient-
NetB5 [65] for feature extraction by resizing the input
image to 224x224. The result of the step is to return a
feature vector of 2048 lengths (the default length of the
feature vectors of EfficientNetB5). After that, we used the
information about parts of objects in HAO to divide the
feature vector into the number of parts of objects. In each
part, we used a classifier for them. In this case, we used
a Linear classifier combining the sigmoid function of the
Torch library for classifiers. In the training step, we used
SGD optimization, Binary Entropy Loss by following the
experiment of author Yutian Lin [12]. We trained 40 epochs
and a learning rate of 10−4. We evaluate our attribute
learning with attributes to follow each dataset. The result
of AL will be shown in the next section.

Partitition is depended on the object in experiments. In
the case, without loss of generality, we divided an image
(as an object) into 4 segments lengthwise with the rate: the
head part(1/6), the top part(3/8), the bottom part(2/6), the
foot part(2/6), and the wholepart (6/6). Each part will input
to the Attribute training step.

4. Image retrieval

With the query set and gallery set, we implemented
the search algorithm (in Algorithm 1) and gained the
results. We separated into three cases for the retrieval stage
belonging to the organizing query set and gallery set as
follows Table X. In case 1, we filtered images from the test
set with each person having greater or equal 10 images, in
case 2 with each person having greater or equal 5 images,
and in case 3 with 500 random images from the test set
for query set, and the remaining images of the test set for
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gallery set. The results of the retrieval are shown in the
next section.

VII. RESULTS

1. Evaluation Metrics

In the evaluation metric, we followed the work [68] with
measurements: Mean Accuracy (mA), Accuracy (Acc),
Precision (Prec), Recall (Rec), F1-score. In which, mA is
as follows the equation (5):

𝑚𝐴 =
1

2𝑁

𝑀∑︁
𝑖=1

(
𝑇𝑃𝑖

𝑃𝑖

+ 𝑇𝑁𝑖

𝑁𝑖

)
, (5)

where 𝑁 is the number of examples and 𝑀 is the
number of attributes; 𝑃𝑖 and 𝑇𝑃𝑖 are the number of positive
examples and correctly predicted positive examples of the
𝑖𝑡ℎ attribute respectively; 𝑁𝑖 and 𝑇𝑁𝑖 are defined for neg-
ative cases. The measurements: Accuracy (Acc), Precision
(Prec), Recall (Rec), F1-score have display in [68] in detail.

In the evaluation of the retrieval system, we used the
metric Top-k with k={1, 5, 10}, and Mean Average Preci-
sion (mAP)[68]. Top-k is the true positive in fisrt k results,
it is also the rank-k accuracy.

2. Attribute learning

We compare our AL method with and without using
HAO to popular studies about attribute learning on two
datasets PETA and Pa100k. The results are shown in Table
VI and Table VII.

The results of 35 attributes on PETA and Pa100k datasets
in Table VI and Table VII were not on top 1, but they kept
sTable With the support of ontology HAO and attribute
multitask learning, the results are effective in the retrieval
stage. Besides, we evaluated 6 attributes on the PETA
dataset and gained high results in the Table VIII and Table
IX.

3. Image retrieval

we experimented on the PETA dataset with cases in the
Table X, our results in the Table XI, and compared to some
popular studies and gained high results on the PETA dataset
as follows Table XII. An example is in Figure 9 with query
is in blue box.

The same experiment on the Pa100k dataset is shown
in the Table XIII, our method results in Table XIV, and
compared to popular studies in the Table XV.

Our results showed that the person search based on
attributes effectively, not only finding out the person in
the query image but also finding out people with the same

TABLE VI: AL RESULTS OF 35 ATTRIBUTES ON
THE PETA DATASET.

Topics ma Acc Prec Rec F1-score

Zichang Tan [33] 84.88 79.46 87.42 86.33 86.87

HydraPlus-Net [36] 81.77 76.13 84.92 83.24 84.07

ALM [37] 86.3 79.52 85.65 88.09 86.85

Strong Baseline [38] 85.11 79.14 86.99 86.33 86.09

Jian Jia 2021 [39] 86.52 78.95 86.02 87.12 86.99

feature pyramid [40] 87.69 81.2 87.59 89.2 88.32

DAFL[41] 87.07 86.4

JLAC [42] 86.96 80.38 87.81 87.09 87.45

Rein-PAR[43] 85.51 78.45 84.08 88.77 85.91

Dai[34] 88.24 79.14 88.79 84.7 86.7

UPAR [35] 88.40 89.9

Ours:AL+w/o HAO 85.50 79.50 87.32 86.45 86.60

Ours:AL+HAO 85.41 80.17 88.09 86.59 87.07

TABLE VII: AL RESULTS OF 26 ATTRIBUTES ON
THE PA100K DATASET.

Topics ma Acc Prec Rec F1-score

Zichang Tan [33] 81.61 78.89 86.83 87.73 87.27

HydraPlus-Net [36] 74.21 72.19 82.97 82.09 82.53

ALM [37] 80.68 77.08 84.21 88.84 86.46

Strong Baseline [38] 79.38 78.56 89.41 84.78 86.25

Jian Jia 2021 [39] 81.87 78.86 85.98 89.1 86.87

feature pyramid [40] 81.45 79.13 86.24 89.46 87.94

DAFL[41] 83.54 88.09

JLAC [42] 82.31 79.47 87.45 87.77 87.61

Rein-PAR[43] 80.55 77.2 84.76 87.67 85.7

Dai[34] 77.89 79.71 90.26 85.37 87.75

UPAR [35] 84.80 90.2

Ours:AL+w/o HAO 82.49 79.89 87.39 88.32 87.49

Ours:AL+HAO 75.46 75.34 88.86 81.34 84.42

TABLE VIII: AL RESULTS: ACCURACY OF TOP 6
ATTRIBUTES ON THE PETA DATASET.

Attributes Acc Prec Rec F1-score

lowerBodyCasual 94.22 96.13 97.94 97.03

upperBodyCasual 93.72 95.87 97.66 96.76

personalLarger60 90.19 98.14 91.76 94.84

accessoryMuffler 89.97 97.33 92.25 94.72

personalMale 89.16 93.73 94.82 94.27

accessoryNothing 88.80 93.41 94.74 94.07

Average 91.01 95.77 94.86 95.28

attributes of the query. For example in the Figure 11 and
12. (the query is in the blue box).

89



Journal on Information Technologies & Communications

Figure 9: A result top-10 in the best case on the PETA dataset

Figure 10: A result top-10 in the best case on the Pa100k dataset

Figure 11: Example search person based on attributes: ✓accessoryNothing, ✓upperBodyCasual, ✓upperBodyShortSleeve,
✓upperBodyTshirt, ✓lowerBodyCasual, ✓lowerBodyJeans, ✓footwearShoes, ✓carryingNothing, ✓personalLess30

Figure 12: Example search person based on attributes: ✓accessoryNothing, ✓upperBodyPlaid, ✓upperBodyShortSleeve,
✓lowerBodyCasual, ✓lowerBodyJeans, ✓footwearShoes, ✓carryingNothing, ✓personalLess30, ✓personalMale.

• Discussion

In the dataset PETA, there are over 4000 persons who have
one image/person, which is why the random case for query
(case 3 in Table XI) is the worst.

Our results in case 1 and case 2 also show that: with
attribute learning, we could re-identification a person with-
out training person-ID. It improves the performance of the
system because it eliminates a training stage for the Person
Re-Identification task.

Our result on the Pa100k dataset is not better than on
the PETA dataset because the number of images in PA100k
is bigger. It is a disadvantage for improving in the future
works.

VIII. CONCLUSION

This topic is to improve the image understanding capac-
ity of image retrieval systems. First, we developed HAO for
storing the knowledge of images. Second, we built an MTL
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TABLE IX: AL RESULTS: COMPARING THE
ACCURACY OF THE TOP 6 ATTRIBUTES ON THE

PETA DATASET.

Attributes SAR [69] MAR [69] Ours +/-

lowerBodyCasual 81.60 84.90 94.22 +

upperBodyCasual 81.10 84.40 93.72 +

personalLarger60 92.00 94.80 90.19 -

accessoryMuffler 94.40 96.10 89.97 -

personalMale 85.10 89.90 89.16 -

accessoryNothing 81.50 85.80 88.80 +

Average 85.95 89.32 91.01 +

TABLE X: CASES OF QUERY AND GALLERY SET
IN THE PETA DATASET.

Cases description query set gallery set

1 10 images/person 144 2313

2 5 images/person 250 2953

3 500 random images 500 7100

TABLE XI: 3 CASE RESULTS ON THE PETA
DATASET

Cases Top-1 Top-5 Top-10 mAP

1 92.36 97.22 97.22 94.98

2 86.00 92.80 93.20 87.66

3 40.60 48.30 49.80 40.39

Average 72.99 79.44 80.07 74.34

TABLE XII: RESULTS IR ON THE PETA DATASET

Cases Top-1 Top-5 Top-10 mAP

UPAR [35] 29.70 30.20

SAL [53] 47 66.50 74 41.50

ASMR [58] 56.50 80.00 83.50 50.20

Ours (avg) 72.99 79.44 80.07 74.34

TABLE XIII: CASES FOR RETRIEVAL IN THE
PA100K DATASET.

Cases description query set gallery set

1 10 images/person 191 8917

2 5 images/person 248 9244

3 500 random images 500 9500

attribute learning with the support of HAO and deep neural
networks. Finally, we constructed the original HR system
based on HAO and AL. The retrieval could understand
human images in detail at the attribute level, and be more
intelligent. We demonstrated that the performance of our
retrieval system was better than some state-of-the-art on

TABLE XIV: 3 CASE RESULTS ON THE PA100K
DATASET

Cases Top-1 Top-5 Top-10 mAP

1 65.44 67.53 69.63 25.35

2 62.90 64.51 66.12 15.15

3 19.40 33.60 43.60 7.22

Average 49.25 55.21 59.78 15.91

TABLE XV: RESULTS IR ON THE PA100K DATASET

Cases Top-1 Top-5 Top-10 mAP

UPAR [35] 39.50 30.50

ASMR [58] 31.9 49.1 58.2 20.6

AIHM [49] 31.3 45.1 50.0 17.0

Ours (avg) 49.25 55.21 59.78 15.91

datasets PETA and Pa100k.

In the future, we could use the rule component of
HAO for attribute reasoning based on rules. This helps AL
decrease the costs of training and improve the performance
of the system because no need for training the reasonable
attributes from the rules. With rule-based reasoning, we
can infer new knowledge from prior knowledge without
training. The reasoning module also supports detecting the
relation between an attribute and relevant attributes in an
object, an object, and relevant objects. HAO and reasoning
modules based on rules will help to reuse prior knowledge
and close the semantic gap between low-level features and
high-level semantics of images.
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Abstract: Virtual reality provides an immersive experience
for users. There has recently been much research on adap-
tive methods of playing 360° video over HTTP/2 to excite
users. This paper analyzes users’ behaviors and perceptions
when watching 360° online videos. We also provide some
measurements and evaluation of the main features of 360°
video streaming. Experiments show that our method improves
bitrate by up to 45.8% and buffer size counter-up to 25.0%
compared to referenced methods.

Keywords: VR, HTTP/2, 360° video, QoE, Viewport Adaptive
Streaming.

I. INTRODUCTION

Virtual classrooms are deployed more and more pop-
ularly, studied, and applied to many fields, especially in
information technology. Virtual reality [1] or 360° video has
been widely used in this field to meet human requirements
in providing a realistic user experience, including learner
experience, student satisfaction assessment, or even about
the cost of streaming 360° video, which requires much
higher bandwidth and a much higher 60fps frame rate [2–
4].

Viewport Adaptive Streaming (VAS) applications were
used to reduce bandwidth requirements. A VAS system
that also delivers a portion of the currently available video
to the user can result in a view with a higher bitrate in
the provided area than in other segments [2, 5–7]. As a
result, 360° video streaming will be scaled up based on the
corresponding argument, as shown in Fig. 1.

On the other hand, since users tend to change their
viewing direction when they are watching, this view will
change over time during streaming sessions, or status will
be updated to infer topics they are interested in. This
may affect the viewer’s perception described in [8]. Fur-
thermore, bitrates in a VAS system should be adjusted to

adapt to different views over time. Besides, studies [9, 10]
have demonstrated when throughput being reduced due
to network problems, users’ viewing experience will be
significantly reduced.

Besides, a large number of videos must be cached
into versions to ensure smoothness when watching 360°
videos in different network conditions, as shown in Fig. 1.
Finally, the client will choose the version to download
and play the video [9]. However, there is a limitation that
the performance of VAS can be reduced due to the large
buffer size [11]. Therefore, it is necessary to consider the
viewport’s adaptability and network condition.

In this paper, our objective is to assess the impact
of users’ head movement on existing methods, explicitly
focusing on the following key aspects:

• Evaluation of current VAS methods: We aim to exam-
ine how existing VAS methods perform when there are
variations in bandwidth and image quality uniformity
within the users’ field of view. By doing so, we intend
to enhance the smoothness of video playback on the
client side.

• Development of an adaptive algorithm: We propose
an algorithm that dynamically adapts to changing
network conditions, specifically in video streaming
over HTTP/2 streams. This algorithm will ensure that
the video streaming experience remains optimal by
adjusting to fluctuations in available bandwidth.

By conducting this evaluation and developing the adap-
tive algorithm, we aim to contribute to improving video
streaming systems, particularly in scenarios where head
movement and varying network conditions can significantly
impact the user experience. The remaining of this paper is
the paper’s content in the following sections.

The first presents related works in part II, part III details
the proposed algorithm, and the fourth quarter evaluates
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Figure 1: General chunk-based Viewport Adaptive Streaming system

the algorithm in part IV. Finally, the article concludes in
part V.

II. RELATED WORK

In this section, we will briefly describe the context of
some of the current HTTP video streaming methods of the
scalable 360° video streaming method considered in the
study.

1. Adaptive streaming over HTTP

Thanks to the strong development of information tech-
nology and 5G and 6G network systems today [12], 360°
videos are becoming more popular. Moreover, 360° video
requires a high resolution and viewport rate to cover an om-
nidirectional view. Therefore, in research [13], the authors
propose an optimization method using video encoding lay-
ers, which increases the possibility of viewport adaptation
over HTTP. Furthermore, research[2] shows that encoding
and attention to regions for streaming are significantly
improved to bring immersion to the viewer.

Besides, Streaming over HTTP has received much at-
tention thanks to the Dynamic Adaptive Streaming over
HTTP (DASH) feature. However, the development history is
primarily private and not made public [14]. It is, therefore,
difficult to compare. The paper [14] showed that using the
open-source DASH method provides a basic assessment of
the different segment lengths and their impact on the server.
HTTP. According to a study [15], Streaming over HTTP
(DASH) is a trusted standard for streaming video on the
Internet because it provides a rich experience for users that
the server side will support video streaming DASH-based
content delivery.

2. Adaptive streaming over HTTP/2

With the growing popularity of HTTP/2 video streaming
and the dominance of large amounts of video on the

Internet, providers have moved toward high-quality video
streaming. Besides, thanks to the development of HTTP/2,
the protocol demonstrated that the multiplexing feature of
HTTP/2 allows audio and video segments to be mixed
in streaming [16, 17], bringing more solutions for video
streaming over HTTP/2 protocol. The problem of mixed
transmissions has been solved using monitoring techniques.

On the other hand, with data growth and high require-
ments from users, 360° video content is a big challenge
[18], as they need to save bandwidth and optimize methods
to improve stream quality and increase streaming speed.
It is known that random transmission will slow down
the process because it takes time to wait for processing.
Therefore, researchers have taken advantage of providing
more transmission lines to avoid user discomfort. HTTP/2
also shows flexibility for video streaming and improved
QoE [19].

Furthermore, a method [20] has also shown that HTTP
adaptive streaming plays a vital role in reducing video
downtime and improving video quality by adjusting the
quality of transmitted video segments according to the
conditions of the network. The method also shows that
buffering and bit rate factors are also important. Therefore,
in this paper, we propose an algorithm to analyze and eval-
uate the quality of video streaming over HTTP/2 streams.

III. PROPOSED METHOD

In this section, we propose an algorithm that uses a
sorting algorithm to select view regions, improving bitrate
and cache quality with the HTTP/2 protocol.

1. Version Selection

Figure 2 shows that choosing the version to stream
video content depending on user requirements and network
conditions is significant. Although different videos are
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Figure 2: Selecting the streaming version

Algorithm 1: Version Selection
Input: 𝑉𝑛,𝑊𝑐, 𝑅

Output: {𝑣𝑛}1≤𝑛≤𝑁
1 while 𝑅 > 0 do
2 for 𝑣 = 1 to 𝑉 − 1 do
3 if 𝑊𝑐 < 𝑅 then
4 𝑊𝑐 ∈ 𝑉𝑛

5 Calculate to Max 𝑊𝑐 ≈ 𝑅.
6 𝑙𝑛 ← 𝑙𝑛 + 1;
7 end
8 end
9 end

10 return {𝑣𝑛}1≤𝑛≤𝑁 ;

divided into different versions, from primary to high level,
version transmission depends on network factors. Therefore,
we hope that even when network conditions are limited, it
still brings the best quality to viewers.

On the other hand, to perform such work, our method
not only improves the user’s viewport adaptation quality
but also divides the video into segments. Each of them
will have selected versions, which means that with good
network quality conditions, the method that will achieve
the best quality level, Version 5 in algorithm 1. However,
the network’s reality is always changing, and 360° video
content is relatively large; studies [2] also show that the
influence levels of each region also play an important role.
We can improve the quality of important areas and limit
unimportant regions. This means that areas within the mind
will get much attention, and others will get less attention.

2. Chunk Selection

Research by the authors [21] has shown that high level
caching is necessary. After dividing the versions, we an-
alyze and divide them into Chunks. Each Chunk will
have a different weight, corresponding to this weight is

Algorithm 2: Chunk Weight Selection

1 for 𝑐 = 1 to 𝐶 do
2 𝑝𝑖𝑣𝑜𝑡 = Buffer[ℎ𝑖𝑔ℎ]
3 for 𝑙𝑜𝑤 to ℎ𝑖𝑔ℎ do
4 Calculate Buffer[ℎ𝑖𝑔ℎ];
5 if Buffer[low]> 𝑝𝑖𝑣𝑜𝑡 then
6 Buffer[ℎ𝑖𝑔ℎ] = Buffer[𝑙𝑜𝑤]
7 𝑙𝑜𝑤 = 𝑙𝑜𝑤 + 1;
8 end
9 end

10 end
11 return Buffer[ℎ𝑖𝑔ℎ];

TABLE I: Quantization Parameter (QP) of Chunk

Scalable QP
Level of Enhancement of Chunk 01 38
Level of Enhancement of Chunk 02 32
Level of Enhancement of Chunk 03 28
Level of Enhancement of Chunk 04 24
Level of Enhancement of Chunk 05 20

the improved quality. In algorithm 2, we improved the
calculation to fill the buffer head, which means that some
chunks of version 4 can be used for the version.

For algorithm 2, we assume the desire to choose the best
value named Buffer. To do this, we divide the versions into
chunks as shown above; here, we conduct evaluation and
analysis to select the corresponding threshold to achieve the
best value, and the quick sort algorithm has been used. We
calculate in this step. This method will not only improve
time and help the system calculate better based on the buffer
threshold, but also calculate and improve quality for regions
with the largest number of viewers.

IV. EVALUATION

1. Experimental Settings

To evaluate the proposed solution, we will build a test
system consisting of a server and a client; the server side

TABLE II: Chunk’s average bitrate (kbps) for video exper-
iments.

Average chunk bitrate (kbps)
Scalable Chunk Roller Coaster Diving Venice

L. Enhance.
Chunk 01 55 159 50

L. Enhance.
Chunk 02 107 314 114

L. Enhance.
Chunk 03 179 505 216

L. Enhance.
Chunk 04 389 1037 484

L. Enhance.
Chunk 05 633 1418 825
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((a)) Head-Movement Trace 01

((b)) Head-Movement Trace 02

Figure 3: Head-movement traces under two simulations

will be analyzed and divided into five different versions.
Experiments are run with varying simulations of evaluation.

• First, we divided the experiment into two different
head movements in Fig. 3.

• Second, we experiment with actual bandwidth and our
designed bandwidth to test the proposed algorithm
further in Fig. 4.

• Third, we simulate a system algorithm that typically
limits intentional selection and instead runs automati-
cally.

On the other hand, we use three videos, Rollercoaster,
Diving, and Venice from [22]. Each 360° video will be
converted to CubeMap format using 360Lib software [23],
with the viewport set to 70s. The videos will be divided into
24 chunks; each chunk has the same resolution of 480x480,
and each video will be divided into five versions, with
each version being 𝑉𝑛 (0 < 𝑛 < 6), 𝑉1 the lowest version,
the highest version is 𝑉5, Let R is the network bandwidth,
and 𝑊𝑐 the weight of each chunk (1 ≤ 𝑐 ≤ 24). We use
the HEVC [24] standard for encoding. The parameters we
calculated for testing are in Tables I and II.

((a)) Bandwidth 01

((b)) Bandwidth 02

Figure 4: Bandwidth traces under two simulations

2. Performance Analysis

In this section, we create a standard algorithm (called No)
and an improved algorithm (called proposed) to analyze
the evaluations and three referenced methods including
WZUQI [2], GLVP [4], and BL [25] with the following
descriptions:

• No: we perform the normal setting as the Proposed
algorithm. However, No will choose the version cor-
responding to the network conditions without chunk
selection, while our algorithm will calculate the chunk.
The chunk value then arranges the chunks in order
and selects the appropriate chunk based on network
conditions.

• WZUQI [2]: WZUQI is the algorithm focusing on
the video’s central center. Therefore, for our problem,
the limitation is that it is not fixed but moves in
the direction of the head, so for this algorithm, with
continuously changing motion, the algorithm results
are relatively limited.

• GLVP [4]: GLVP is the algorithm that focuses on
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TABLE III: Average bitrate (Kbps) of reference vs. the proposed method

Videos
Head movement trace #1

WZUQI No GLVP BL The Proposed
BW #1 BW #2 BW #1 BW #2 BW #1 BW #2 BW #1 BW #2 BW #1 BW #2

RollerCoaster 468,60 469,28 202.63 202.46 503.75 494.26 454.94 459.13 555.46 547.36
Diving 231.77 198.56 505.54 509.74 343.87 343.68 433.10 415.69 519.70 513.19
Venice 222.10 185.26 232.95 233.13 462.14 454.36 436.86 428.24 514.00 514.77

Average 307.49 284.37 313.71 315.11 436.59 430.77 441.63 434.36 529.72 525,11

TABLE IV: Average bitrate (Kbps) of reference vs. the proposed method

Videos
Head movement trace #2

WZUQI No GLVP BL The Proposed
BW #1 BW #2 BW #1 BW #2 BW #1 BW #2 BW #1 BW #2 BW #1 BW #2

RollerCoaster 444.09 444.15 189.78 189.60 495.06 486.46 408.12 396.11 543.55 508.92
Diving 304.20 478.48 451.29 478.48 285.94 293.70 367.58 362.88 545.82 478.93
Venice 282.81 233.56 218.30 218.22 442.29 434.93 366.22 362.99 460.16 479.06

Average 343.70 385.39 286.46 295.43 407.76 405.03 380.64 373.99 516.51 488.97

TABLE V: Average total buffer size (s) of all test videos of reference vs. the proposed method under Head-movement
trace 01

Videos Bandwidths WZUQI No GLVP BL Proposed

RollerCoaster 01 4.683 4.991 6.409 6.349 6.409
02 4.676 4.988 6.417 6.350 6,417

Diving 01 4.872 4.549 6.367 6.358 6.383
02 4.778 4.529 6.329 6.328 6.341

Venice 01 4.699 4.890 6.169 6.143 6.169
02 4.692 4.890 6.172 6.140 6.172

Average Buffer 4.734 4.806 6.310 6.278 6.315

TABLE VI: Average total buffer size (s) of all test videos of reference vs. the proposed method under Head-movement
trace 02

Videos Bandwidths WZUQI No GLVP BL Proposed

RollerCoaster 01 444.094 189.777 495.061 408.120 543.547
02 444.150 189.595 486.461 396.113 508.918

Diving 01 304.200 451.289 285.942 367.580 445.818
02 264.239 478.475 293.704 362.878 478.934

Venice 01 282.812 218.301 442.287 366.219 460.162
02 233.556 218.220 434.929 362.990 479.055

Average Buffer 328.842 290.943 406.397 377.317 486.072

improving and estimating the typical view of the
VAS system. In general, the algorithm is the same as
currently mentioned. Still, for the proposed method, in
addition to estimating, the algorithm needs to focus on
calculating load calculation and buffer filling.

• BL [25]: BL is a proposed tiling-based 360° video
streaming method that maintains smooth viewport
quality despite network bandwidth fluctuations and
user head movements. BL dynamically adjusts the
number of extension tiles based on viewport prediction
errors to ensure a smooth viewport bitrate across video
segments. In addition, the total bitrate allocated to tiles
is chosen to accommodate sudden changes in network
bandwidth. Finally, a tile selection algorithm helps to
reduce intra-segment bitrate variations.

On the other hand, according to recent research, the most
recent scalable 360° video streaming methods adapt the
video to variations in network throughput and user behavior.

None of the methods listed above perform well in either
measured parameters: buffer size or average view bitrate.
Our solution is to create a stable connection as network
bandwidth changes while improving user experience. Fur-
thermore, improving these two parameters will fine-tune the
video streaming quality and expertise. Proper consideration
and adjustment of these parameters help ensure that videos
play smoothly and are of good quality on viewing devices.

a) Viewport bitrate

In this paper, we measured the viewport bitrate parameter
to evaluate the human-perceived quality of the same view-
port when streaming 360° videos over the same HTTP/2
stream. This parameter also shows that the higher the value
of the bit rate, the better the perceived quality of the service.
However, we also see that increasing the quality too high
also affects the user’s perception when it goes up and down
suddenly.
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Experiments show that the average bit rate of the pro-
posed method improves better than the referenced methods
in Table III and IV. For head movements #1, the proposed
method improves up to 40.8% compared to method No. Be-
sides, the most negligible improvement is 17.3% for the BL
method. Meanwhile, for head movements #2, our method
can improve up to 44.5%, while the lowest improvement is
17.2% in the GLVP method.

b) Buffer size

The purpose of our experiment is to understand cache
activation and cache impact parameters. A bigger storage
buffer means faster and better data streaming for users. This
parameter also indicates that buffering has a net impact on
video streaming because the quicker the buffer transmits,
the more data will be downloaded.

Furthermore, we also found that this effect holds under
strong bandwidth fluctuations and normal throughput. In
practical testing, we found that the view bit rate fluctuates
greatly under practically zero network fluctuations and does
not change much with normal throughput. However, our
algorithm is stable in these two cases of fluctuations.

Experiments show that five methods have buffer sizes
between 4.7s and 6.4s. Although, in this test, the maximum
allowed cache threshold is 7s. However, neither technique
has reached the maximum threshold; this is considered a
limitation for future expansion. However, the experiment
shows that although the proposed method has not reached
the maximum threshold, filling the buffer high and close
to the threshold value is relatively good. Compared to
the proposed method, the reference methods have deficient
buffer levels, reaching 5,529s for head movement #1 and
5,535s for head movement #2. While measuring, the pro-
posed method reaches the most minor threshold of 6,159s.
Overall, with the current buffer level, the proposed method
can improve up to 25%; we can see that the buffer level is
shown in Tables V and VI.

In summary, the method has also improved and expanded
on the commonly used methods. Further research on multi-
directional motion is needed to gain a broader perspective.

V. CONCLUSIONS

In this paper, we studied 360° video streaming with
extensive content via HTTP/2 protocol. The proposed
method performs significantly more than the conventional
method based on bit rate and buffer parameters. Overall, the
proposed method improves significantly compared to the
referenced methods; for head movements, the bit rate ratio
can improve from 17.2% to 45.8%. Besides, the proposed
method to enhance the buffer can achieve a maximum
improvement of up to 25.0%.
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Abstract: Ovarian cancer is one of the leading causes
of death in women. Ultrasound images often provide initial
findings and diagnosis before further tests are performed.
Despite some progress in medical image analysis, the detection
and recognition of ovarian cancers remains still quite limited.
Most existing works focused on detecting or classifying two
tumor categories, namely benign and malignant lesions. This
paper presents an initial comprehensive study of ovarian
tumor detection, and at the same time classifies eight classes
of ovarian tumors in ultrasound images using deep-learning
models. Due to the lack of training data, we implemented a
data augmentation process and examined the improvement
of performance with and without data augmentation. Experi-
ments carried out on the OTU-2D set of MMOTU dataset with
YOLOv5, YOLOv7, and YOLOv7 variants show promising
detection and classification results.

Keywords: Ovarian tumor, Classification, Data augmentation,
Ultrasound images, YOLOv5 and YOLOv7.

I. INTRODUCTION

According to statistics, the new incidence of ovarian can-
cer is 10.3 per 100,000 women per year, and the mortality
rate is 6.3 per 100,000 women per year [1]. Currently,
overcrowding in hospitals, particularly in developing coun-
tries such as Vietnam [2], leads to missed or misdiagnosed
diseases, causing unintended consequences for patients and
an economic burden on families and society. In addition,
the diagnosis of the disease often depends on the doctor’s
experience. Therefore, to tackle these issues, it is necessary
to develop tools to encourage the automatic detection and
determination of ovarian tumors from ovarian ultrasound
images.

Today, with the increased development of artificial intel-
ligence, many applications of deep learning in medical im-
age analysis has achieved expressive results. For instance,

automatic detection of lung tumors from x-ray images
[3], automatic detection and segmentation of lesions in
gastrointestinal endoscopy images [4–6], breast and cervical
cancer images analysis [7], [8], MRI images analysis [9],
etc. However, the studies dedicated to ovary ultrasound
analysis are limited and few datasets are publicly available
for the research community. Most existing works focus on
classifying images as normal or abnormal, or detecting
abnormalities [10]. Further analysis such as classifying
tumors into different tumor classes is still not thoroughly
investigated.

Regarding ovarian ultrasound image analysis, recently
Pham et al. [11] performed a study on the semantic seg-
mentation of ovarian tumors on the OTU 2D subset of the
MMOTU dataset. However, as the analysis is carried out
at the pixel level, the computation requires GPU and is
quite consuming time. The current best accuracy results for
segmentation of 8 classes of ovarian tumors when using the
accuracy measure is 71.56%, because the ovarian tumors on
ultrasound images are relatively similar in appearance and
structure, especially two classes (Mucinous cystadenoma,
High grade serous).

Therefore, for faster and more accurate prediction, our
approach is to employ a CNN to detect and classify ovarian
tumors on ultrasound images. From there, it is possible to
build an application to detect and classify ovarian tumors
that can be processed on a regular computer and has low
computational space (CPU-only desktops). Among many
existing CNN-based detectors, YOLO (You Only Look
Once) is a reasonable solution. YOLO is a deep learning
network that allows detecting accurately objects. Especially
YOLO is capable of operating on low-resource computers
and running on CPUs [12]. However, when applying deep
learning for computer vision tasks, the availability and data
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distribution have a huge impact on the performance. In
the medical domain, we may face a few training data and
imbalance issues. Therefore, before implementation of the
fine-tuning and evaluation process, detect, segment, and
classify ovarian tumors in ultrasound images. We perform
data augmentation with some simple methods (e.g. scaling,
rotation, and flipping of images) on the training set of
the original OTU 2D set (OTU 2D-OS) of the MMOTU
dataset. The augmented dataset is called ”OTU 2D-DAS”.

In this paper, we conduct a comprehensive study to (1)
evaluate the effectiveness of detecting with or without ovar-
ian tumors in images; (2) detect and classify 8 classes of
ovarian tumors by fine-tuning the ovarian tumor detection
model and classifying ovarian tumors by YOLOv5 [13],
and YOLOv7 [14]; Two evaluation studies (1) and (2) were
performed on the OTU 2D-OS and OTU 2D-DAS. Below
are the findings regarding the quantitative assessment, anal-
ysis, and hurdles encountered in the classification of ovarian
tumors.

II. RELATED WORKS

In recent years, there have been several works on au-
tomatic diagnosis based on different kinds of medical
images. In medicine, several reports have shown AI to
have high accuracy in diagnostics, such as in head CT
scans, skin cancer, and retinopathy in diabetic patients.
In gynecology, the application of AI has been previously
studied, such as the automatic diagnosis of Pap-smear and
digital colposcopy. In the last decade, the study of CAD has
progressed given the remarkable development of computer
science. Therefore, the study aimed to use AI to predict
pathological diagnosis, using blood biomarkers, in patients
with ovarian tumors.

Srivastava et al. [15] have used a fine-tuned VGG-16
network to detect whether an ovarian cyst is present or
not in the image. In fine-tuning, an already existing pre-
trained model is modified with a similar type of task that it
earlier performed. This helps in taking benefit of the feature
extraction that happens in the front layers of the network.
The authors have used the VGG-16 model and modified its
last four layers by training it on the ovarian cyst dataset
using a CNN. This is done to achieve a high accuracy of
92.11%.

In the research of Akazawa et al. [16], the real-time
dataset generated at the Institute of Tokyo Women’s Med-
ical University Medical Center East was used under the
approval of the Institutional Review Board (IRB). Sample
Size: 53 ovarian cancers, 23 borderline malignant tumors
126 benign ovarian tumors. Accuracy of five machine
learning algorithms. The highest accuracy was 0.80 in the
XGBoost algorithm, followed by 0.78 in a random forest,

0.67 in logistic regression, and 0.62 in support vector
machine.

Qi et al. [17] proposed an MMOTU dataset with a set
of OTU 2D-OS and OTU CEUS consist of 1469 2D ultra-
sound images and 170 contrast-enhanced ultrasonography.
In particular, the alignment feature was also proposed to
the DS2Net network for semantic segmentation of ovarian
tumor data on ultrasound images.

Data augmentation aims to generate additional data
which is used to train the model and has been shown to
improve performance when validated on a separate unseen
dataset [18]. This approach has become commonplace
so to help understand the types of data augmentation
techniques used in state-of-the-art deep learning models,
so conducted a systematic review of the literature where
data augmentation was utilized on medical images to train
a deep learning model. In this article, we employ data
augmentation methods and various versions of YOLO to
detect ovarian tumors. Experimental results have shown
that the combination of data augmentation and YOLO is a
promising approach for accurately detecting and delineating
ovarian tumors in medical images. This technology has the
potential to greatly aid doctors in accurately diagnosing
and pinpointing the location of tumors, providing valuable
advantages for the treatment and care of ovarian diseases.

III. DETECTING AND CLASSIFYING OVARIAN
TUMORS IN ULTRASOUND IMAGES

Detecting and classifying ovarian tumors is a very im-
portant task in the process of building a system to help
doctors diagnose ovarian cancer. In this paper, we propose
to conduct a comparative study on detecting and classifying
ovarian tumors on ultrasound images, as illustrated in Fig.
1. In Fig. 1, the input is OTU 2D-OS, and through data
augmentation, we get the OTU 2D-DAS. Then use YOLO
to fine-tune the ovarian tumors detection and classification
model on the OTU 2D-OS and the OTU 2D-DAS. The first
output is the result of detecting the with or without ovarian
tumors on ultrasound image, the second output is the result
of classifying 8 classes of ovarian tumors. The results of the
quantitative evaluation, analysis, and challenges of ovarian
tumor classification are also presented below.

1. Background

Currently, many deep learning networks have been stud-
ied and applied to the problem of object detection and
classification. In which YOLO version (v) 1 [19] is a typical
network with average accuracy, has very fast computation
speed, and can perform computations on CPU. From 2020
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Figure 1. Our proposed framework for comparative study on ovarian
tumors detection with and without data augmentation.

and early 2023, YOLOv5 [13] and YOLOv7 [14] networks
were developed and announced.

YOLOv5 [20]: YOLOv5 focuses on speed and ease of
use. YOLOv5 model architecture [20] has three important
parts: Backbone, Neck, and Head, as illustrated in Fig. 2.

• The backbone aims to extract rich features from the
input image. A Cross Stage Partial Network (CSPNet)
is used as a model backbone. CSPNets are faster
than deeper networks. YOLOv5 improves YOLOv4’s
CSPResBlock [21] into a new module, little more
than a Convolution layer called a C3 module. In
YOLOv5 still use CSPDarkNet53 for predicting the
original object candidates according to the boxes. For
the activation function, YOLOv4 [21] employs Mish
or LeakyReLU in its lightweight version, whereas
YOLOv5 utilizes SiLU.

Figure 2. YOLOv5 architecture [20].

• The Neck constructs feature pyramids. This compo-
nent helps the model to detect and identify the same
objects at different sizes and scales. This leads to bet-
ter performance with unlearned data. Different types
of feature pyramids are used by many models, like
FPN, BiFPN, and PANet which is used in YOLOv5.
YOLOv5 adopts a module similar to SPP, but twice
as fast and calls it SPP-Fast (SPPF). Instead of using
parallel MaxPooling as in SPP, YOLOv5 SPPF uses

sequential MaxPooling. Furthermore, the kernel size
in the MaxPooling of SPPF is all 5 instead of (5,9,13)
like the SPP of YOLOv4.

• The Head performs the final detection. It applies
anchor boxes on generated features and outputs final
vectors containing class probabilities, objectiveness
scores, and bounding boxes. YOLOv5 has the same
model head as YOLOv3 and YOLOv4.

Other changes in YOLOv5 compared to YOLOv4: about
data augmentation: mosaic augmentation, copy-paste aug-
mentation, mixup augmentation; about loss function: add
scale factor for Objectness Loss; about anchor boxes:
auto anchor using genetic algorithm; about removing grid
sensitivity but the formula is different; about exponential
moving average weight.

YOLOv7 [22]: YOLOv7 surpasses all known object
detectors in both speed and accuracy in the range from 5
FPS to 160 FPS and has the highest accuracy at 0.568 AP
among all known real-time object detectors with 30 FPS or
higher on GPU V100.

The architecture of YOLOv7 is illustrated in Fig 3.

Figure 3. YOLOv7 architecture [14].

This architecture also includes three main parts.

• The backbone used the ELAN (YOLOv7-p5,
YOLOv7-p6) and E-ELAN (YOLOv7-E6E).

• The neck used the SPPCSPC + (CSP-OSA)PANet
(YOLOv7-p5, YOLOv7-p6) + RepConv.

• The head used the YOLOR + Auxiliary Head
(YOLOv7-p6).

YOLOv7 has some improvements over than previous ver-
sions. One of the main improvements of YOLOv7 is the
use of anchor boxes. Anchor boxes, which consist of
predefined boxes with various aspect ratios, are utilized
to detect objects of diverse shapes. YOLOv7 uses nine
anchor boxes, allowing YOLO to detect a wider range
of object shapes and sizes than previous versions, thus
helping to decrease the number of wrong identifications.
An important improvement in YOLO v7 is the use of a
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new loss function called “focal loss”. Previous versions
of YOLO used the standard cross-entropy loss function,
which is known to be less effective at detecting small
objects. Focal loss solves this problem by reducing loss
weights for well-classified examples and focusing on hard
examples such as hard-to-detect objects. YOLOv7 also has
different versions like YOLOv7-p5, YOLOv7-p6. Which
YOLOv7-p5 group including YOLOv7-tiny, YOLOv7, and
YOLOv7x is to use the images with size (640 × 640) for
training. Which YOLOv7-p6 group including YOLOv7-w6,
YOLOv7-e6, and YOLOv7-d6 is to use the images with
size (1280 × 1280) for training.

2. Data augmentation

Augmenting medical image data is increasingly prevalent
in deep learning applications [18]. Basic techniques like
scaling, rotation, and flipping of images are commonly
employed in model design. As more advanced methods
such as deformable augmentation with randomized dis-
placement fields and deep learning-based approaches like
GANs are developed, they are increasingly integrated into
model design practices. Although realism can be a desired
outcome for augmented data, it’s not always essential.
Unrealistic augmentations might still yield a more gen-
eralizable model. Data augmentation proves particularly
advantageous in scenarios where there’s inadequate training
data, helping to mitigate model over-fitting.

Data augmentation is a crucial technique in the realm
of deep learning, especially when faced with a limited
amount of training data. The primary concept behind this
technique is to produce new variations of the existing
data by implementing minor alterations. The objective is
to generate a diverse dataset that enables the model to
learn significant features without requiring additional data.
By leveraging the diversity of the original dataset, data
augmentation can enhance the model’s ability to learn
generalized features. Common transformations, such as
horizontal and vertical flipping, rotation, and mirroring, can
be particularly effective for tasks involving images.

When implementing data augmentation in situations
where there is a dependency between samples in the data, it
is crucial to carefully consider the potential loss of intrinsic
characteristics or the creation of misleading samples that
could negatively affect the performance of the model. Pre-
processing techniques can be utilized to mitigate this issue.
Prior to applying data augmentation, the data should be
divided into independent sets to ensure the integrity of the
data.

In this paper, we use five methods (x5) of data aug-
mentation: (1) flip the vertical image, (2) flip the image
horizontally, (3) rotate the image 90 degrees, (4) HUE, and

(5) blur the image. They are illustrated in Fig. 4. Raising
the hue of an image refers to the process of shifting the
colors in the image along the hue spectrum. Hue is one of
the components of the HSL (Hue, Saturation, Lightness)
color model or the HSV (Hue, Saturation, Value) color
model, which are commonly used in image processing.
Hue represents the dominant wavelength of light that is
perceived as color. By adjusting the hue value of an image,
you can change the overall color tone while preserving the
brightness and saturation of the image.

Average blurring, also known as box blurring or mean
blurring, is a type of blurring operation commonly used
in image augmentation. It involves replacing each pixel in
an image with the average value of its neighboring pixels
within a defined neighborhood. Here’s how the average
blurring operation works:

• Step 1: Define a kernel or filter size: The kernel
size determines the size of the neighborhood used
for blurring. It is typically represented as a square or
rectangular matrix. The size of the kernel determines
the extent of blurring. A larger kernel size will result
in a more pronounced blurring effect.

• Step 2: Traverse through the image: For each pixel
in the image, calculate the average value of the pixel
intensities within the defined neighborhood. This is
done by summing up the pixel intensities in the neigh-
borhood and dividing by the total number of pixels in
the neighborhood.

• Step 3: Replace the pixel value: Replace the original
pixel value with the calculated average value. This step
is repeated for every pixel in the image. The average
blurring operation effectively smooths out the image
by reducing high-frequency details and noise. It is
a simple blurring technique that produces a uniform
blurring effect across the image. Average blurring can
be beneficial during image augmentation for various
reasons. It helps to reduce noise and unwanted ar-
tifacts, which can improve the robustness and gen-
eralization of machine learning models. Additionally,
it can be used to create a more visually pleasing
appearance or simulate certain real-world effects.

This system classifies the test image into one of eight
labels by leveraging features extracted from the test im-
age. These features are processed through classifiers pre-
viously trained using the training parameters evaluated
by the offline learning system. The offline classification
system assesses the training parameters of the classifiers
by employing a combination of features extracted from the
training dataset and the corresponding ground truth training
class labels.

Vikas et al [23], explained that the number of parameters
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required corresponds to the data complexity of the operation
in the machine learning model that must be carried out
by using this kind of augmentation process. Sometimes it
might still go wrong even if we have the correct size of
the training set. To regularize convolution neural network
models, it can be upgraded dataset by including more
images dataset, using the data augmentation methods as
shown in Fig 4.

By using data augmentation methods in the dataset, the
image ratio has been improved at a 1: 9 ratio.

Figure 4. Five augmentation techniques are employed to enrich data in
the training set.

IV. EXPERIMENTAL RESULTS

1. Dataset

In this work, we show a follow-up study based on the
OTU 2D-OS) of the MMOTU dataset [17]. The OTU 2D-
OS includes 1469 2D ultrasound images and eight labels,
as illustrated in Fig. 5.

For example, for an ovarian tumor, in OTU 2D set of
MMOTU [17] dataset, some classes have a small amount
of data as shown in Fig. 6. (0: Chocolate cyst, 1: Serous
cystadenoma, 2: Teratoma, 3: Theca cell tumor, 4: Simple
cysts, 5: Ovary normal, 6: Mucinous cystadenoma, 7: High
grade serous cystadenoma). The number of samples in the
classes is imbalanced, with 226 images in class 0, while
class 7 has only 38 images. Imbalanced data often leads
to inaccurate predictions for the minority group. This is
because the majority class dominates the prediction results,
while the minority class is poorly represented. However,
accurately predicting a sample belonging to the minority
group is much more important than predicting samples
from the majority group. To improve prediction results,
appropriate adjustments are needed to ensure that the model
achieves high accuracy on the minority group.

Before performing data enhancement, we perform data
normalization of the OTU 2D-OS, with the image size
being 320 × 240 pixels. This process includes ground
truth standardization. At the same time, we perform data

preparation according to two datasets, which are single-
label data with or without ovarian tumors (1-label) and 8-
label data on ovarian tumor classes as shown in of MMOTU
dataset [17]. In particular, the bounding box of the tumors
was normalized against the bounding box of the YOLO’s
bounding box format with the COCO 2017 dataset [24], as
presented in Eq. 1.

𝑎 =

𝑥 𝑚𝑎𝑥+𝑥 𝑚𝑖𝑛
2

𝑤 𝑏
; 𝑏 =

𝑦 𝑚𝑎𝑥+𝑦 𝑚𝑖𝑛

2
ℎ 𝑏

𝑐 =
𝑤 𝑏

𝑤 𝑖𝑚
; 𝑑 =

ℎ 𝑏

ℎ 𝑖𝑚

(1)

where (𝑥 𝑚𝑎𝑥, 𝑦 𝑚𝑎𝑥) is the coordinates of the top right
corner of the ovarian tumor bounding box on the image,
(𝑥 𝑚𝑎𝑥, 𝑦 𝑚𝑎𝑥) is the coordinates of the bottom left corner
of the ovarian tumor bounding box on the image, 𝑤 𝑏 is
the width size of the bounding box of the ovarian tumor
on the image, ℎ 𝑏 is the height size of the ovarian tumor
bounding box on the image, 𝑤 𝑖𝑚 is the width size of the
image, ℎ 𝑖𝑚 is the height size of the image.

The data structure of the bounding box in the format of
COCO 2017 used for training and evaluation has the form
(𝑙, 𝑎, 𝑏, 𝑐, 𝑑), where 𝑙 is the label of the object.

After data augmentation, the OTU 2D-DAS obtained the
following number of images in Fig. 7. The statistical data
before and after augmentation are presented in Tab. I.

We performed data augmentation exclusively on some
minor classes (i.e. theca cell tumor, simple cysts, mucinous
cystadenoma, and high-grade serous cystadenoma) in the
training set of the entire dataset, increasing the sample
number of each of such classes by a factor of five. After
the augmentation phase, the number of data samples in the
training set increased from 1000 to 1852 images. We have
precisely summarized the number of original data samples
along with the augmented samples in Tab. I.

Data augmentation is a common technique used to enrich
training data when the training set is limited. Numerous
studies have demonstrated that augmentation contributes
to enhancing the performance of image-based tasks. Con-
ventional techniques for augmenting data involve applying
geometric and photo-metric transformations to the original
images. In our work, we employ five transformations across
four classes, as mentioned previously, including: (1) vertical
flipping, (2) horizontal flipping, (3) rotating by 90 degrees,
(4) adjusting hue, and (5) blurring. To ensure the variation
and diversity of the augmented data, we did not apply any
additional pre-processing steps to remove dependent data.
In our work, we apply five data augmentation techniques to
a subset of our training set. The augmented data is utilized
to train the network. However, we do not currently evaluate
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Figure 5. Illustration of eight ovarian tumor categories in the OTU 2D-OS dataset.

TABLE I
THE STATISTICS OF ORIGINAL DATA (OTU 2D-OS) AND DATA AFTER ENHANCEMENT (OTU 2D-DAS).

Classes Index classes Number of original
training samples Augmentation factor Number of augmented

training samples
Number of

testing samples
Chocolate cyst 0 226 226 110

Serous
cystadenoma 1 153 153 66

Teratoma 2 228 228 108
Theca cell tumor 3 57 x5 285 31

Simple cysts 4 47 x5 235 19
Ovary normal 5 180 180 87

Mucinous
cystadenoma 6 71 x5 355 33
High grade

serous cystadenoma 7 38 x5 190 15
Total 1000 1852 469

Figure 6. The number of training and testing images in the dataset
OTU 2D.

Figure 7. The number of ovarian tumors ultrasound images after aug-
mentation.

the specific role of each transformation. Investigating the
role of each augmentation technique will be a focus of

our future work. This aspect is also highlighted in the
conclusion section of the revised manuscript.

2. Evaluation metrics and measurement

We use 𝐼𝑂𝑈 (Intersection Over Union) - metric of
evaluation to evaluate the performance of detection of
ovarian tumors as Fig. 8, Precision (P) as Eq. 2, Recall
(R) as Eq. 2, and mAP (mean Average Precision) as Eq. 3.

Figure 8. The formula to calculate the Intersection Over Union (IOU).

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
; 𝑅 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
; (2)

mAP =
1

| Classes |
∑︁

𝑐∈ Classes

𝑇𝑃(𝑐)
𝑇𝑃(𝑐) + 𝐹𝑃(𝑐) (3)

where 𝑇𝑃 is the correct prediction, 𝐹𝑃 is the false
prediction, 𝑇𝑁 is a false prediction (the label is positive
but the prediction is negative), and 𝐹𝑁 is the no predicted
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ground truth data area. The threshold of 𝐼𝑂𝑈 we use is
0.5.

In this work, we implemented the examined models on
a server featuring an NVIDIA GeForce RTX 2080 Ti,
12GB GPU, for the purposes of fine-tuning, training, and
testing. The programs were written in the Python language
(≥3.7 version) with the support of the CUDA 11.2/cuDNN
8.1.0 libraries. In addition, there are some libraries such
as Matplotlib, OpenCV, Mmcls≥0.20.1, Packaging, Numpy,
Prettytable, PyTorch 1.5+, etc. Especially the source code is
inherited and developed on the YOLOv5 (1) and YOLOv7
(2). The models of YOLOv5 and YOLOv7 are fine-tuned
with 100 epochs. The source code to fine-tune the ovarian
tumor detection and classification model of YOLOv5 and
YOLOv7 is shown in links (3),(4), respectively.

3. Results and Discussions

Ovarian cancer stands as the foremost cause of death
among women, underscoring the critical significance of
early diagnosis in the medical realm. In this paper, we
conducted a comparative study utilizing YOLO for the
segmentation of ovarian tumors. In this study, two main
problems were solved: the detection and classification of
1-label (1 class) and 8-label (8 classes) of ovarian tumors
in the OTU 2D subset of the MMOTU dataset.

The results of ovarian tumor detection and one class
classification (1-label) with YOLOv5, YOLOv7, YOLOv7-
w6, YOLOv7-d6, and YOLOv7-e6 on the OTU 2D-OS and
OTU 2D-DAS are shown in Tab. II. The best detection and
classification results are from YOLOv5 with (𝑃 = 0.91, 𝑅 =

0.89) of the OTU 2D-OS and (𝑃 = 0.90, 𝑅 = 0.90) of the
OTU 2D-DAS. It can be seen that the results in Tab. II, are
not improved on the OTU 2D-OS and OTU 2D-DAS sets.
This result is due to the augmented data process being just
some simple processing methods of image processing on
the original data image, so the change of the distinguishing
features with or without ovarian tumor is not great. And this
evaluation is only concerned with or without ovarian tumors
on the image so the detection results are not improved.
Specifically, in Tab. II with the 𝑃 metric, the average results
of the models with the OTU-OS dataset are 0.87, while
with the OTU-DAS dataset, it’s 0.86. With the 𝑅 metric,
the average results of the models with the OTU-OS dataset
are also 0.87, and with the OTU-DAS dataset, it’s 0.86. As
for the mAP50 metric, the average results of the models

1https://github.com/ultralytics/yolov5
2https://github.com/WongKinYiu/yolov7
3https://drive.google.com/file/d/1aJS8hEisvQu-ugBDYxq5e9

Zw5EceisB/view?usp=sharing
4https://drive.google.com/file/d/1Qg1umKPCToi2WyOsKJ

Kq4Gc1Mz-lE7O/view?usp=sharing

with the OTU-OS dataset are 0.90, while with the OTU-
DAS dataset, it’s 0.91, which is 1% higher compared to the
non-augmented data.

Figure 9(a) presents the distribution of ovarian tumor
classification results on the training data of the OTU 2D-
OS and OTU 2D-DAS when using YOLOv7-e6 to classify
with or without ovarian tumors in ultrasound images. We
show the results of YOLOv7-e6 because based on the
results of Tab. II, YOLOv7-e6 has the best results among
the variants of YOLOv7. In Fig. 9(b), the training results
of YOLOv7-e6 are not much improved on the original
data (𝑅 = 0.97, 𝑃 = 0.901) and the augmented data
(𝑅 = 0.98, 𝑃 = 0.942).

Figure 10(a) and Figure 10(b) presents the distribution of
ovarian tumor classification results on the training data of
the OTU 2D-OS and OTU 2D-DAS when using YOLOv5
to classify with or without ovarian tumors in ultrasound
images.

The results in Tab. II also show that 𝑅 is much lower than
𝑃, which shows that the with or without ovarian tumors
classifier of YOLO is highly wrong classified. Because 𝑅

is calculated as the number of correct classifications divided
by the number of correct classifications plus the number of
false negatives. If 𝑅 is higher then the lower the number
of missed ovarian tumors.

The results of ovarian tumor detection and eight
classes classification (8-labels) with YOLOv5, YOLOv7,
YOLOv7-w6, YOLOv7-d6, and YOLOv7-e6 on the
OTU 2D-OS and OTU 2D-DAS are shown in Tab. III.

In our work, we applied five data augmentation tech-
niques to a subset of our training set. The augmented data
is utilized to train the network. In the original dataset
OTU 2D-OS, there are 1239 gray-scales images and 216
color images (doppler images). Among five data augmen-
tation techniques, only “adjusting hue” affects the color of
216 color images. To evaluate the impact of “adjusting hue”
technique on the final result, we conducted an additional
experiment where only 4 augmentation techniques with-
out ”hue adjusting” (vertial flipping, horizontal flipping,
rotating by 90 degrees, and blurring) to create a dataset
OTU 2D-DAS* (without hue adjusting). We select Yolo-
v5 for testing and experimental result is shown in Table
IV. In average, without “hue adjusting” augmentation, the
recall is reduced significantly from 0.72 to 0.675. However,
mAP50 remains similar. In conclusion, hue adjusting helps
to improve the recall of detection. We have included this
experiment in the revised manuscript.

Table V shows the results of ovarian tumor detection and
eight classes classification (8-labels) on the OTU 2D-OS
by YOLOv5 (epoch = 100) with threshold 𝐼𝑂𝑈 = 0.25
and 𝐼𝑂𝑈 = 0.75. The average results of detecting and
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TABLE II
THE RESULTS OF OVARIAN TUMOR DETECTION AND BINARY CLASSIFICATION (1-LABEL) ON THE OTU 2D-OS AND OTU 2D-DAS BY YOLOV5,

YOLOV7, AND OTHER YOLOV7 VARIATIONS (ALL ARE TRAINED WITH THE NUMBER OF EPOCHS = 100).

Precision (P) Recall (R) mAP50Class/
Measurements Dataset YOLO

v5
YOLO

v7
YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

YOLO
v5

YOLO
v7

YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

YOLO
v5

YOLO
v7

YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

OTU
2D-OS 0.91 0.86 0.83 0.84 0.90 0.89 0.87 0.82 0.88 0.87 0.92 0.91 0.86 0.92 0.92

Tumor OTU
2D-DAS 0.90 0.84 0.84 0.90 0.84 0.90 0.83 0.87 0.86 0.89 0.93 0.89 0.91 0.92 0.91

(a) Distribution of classification results on the training data of the original data when using YOLOv7-e6 to classify with or
without ovarian tumors in ultrasound images

(b) Distribution of classification results on the training data of the data augmentation when using YOLOv7-e6 to classify
with or without ovarian tumors in ultrasound images

Figure 9. Illustration of the distribution of ovarian tumor classification results on the training data of the OTU 2D-OS and OTU 2D-DAS when using
YOLOv7-e6 to classify with or without ovarian tumors in ultrasound images.

classifying 8 ovarian tumor classes of YOLOv5 are (𝑃 =

0.853, 𝑃 = 0.83, 𝑃 = 0.748), (𝑅 = 0.683, 𝑅 = 0.66, 𝑅 =

0.6), (𝑚𝐴𝑃25 = 0.781, 𝑚𝐴𝑃50 = 0.75, 𝑚𝐴𝑃75 = 0.628)
with threshold 𝐼𝑂𝑈 = 0.25, 𝐼𝑂𝑈 = 0.5, 𝐼𝑂𝑈 = 0.75,
respectively. The detection and classification results are
gradually decreasing with increasing 𝐼𝑂𝑈.

Table VI shows the results of ovarian tumor detection
and eight classes classification (8-labels) on the OTU 2D-
DAS by YOLOv5 (epoch = 100) with threshold 𝐼𝑂𝑈 = 0.25
and 𝐼𝑂𝑈 = 0.75, respectively. The results of detecting and
classifying ovarian tumors also decrease as 𝐼𝑂𝑈 increases
as shown in Tab. V.

Figure 11 presents the distribution of ovarian tumor
classification results on the training data of the OTU 2D-
OS and OTU 2D-DAS when using YOLOv7-e6 to classify

8 classes of ovarian tumors in ultrasound images. In Fig. 11,
the training results of YOLOv7-e6 are not much improved
on the original data (𝑅 = 0.95, 𝑃 = 0.96) and the augmented
data (𝑅 = 0.914, 𝑃 = 0.972). Figure 11 also shows the
distribution of prediction results R and P of labels (3: Theca
cell tumor, 4: Simple cysts, 6: Mucinous cystadenoma,
7: High grade serous cystadenoma) which have ten times
more confidence than labels (0: Chocolate cyst, 1: Serous
cystadenoma, 2: Teratoma, 5: Ovary normal). Therefore,
the results of classifying 8 ovarian tumor classes of labels
(0: Chocolate cyst, 1: Serous cystadenoma, 2: Teratoma,
5: Ovary normal) are better than labels (3: Theca cell
tumor, 4: Simple cysts, 6: Mucinous cystadenoma, 7: High
grade serous cystadenoma). The results in Tab. III are also
presented on YOLOv5, and YOLOv7 and the results show
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(a) Distribution of ovarian tumor classification results on the training data of the original data when using YOLOv5 to
classify with or without ovarian tumors in ultrasound images

(b) Distribution of ovarian tumor classification results on the training data of the data augment when using YOLOv5 to
classify with or without ovarian tumors in ultrasound images

Figure 10. Illustration of the distribution of ovarian tumor classification results on the training data of the OTU 2D-OS and OTU 2D-DAS when using
YOLOv5 to classify with or without ovarian tumors in ultrasound images.

that the detection and classification results of YOLOv5 have
the highest results at 83%.

Figure 12 shows the confusion matrix in classifying
8 ovarian tumor classes on ultrasound images of the
OTU 2D-OS and OTU 2D-DAS using YOLOv5. On the
OTU 2D-OS (left), the prediction result of label 7 (High
grade serous cystadenoma) is mistaken as background with
a rate of 0.2, and label 0 (Chocolate cyst) is also mistakenly
classified as background with a rate of 0.33. On the
OTU 2D-DAS (right), the prediction result of label 7 (High
grade serous cystadenoma) is mistaken as background with
a rate of 0.33, and label 1 (Serous cystadenoma) is also
mistakenly classified as background with a rate of 0.24.

Figure 13 shows the results of 𝑅 in comparison to the
distribution of YOLOv5 to classifier 8 ovarian tumor classes
when training on the OTU 2D-OS and OTU 2D-DAS with
100 epochs and 469 epochs. In this paper, we performed
YOLOv5 training to build a model to detect and classify
8 classes on the OTU 2D-OS and OTU 2D-DAS with a
number of epochs of 500. However, when training to epoch
469𝑡ℎ, the training process stopped due to the model can
not be improved further, because, after each parameter
adjustment at each epoch, the model will be evaluated

on the validation set. This shows that the ovarian tumor
detection and classification model that we trained at 100
epochs has reached the highest possible performance, it can
not get better with more epochs of training. Therefore, it
is reasonable to stop training the model at 100 epochs to
compare the results.

From the performance results, overfitting gradually de-
creased, leading to higher accuracy, which is better than
CNN models using OTU 2D-OS. For instance, when using
the YOLOv7 model with OTU 2D-DAS, the Precision met-
ric increased by 0.15. Similarly, when using the YOLOv5
model, the average 𝑅 metric increased by 0.06 compared to
using OTU 2D-OS. It can be said that the issue of detecting
and classifying ovarian tumors is very important in the
process of examining and diagnosing ovarian tumors for
patients. The results in Tab. II, Tab. III show that 𝑅 is
low. This proves that many ovarian tumors have not been
detected and classified properly. This is very dangerous in
detecting and diagnosing ovarian cancer. For example, a
woman has an ovarian tumor but it is not detected through
medical examination, and this person will not receive early
treatment for the tumor, which will lead to the tumor
becoming larger and metastasizing to organs, and others in
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TABLE III
THE RESULTS OF OVARIAN TUMOR DETECTION AND EIGHT CLASSES CLASSIFICATION (8-LABELS) ON THE OTU 2D-OS AND OTU 2D-DAS BY

YOLOV5, YOLOV7, AND OTHER YOLOV7 VARIATIONS (NUMBER OF EPOCHS FOR TRAINING THE MODELS = 100).

Classes/
Measurements Dataset Precision (P) Recall (R) mAP50

YOLO
v5

YOLO
v7

YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

YOLO
v5

YOLO
v7

YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

YOLO
v5

YOLO
v7

YOLO
v7-w6

YOLO
v7-d6

YOLO
v7-e6

Chocolate
cyst

OTU
2D-OS 0.82 0.57 0.58 0.55 0.53 0.65 0.76 0.75 0.75 0.80 0.74 0.69 0.70 0.70 0.71

OTU
2D-DAS 0.71 0.72 0.66 0.71 0.73 0.77 0.72 0.74 0.70 0.77 0.76 0.74 0.75 0.74 0.76

Serous
cystadenoma

OTU
2D-OS 0.91 0.44 0.42 0.37 0.39 0.64 0.86 0.85 0.94 0.86 0.81 0.62 0.56 0.57 0.62

OTU
2D-DAS 0.62 0.61 0.53 0.61 0.54 0.82 0.70 0.70 0.61 0.74 0.78 0.71 0.61 0.69 0.62

Teratoma
OTU

2D-OS 0.93 0.61 0.62 0.54 0.41 0.76 0.82 0.77 0.81 0.90 0.88 0.78 0.82 0.81 0.81
OTU

2D-DAS 0.80 0.80 0.82 0.81 0.65 0.86 0.69 0.76 0.74 0.82 0.89 0.79 0.83 0.81 0.80

Theca
cell

tumor

OTU
2D-OS 0.82 0.49 0.38 0.38 0.27 0.65 0.34 0.19 0.52 0.36 0.68 0.41 0.28 0.31 0.22

OTU
2D-DAS 0.79 0.80 0.76 0.64 0.54 0.60 0.68 0.61 0.57 0.58 0.68 0.74 0.61 0.64 0.65

Simple
cysts

OTU
2D-OS 0.83 0.99 0.00 0.15 0.12 0.74 0.11 0.00 0.37 0.16 0.72 0.27 0.13 0.15 0.12

OTU
2D-DAS 0.87 0.80 0.63 0.27 0.26 0.74 0.63 0.58 0.42 0.58 0.72 0.69 0.60 0.45 0.38

Ovary
normal

OTU
2D-OS 0.85 0.39 0.52 0.54 0.47 0.61 0.63 0.75 0.81 0.82 0.76 0.52 0.69 0.68 0.65

OTU
2D-DAS 0.74 0.70 0.56 0.59 0.66 0.70 0.48 0.81 0.75 0.71 0.76 0.61 0.72 0.66 0.68

Mucinous
cystadenoma

OTU
2D-OS 0.81 0.28 0.24 0.21 0.18 0.67 0.49 0.55 0.82 0.67 0.74 0.40 0.30 0.29 0.27

OTU
2D-DAS 0.84 0.67 0.53 0.61 0.53 0.65 0.48 0.39 0.57 0.48 0.77 0.60 0.53 0.50 0.55

High grade
serous

cystadenoma

OTU
2D-OS 0.65 0.39 0.33 0.27 0.23 0.61 0.20 0.27 0.13 0.30 0.64 0.22 0.17 0.16 0.20

OTU
2D-DAS 0.77 0.65 0.69 0.65 0.38 0.66 0.40 0.44 0.38 0.33 0.67 0.53 0.44 0.47 0.34

AVERAGE
OTU

2D-OS 0.83 0.52 0.39 0.38 0.32 0.66 0.53 0.51 0.64 0.61 0.75 0.49 0.46 0.46 0.45
OTU

2D-DAS 0.77 0.72 0.65 0.61 0.54 0.72 0.60 0.63 0.59 0.63 0.75 0.67 0.63 0.62 0.60

TABLE IV
COMPARISON OF PERFORMANCE OF YOLO-V5 WITH AND WITHOUT ”HUE ADJUSTING” AUGMENTATION TECHNIQUE

Class
ID

Precision Recall mAP50

OTU 2D
-DAS

OTU 2D
-DAS*

(without hue adjusting)

OTU 2D
-DAS

OTU 2D
-DAS*

(without hue adjusting)

OTU 2D
-DAS

OTU 2D
-DAS*

(without hue adjusting)
0 0.71 0.811 0.77 0.703 0.76 0.789
1 0.62 0.727 0.82 0.769 0.78 0.806
2 0.8 0.885 0.86 0.785 0.89 0.887
3 0.79 0.794 0.6 0.613 0.68 0.669
4 0.87 0.769 0.74 0.684 0.72 0.741
5 0.74 0.789 0.7 0.643 0.76 0.752
6 0.84 0.815 0.65 0.666 0.77 0.719
7 0.83 0.782 0.66 0.533 0.67 0.661

Average 0.77 0.797 0.72 0.675 0.75 0.757

the body When detected, the disease is in a late stage and
very difficult to treat. This reduces the patient’s chance of
survival. In medical examination and treatment, especially
when detecting ovarian tumors, it is often better to accept
”a mistake than to miss” it. Thereby increasing the ability
to detect early and promptly treat ovarian tumors. The
study also highlights significant obstacles in constructing
a support system for diagnosing ovarian tumors. Moving
forward, we will persist in enhancing CNNs for detecting

ovarian tumors and assessing their performance on addi-
tional datasets related to ovarian tumors.

The processing time for detecting and classifying 8
ovarian tumor classes on the OTU 2D-OS when performing
calculations on GPU, is shown in Tab. VII.

Based on the results in Tab. II, Tab. III, Fig. 11, Fig. 12,
Fig. 13, it can be seen that the results of detecting ovarian
tumors on ultrasound images with YOLOv5 are better
than those of YOLOv7. This problem occurs because the
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(a) Distribution of ovarian tumor classification results on the training data of the original data when using YOLOv7-e6 to
classify to 8 class ovarian tumors in ultrasound image

(b) Distribution of ovarian tumor classification results on the training data of the original data when using YOLOv7-e6 to
classify to 8 class ovarian tumors in ultrasound image

Figure 11. Illustration of the distribution of ovarian tumor classification results on the OTU 2D-OS and OTU 2D-DAS training data when using
YOLOv7-e6 to classify to 8 class ovarian tumors in ultrasound images.

Figure 12. The confusion matrix in classifying 8 ovarian tumor classes on ultrasound images of the OTU 2D-OS and OTU 2D-DAS using YOLOv5.

difference between YOLOv5 and YOLOv7 is mainly about
computational speed in object detection, higher resolution
allows YOLO v7 to detect smaller objects. In this paper,
the size of the normalized input image is 320× 240 pixels.
When used in YOLOv5, the size of the image is changed to
640×640 pixels, and when using YOLOv7, the input image
size is mainly changed to 1280 × 1280 pixels. Therefore,
the object prediction on a much larger image makes the

learning set less efficient. Hence, the object detection result
of YOLOv7 is lower than that of YOLOv5. The results in
Tab. III have increased 0.116 because the data has been
augmented for the training set, which only YOLOv7 has
increased results and YOLOv5 has not improved results.

Figure 15 shows the detection and classification of the
8 classes of ovarian tumors. The label of the class and the
confidence coefficient of the prediction are shown on the
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(a) Distribution of ovarian tumor classification results on the training data of the original data when when training on the
OTU 2D-OS and OTU 2D-DAS with 100 epochs and 469 epochs

(b) Distribution of ovarian tumor classification results on the training data of the original data when training on the OTU
2D-OS and OTU 2D-DAS with 100 epochs and 469 epochs

Figure 13. The recall distribution of YOLOv5 when classifying 8 ovarian tumor classes when training on the OTU 2D-OS and OTU 2D-DAS with 100
epochs and 469 epochs.

bounding box. Each label will be represented by a distinct
color of the bounding box.

Figure 14. The result of detection and classification by YOLOv5 with 8
classes of ovarian tumors.

Figure 16 shows a wrong classification result using
YOLOv5, on an area of ovarian tumor with 2 delineated
bounding boxes. Where the bounding box on the outside is
the wrong prediction.

During the experimentation process, there were some
failure cases in which the proposed method could not detect
tumors as shown in Fig. 17, or incorrect delineation of the

Figure 15. The result of detection and classification by YOLOv5 with
1-label.

regions. It can be seen that the case in Fig. 17 is very
challenging, the tumor area data is weakly differentiated
from the normal data area of the ultrasound image.

V. CONCLUSION

In this work, we augmented only the training dataset
without making any changes to the testing set. This is a
common practice when applying augmentation techniques
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TABLE V
THE RESULTS OF OVARIAN TUMOR DETECTION AND EIGHT CLASSES

CLASSIFICATION (8-LABELS) ON THE OTU 2D-OS BY YOLOV5
(EPOCH = 100) WITH THRESHOLD 𝐼𝑂𝑈 = 0.25 AND 𝐼𝑂𝑈 = 0.75.

IOU
Measurement/

Index
classes

P R mAP25

IOU=0.25

0 0.849 0.665 0.81

1 0.913 0.635 0.827
2 0.943 0.766 0.896
3 0.818 0.645 0.681
4 0.838 0.737 0.721
5 0.87 0.616 0.799
6 0.807 0.667 0.736
7 0.786 0.736 0.779

Average 0.853 0.683 0.781
Measurement/

Index
classes

P R mAP75

IOU=0.75

0 0.778 0.609 0.644
1 0.869 0.605 0.742
2 0.749 0.609 0.65
3 0.777 0.613 0.628
4 0.84 0.737 0.715
5 0.555 0.391 0.347
6 0.771 0.636 0.696
7 0.643 0.6 0.602

Average 0.748 0.6 0.628

TABLE VI
THE RESULTS OF OVARIAN TUMOR DETECTION AND EIGHT CLASSES

CLASSIFICATION (8-LABELS) ON THE OTU 2D-DAS BY YOLOV5
(EPOCH = 100) WITH THRESHOLD 𝐼𝑂𝑈 = 0.25 AND 𝐼𝑂𝑈 = 0.75.

IOU
Measurement/

Index
classes

P R mAP25

IOU=0.25

0 0.765 0.809 0.839

1 0.701 0.788 0.799
2 0.827 0.806 0.864
3 0.822 0.548 0.644
4 0.913 0.632 0.755
5 0.722 0.782 0.731
6 0.961 0.755 0.839
7 0.713 0.499 0.615

Average 0.803 0.702 0.761
Measurement/

Index
classes

P R mAP75

IOU=0.75

0 0.599 0.625 0.603
1 0.707 0.788 0.786
2 0.658 0.639 0.617
3 0.824 0.548 0.64
4 0.922 0.626 0.713
5 0.483 0.517 0.349
6 0.961 0.748 0.813
7 0.616 0.43 0.453

Average 0.721 0.615 0.622

to enrich the training set for deep learning models. The
testing set should be kept in its original form. In the future,
we will conduct more experiments with larger datasets and
compare the results with the current findings.

We perform an initial comparative study in tumor detec-
tion (classifying one class with or without a tumor) and

TABLE VII
THE PROCESSING TIME (FPS) FOR DETECTING AND CLASSIFYING 8

OVARIAN TUMOR CLASSES ON THE OTU 2D-OS WHEN PERFORMING
CALCULATIONS ON GPU AND CPU.

Methods Type YOLO
v5

YOLO
v7

Processing
time GPU 166 204

Processing
time CPU 0.7 2.04

Figure 16. The result shows a misclassification result using YOLOv5, on
an area of ovarian tumor with 2 delineated bounding boxes.

Figure 17. Illustrating the case of undetectable ovarian tumor on ultra-
sound image.

classifying eight classes of ovarian tumors on ultrasound
using YOLOv5 and YOLOv7-p6. With 𝑚𝐴𝑃 of ovarian
tumors detection and one class classification is 0.86 to 0.92
of YOLOv5 and YOLOv7-p6. From 0.45 to 0.75 of 𝑚𝐴𝑃

when ovarian tumors were detected and eight classes of
classification.

At the same time, we also fine-tuned the tumor detection
and classification model on an augmented training dataset.
The results show that data augmentation increases the re-
sults by 0.116. In particular, we also show YOLO’s superior
computation time compared to other methods for ovarian
tumor detection and classification (YOLOv7’s processing
speed is 204fps on GPU and 2.04fps on CPU). In the
future, other deep learning networks could be investigated
and improved for tumor detection and and classification.

ACKNOWLEDGMENT

This research is funded by Ministry of Science and Technology
(MOST) under grant number KC-4.0-45/19-25 ”Research and
development of a computer-aided support system for ovarian
cancer diagnosis using ultrasound images“.

113



Journal on Information Technologies & Communications

REFERENCES
[1] N. C. Institute, “Cancer Stat Facts: Ovarian Cancer,” https://

seer.cancer.gov/statfacts/html/ovary.html, 2023, [Online; ac-
cessed 14-July-2023].

[2] Vietnam, “Overcrowding strains HCM City
hospitals, doctors,” https://en.vietnamplus.vn/
vietnam-to-publicly-rank-quality-of-hospitals/87505.vnp,
2023, [Online; accessed 14-July-2023].

[3] J. R. Astley, J. M. Wild, and B. A. Tahir, “FUNCTIONAL
IMAGING OF THE LUNG SPECIAL FEATURE : Artificial
intelligence in functional imaging of the lung,” Br J Radiol.
2022 Apr 1; 95(1132): 20201107, no. April 2021, 2022.

[4] Z. Jin, T. Gan, P. Wang, Z. Fu, C. Zhang, Q. Yan,
X. Zheng, X. Liang, and X. Ye, “Deep learning
for gastroscopic images: computer-aided techniques for
clinicians,” BioMedical Engineering Online, vol. 21, no. 1,
pp. 1–41, 2022. [Online]. Available: https://doi.org/10.1186/
s12938-022-00979-8

[5] P.-T. Nguyen, M.-Q. Le, Q.-T. Dao, V. A. Tran, V.-H.
Dao, and T.-H. Tran, “Automatic classification of upper
gastrointestinal tract diseases from endoscopic images,” in
2022 11th International Conference on Control, Automation
and Information Sciences (ICCAIS). IEEE, 2022, pp. 442–
447.

[6] T.-H. Tran, D. H. Vu, D. H. Tran, K. L. Do, P. T. Nguyen,
V. T. Nguyen, L. T. Nguyen, N. K. Ho, H. Vu, and V. H.
Dao, “Dcs-unet: Dual-path framework for segmentation of
reflux esophagitis lesions from endoscopic images with u-
net-based segmentation and color/texture analysis,” Vietnam
Journal of Computer Science, vol. 10, no. 02, pp. 217–242,
2023.

[7] P. Xue, J. Wang, D. Qin, H. Yan, Y. Qu, S. Seery, Y. Jiang,
and Y. Qiao, “Deep learning in image-based breast and
cervical cancer detection: a systematic review and meta-
analysis,” npj Digital Medicine, vol. 5, no. 1, 2022.

[8] E. Mahoro and M. A. Akhloufi, “Applying Deep Learning
for Breast Cancer Detection in Radiology,” Current Oncol-
ogy, vol. 29, no. 11, pp. 8767–8793, 2022.

[9] A. S. Lundervold and A. Lundervold, “An overview of deep
learning in medical imaging focusing on MRI,” Zeitschrift
fur Medizinische Physik, vol. 29, no. 2, pp. 102–127, 2019.

[10] B. Usha and S. Sandya, “Abnormality Detection in Ovar-
ian Ultrasound Images using Active Contours,” Journal of
Biomedical Engineering and Medical Imaging, vol. 1, no. 4,
pp. 14–23, 2014.

[11] T.-l. Pham, V.-h. Le, T.-h. Tran, and D. H. Vu, “Comprehen-
sive study on Semantic Segmentation of Ovarian Tumors
from Ultrasound Images,” in Conference on Information
Technology and its Applications, 2023.

[12] J. Redmon and A. Farhadi, “YOLOv3: An Incremental
Improvement,” https://arxiv.org/pdf/1804.02767.pdf, 2018.
[Online]. Available: http://arxiv.org/abs/1804.02767

[13] X. Zhu, S. Lyu, X. Wang, and Q. Zhao, “TPH-YOLOv5: Im-
proved YOLOv5 Based on Transformer Prediction Head for
Object Detection on Drone-captured Scenarios,” Proceedings
of the IEEE International Conference on Computer Vision,
vol. 2021-October, pp. 2778–2788, 2021.

[14] G. Weng, D. Liu, L. Liu, Q. Wan, and S. Wu, “Research
on an improved yolov7 algorithm for road surface crack
detection,” 2023.

[15] S. Srivastava, P. Kumar, V. Chaudhry, and A. Singh, “De-
tection of ovarian cyst in ultrasound images using fine-
tuned vgg-16 deep learning network,” SN Computer Science,
vol. 1, pp. 1–8, 2020.

[16] M. Akazawa and K. Hashimoto, “Artificial intelligence in
ovarian cancer diagnosis,” Anticancer research, vol. 40,
no. 8, pp. 4795–4800, 2020.

[17] Q. Zhao, S. Lyu, W. Bai, L. Cai, B. Liu, M. Wu, X. Sang,
M. Yang, and L. Chen, “A multi-modality ovarian tumor
ultrasound image dataset for unsupervised cross-domain
semantic segmentation,” CoRR, vol. abs/2207.06799, 2022.

[18] P. Chlap, H. Min, N. Vandenberg, J. Dowling, L. Holloway,
and A. Haworth, “A review of medical image data augmen-
tation techniques for deep learning applications,” Journal of
Medical Imaging and Radiation Oncology, vol. 65, no. 5,
pp. 545–563, 2021.

[19] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You
only look once: Unified, real-time object detection,” in
Proceedings of the IEEE conference on computer vision and
pattern recognition, 2016, pp. 779–788.

[20] Y. Zhu, S. Li, W. Du, and Y. Du, “Identification of table
grapes in the natural environment based on an improved
yolov5 and localization of picking points,” Precision Agri-
culture, vol. 24, no. (4), pp. 1–22, 2023.

[21] A. Bochkovskiy, C. Y. Wang, and H. Y. M. Liao, “YOLOv4:
Optimal Speed and Accuracy of Object Detection,” arXiv,
2020.

[22] C.-Y. Wang, A. Bochkovskiy, and H.-Y. M. Liao, “YOLOv7:
Trainable bag-of-freebies sets new state-of-the-art for real-
time object detectors,” https://arxiv.org/pdf/2207.02696.pdf,
pp. 7464–7475, 2022. [Online]. Available: http://arxiv.org/
abs/2207.02696

[23] N. Sathiadhas Puvaneswari, “Detection of polycystic ovarian
syndrome using convolutional neural network in conjunction
with transfer learning models,” Ph.D. dissertation, Dublin,
National College of Ireland, 2022.

[24] T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona,
D. Ramanan, P. Dollár, and C. L. Zitnick, “Microsoft coco:
Common objects in context,” in European conference on
computer vision. Springer, 2014, pp. 740–755.

Thi-Loan Pham received Bachelor degree
at Faculty Information Technology Hanoi
Pedagogical University 2 (2007). She re-
ceived M.Sc. degree at University of Engi-
neering and Technology (2012). Currently,
she is a lecture of HaiDuong University and
is a PhD student of School of Electrical
and Electronic Engineering (SEEE), Hanoi

University of Science and Technology, Vietnam. Her research
interests include Ovarian cancer on Ultrasound images.
Email: phamthiloan2011@gmail.com

Van-Hung Le received M.Sc. degree at
Faculty Information Technology- Hanoi
National University of Education (2013).
He received PhD degree at Interna-
tional Research Institute MICA HUSTC-
NRS/UMI - 2954 - INP Grenoble (2018).
Currently, he is a lecture of Tan Trao
University. His research interests include

Computer vision, RANSAC and RANSAC variation.
Email: van-hung.le@mica.edu.vn

114



Vol. 2024, No. 2, September

Thi-Lan Le graduated in Information
Technology from Hanoi University of Sci-
ence and Technology (HUST), Vietnam.
She obtained an MS. degree in Signal Pro-
cessing and Communication from HUST,
Vietnam. In 2009, she received her Ph.D.
degree at INRIA Sophia Antipolis, France
in video retrieval. She is currently associate

professor at School of Electrical and Electronic Engineering
(SEEE), HUST, Vietnam. Her research interests include images
processing, computer vision, content-based indexing and retrieval,
video understanding and human-robot interaction.
Email: Thi-Lan.Le@mica.edu.vn

Thanh-Hai Tran graduated an engineer’s
degree in Information Technology from
Hanoi University of Science and Technol-
ogy (HUST) in 2001. She holds a M.S.
degree and a Ph.D degree in Imagery Vi-
sion Robotic from Grenoble INP, France, in
2002 and 2006 respectively. Currently, she
is a lecturer/researcher at School of Elec-

tronics and Telecommunications and Computer Vision Depart-
ment, International Research Institute in Multimedia, Information,
Communication and Application, HUST. Her main research inter-
ests are visual object recognition, video understanding, human-
robot interaction and text detection for applications in Computer
Vision.
Email: hai.tranthithanh1@hust.edu.vn

Duy-Hai Vu is an associate professor
of biomedical engineering, director of
Biomedical Electronics Center at Hanoi
University of Science and Technology. He
received the PhD degree from the Hanoi
University of Science and Technology in
2013 and became the associate professor
of biomedical engineering in 2016. His re-

search ranges are bio-signal processing and applications, medical
devices and technology, integrated electronic medical record, med-
ical IoT and AI for health. Manufacturing equipment used in the
covid-19 pandemic: BKVM-HF1 (HFNC), BK-Vent (Ventilator),
BK-NICO (ICG Cardiac Output Measurement Equipment.
Email: hai.vuduy@hust.edu.vn

Hai Vu received BE in Electronics and
Telecommunications in 1999 and M.E. in
Information Processing and Communica-
tion in 2002, both from HUST, Hanoi,
Vietnam. He received Ph.D. in Computer
Science from Osaka University, Japan, in
2009. He has been a lecturer/researcher in
HUST, Hanoi, Vietnam since 2012. His

current research interests are in Computer Vision, Pattern Recog-
nition, and Human-Computer Interactions.
Email: hai.vu@hust.edu.vn

115



Journal on Information Technologies & Communications

Method for Mining High-utility Patterns in
Transaction Stream Data based on Linked List
Structure
Minh-Thai Tran1, Anh-Duy Tran1, Duc-Thanh Pham1, Minh-Nguyen Le1

1 Faculty of Information Technology, Ho Chi Minh City University of Foreign Languages - Information Technology,
Vietnam
Correspondence: Minh-Thai Tran, thaitm@huflit.edu.vn,
Communication: received 15 Dec 2023, revised 18 Apr 2024, accepted 23 May 2024
Digital Object Identifier: 10.32913/mic-ict-research.v2024.n2.1249

Abstract: Mining valuable patterns in data streams presents
a significant challenge in the field of data mining. This
task is crucial as it allows for the identification of highly
profitable item sets within transaction databases. However, as
new transactions are continually added, new valuable patterns
emerge, thus changing the usefulness of previously analyzed
data. It is essential to promptly update information regarding
these changes to enable effective business decision-making.
Consequently, existing mining methods applied to transac-
tion flow datasets require considerable time to identify new
patterns and update information related to new transactions.
This article focuses on the research and proposal of a new
transaction stream data mining method called High-Utility
Stream Linked-List Mining. The method utilizes a linked
list structure known as the High-Utility Stream Linked List
(HUSLL) to store information about patterns in the database.
Mining and updating transaction information are directly
performed on the HUSLL structure. Experimental results
demonstrate that this novel mining method exhibits more
efficient execution times compared to previous solutions.

Keywords: transaction stream data, data mining, high-utility
item set.

I. INTRODUCTION

Mining association rules [1] is one of the important top-
ics in the field of data mining. Typically, association rules
in mining are bifurcated into two stages: frequent pattern
mining, also known as frequent item sets, followed by
the generation of rules from these frequent patterns. How-
ever, some patterns, although not frequent, carry a higher
value, such as instances where users purchase a few items
with each item holding greater value than the remaining
items. Consequently, frequent pattern mining encounters
limitations when not considering both the number of items
(internal utility value) and the value of the items (external

utility value) purchased. To address these limitations, high-
utility pattern mining is introduced, which considers both
internal and external utility values to determine high-utility
patterns within the transaction database [2]. Various high-
utility pattern mining algorithms are proposed, including
HMiner [3], EFIM [4], MAHI [5] and UBP-Miner [6].

However, existing algorithms are designed for static
datasets, where data remains unchanged over time. Yet,
the utility of a pattern or set of items may vary over
time, such as beach tourism-related items being highly
useful in the summer but rarely purchased in the winter.
Consequently, methods for mining high-utility patterns over
time are proposed to extract useful patterns in continuously
updated databases. These methods include mining high-
utility patterns on growing databases, such as HUI-list-
INS algorithms [7], EIHI [8], LIHUP [9], and others.
Additionally, transactional data stream mining methods,
such as MHUI-BIT [10], MHUI-TID [10], and HUPMS
[11] are introduced.

The current limitation of transaction stream data mining
methods lies in the generation of considerable intermediate
data when using prefix tree or condition tree structures
for mining. Furthermore, during data update operations,
specifically sliding window movement operations, updating
the state of intermediate data structures incurs significant
time and memory costs. This article proposes a list structure
called High-Utility Stream Linked List (HUSLL), designed
for efficient storage of data related to highly useful patterns
in the database, enabling quick updates whenever a sliding
window shift occurs. Specifically, the article introduces
the High-Utility Stream Linked-List Mining (HSLM) algo-
rithm, exploiting the HUSLL structure to detect high-utility
patterns in the transaction stream database.

By using a list structure, pattern mining can be ap-
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proached differently than with the HUPMS algorithm. The
list structure can provide more flexible mining methods, op-
timizing the process of extracting pattern information. This
can ensure that data is efficiently and accurately mined.
Furthermore, with the list structure, updating the pattern
information storage structure when there is a window shift
can be optimized. When the sliding window moves, the
list can be updated flexibly and efficiently. This helps save
time and resources in updating the pattern information.
Additionally, using a list structure can also change the way
information is stored for parallel mining operations. The
list structure can enhance the efficiency of parallel mining
processes by partitioning and managing pattern information
better.

The remainder of the article is structured as follows.
Section II presents related research, followed by concepts
and definitions in Section III. Section IV details the pro-
posed method, while Section V showcases experimental
results. Finally, conclusions and future research directions
are discussed in Section VI.

II. RELATED WORKS

Frequent pattern mining has received significant attention
and research since the introduction of the Apriori algorithm
by Agrawal and Srikant in 1994 [1]. This algorithm utilizes
the Apriori property, which states that “All nonempty
subsets of a frequent itemset are frequent.“ In the pattern
generation process, if an infrequent pattern emerges, there
is no need to generate a parent pattern for that candidate,
allowing for the early elimination of candidates to reduce
space and exclude non-frequent patterns. However, a no-
table drawback is the algorithm’s tendency to generate a
large number of candidates, requiring multiple database
scans to verify pattern popularity and thus increasing the
overall mining process cost. In 2000, Han et al. proposed
the FP-Growth algorithm [12] to address this limitation by
exploiting frequent patterns without generating candidate
patterns. This algorithm utilizes a tree structure called FP-
Tree to store pattern information and employs a divide-and-
conquer strategy for frequent pattern generation. Initially,
the algorithm scans the database to identify sets with a
length of 1 (1-itemset). Subsequently, the FP-Tree structure
is constructed to identify frequent patterns within the 1-
item set. While finding frequent patterns in trees incurs
lower costs, the time required to generate FP-Trees may
increase with larger databases. Following this, several other
algorithms have been proposed to enhance the efficiency
of frequent pattern mining, including LP-Growth [13],
PMRARIM-IEG [14], and based on a linear table [15].

Frequent pattern mining algorithms are known for their
focus on examining the occurrence frequency of patterns.

However, many real-world problems require considering
additional characteristics of the data, such as the internal
utility value and external utility value of each item within
a transaction. Frequent pattern mining algorithms do not
meet this requirement. As a result, high-utility pattern
mining algorithms, such as those proposed by [3], [4],
[16], and [17], have been introduced. In 2005, Liu et al.
[18] presented the Two-Phase algorithm for mining high-
utility patterns, which builds upon the Apriori algorithm.
To leverage the characteristics of the Apriori algorithm,
Liu introduced the concept of transaction utility weights
(TWUs) to estimate high-utility patterns based on utility
weights. Currently, other mining methods such as FHM
[16] and D2HUP [17] have been proposed for mining
high-utility patterns using data structures like lists. The
effectiveness of applying these list structures has been
demonstrated on various experimental datasets.

Business analytics and decision support applications face
the challenge of handling large and continuously growing
volumes of data over time. A prime example is sales data,
which is consistently updated with each customer purchase.
While there exist high-utility pattern mining algorithms
such as HMiner [3], EFIM [4], D2HUP [17], MAHI [5] and
UBP-Miner [6]. these algorithms are designed to operate on
static data. In other words, they do not accommodate data
updates during the mining process, making them unsuitable
for addressing the real-world mining needs of continuously
evolving datasets.

To address the limitations of static data mining algo-
rithms, several approaches have been proposed for in-
cremental databases. In 2008, Yeh et al. [19] introduced
two algorithms based on the Apriori approach: Incremen-
tal Utility Mining and Fast Incremental Utility Mining.
These algorithms focus on generating candidates and testing
to identify high-utility patterns. In 2009, Ahmed et al.
[20] presented the IHUP algorithm, which utilizes a tree
structure for mining high-utility patterns in incremental
data. Several tree-based mining algorithms have since been
proposed, such as iCHUM [21] and HUPID-Growth [22]. In
2015, Lin et al. [7] introduced a list-based mining algorithm
named HUI-list-INS. Additionally, Fournier-Viger et al. [8]
proposed EIHI, another list-based algorithm in the same
year. In 2017, Yun et al. [9] presented the LIHUP algorithm,
which stands out for its ability to mine high-utility patterns
in a dynamic environment without the need to generate
candidates.

Furthermore, research has extended to mining algorithms
for incremental data and transaction stream data. Trans-
action stream data, characterized by continuous updates
and item ordering over time, presents unique challenges.
Items or sets of items may exhibit varying levels of utility
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over different periods. Sliding window-based algorithms,
such as MHUI-BIT [10] and MHUI-TID [10], have been
proposed to handle the dynamic nature of continuously
changing datasets. However, these algorithms are noted for
generating a significant number of candidates, which poses
a limitation.

Three main models are currently being used to mine
high-utility itemsets in data streams. The first model is
the landmark model: It mines all high-utility itemsets
from the past to the present at a given time point from
the data stream. The MAHUSP [23] algorithm that was
proposed in 2017 is included among them. To store the
necessary patterns, this algorithm utilizes a tree structure
called MAS-Tree. MAHUSP remains limited in its memory
capacity when adding new potential patterns to the tree.
The second model is time decay models: This model is
designed to find the latest relevant information from the
data by distinguishing the importance of old and new
transactions through a weight. In this model, GENHUI
[24] and HAUPM [25] are two typical algorithms that
are included. Lastly, the sliding window model: Separate
the stream data into multiple batches, each batch having
multiple transactions. The window will only keep a specific
number of the latest batches in the stream data. Once there
is new stream data, the data in the old batches will be
excluded and the new transactions will be added to the
window as the last batch. In this paper, we focus on the
approach of mining high-utility itemsets from stream data
using the sliding window model.

In 2010, Ahmed et al. [11] introduced a high-utility
pattern mining algorithm designed for stream data known as
HUP Mining over Stream Data (HUPMS). This algorithm
utilizes a tree structure named HUS-Tree to store data
stream information and conducts high-utility pattern mining
based on this structure. Each time the sliding window
changes, the algorithm updates the information of the nodes
in the tree. The HUPMS algorithm involves generating
prefix trees and condition trees as intermediate structures
during the mining process. High-utility patterns are then
derived from the conditional tree. However, a limitation of
this algorithm is the necessity to generate numerous prefix
trees and condition trees each time a pattern is mined,
resulting in significant time consumption. Additionally,
employing a storage tree structure requires updating the
state of each node whenever the sliding window moves,
especially if non-leaf nodes must be deleted, leading to
increased processing time. Also, approaching from the
perspective of a sliding window, the SHU-Growth [26]
algorithm used a tree structure similar to HUS-Tree to
store highly useful pattern information in the current sliding
window. However, the strength of SHU-Growth lies in the

addition of two techniques, Reducing Global Estimated
Utilities and Reducing Local Estimated Utilities, aimed at
reducing the search space and pruning out unpromising
candidate patterns. In some datasets, experimental results
have indicated that it is more effective than HUPMS.

Most recently, in 2022, Reddy et al. proposed an im-
proved algorithm based on a tree structure called EGUI-
Tree [27] to mine high utility itemsets from streaming data
under the sliding window model. In this algorithm, each
node in the tree stores information about the candidate
patterns, including the transaction utility value and the
remaining utility value. The authors proposed a formula
to recalculate the utility value of patterns after each infor-
mation update to reduce search space. The limitation of this
algorithm is that the update operation involves updating the
entire tree structure, including modifying the pattern values
in each node, using batch information update operations,
and shifting batch positions, which requires a significant
amount of time and memory to execute. In addition, the
deletion operation still has the limitation of the HUPMS
algorithm when it needs to check all the information of the
child nodes of the node to be deleted.

To overcome these limitations, this article proposes a
high-utility pattern mining method based on a linked list
structure called HUSLL. Unlike the HUPMS algorithm,
this method eliminates the need to construct prefix trees
or condition trees while still effectively identifying high-
utility patterns in the transaction stream database. Utilizing
a list structure simplifies node updates, thereby reducing
processing time when handling data updates.

III. PROBLEM DEFINITION

This article adopts and builds upon definitions from
previous studies [28]. Let 𝐼 = {𝑖1, 𝑖2, . . . , 𝑖𝑛} represent the
set of items (or events), and 𝐷 = {𝑇1, 𝑇2, . . . , 𝑇𝑚} represent
the transaction database, where each 𝑇𝑗 ∈ 𝐷 is a children’s
set of items from 𝐼.

Definition 1: The internal utility of each item, denoted as
𝑖𝑢(𝑖, 𝑇𝑗 ), is the frequency of item 𝑖 appearing in transaction
𝑇𝑗 . For instance, in Table I, item 𝑎 appears twice in
transaction 𝑇1, so the internal utility of item 𝑎 in transaction
𝑇1 is denoted as 𝑖𝑢(< 𝑎 >,𝑇1) = 2.

Definition 2: External utility of each item, denoted as
𝑒𝑢(𝑖), represents the value of item 𝑖. For example, in Table
II, the external utility of item 𝑎 is 𝑒𝑢(< 𝑎 >) = 5.

Definition 3: The utility of item 𝑖 in transaction 𝑇𝑗 ,
denoted as 𝑢(𝑖, 𝑇𝑗 ), is calculated by the formula (1):

𝑢(𝑖, 𝑇𝑗 ) = 𝑒𝑢(𝑖) × 𝑖𝑢(𝑖, 𝑇𝑗 ) (1)

For example 𝑢(< 𝑎 >,𝑇1) = 2 × 5 = 10, using data from
Table I and Table II.
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Definition 4: The utility of itemset 𝑋 in transaction 𝑇𝑗 ,
denoted as 𝑢(𝑋,𝑇𝑗 ), is calculated by the formula (2):

𝑢(𝑋,𝑇𝑗 ) =
∑︁
𝑖∈𝑋

𝑢(𝑖, 𝑇𝑗 ) (2)

Where 𝑋 = {𝑖1, 𝑖2, . . . , 𝑖𝑘} is the set of 𝑘 items, 𝑋 ⊆ 𝑇𝑗 and
1 ≤ 𝑘 ≤ 𝑛. For example, the item set < 𝑎𝑐 > in transaction
𝑇1 has a utility of 𝑢(< 𝑎𝑐 >,𝑇1) = 2×5+3×10 = 40, using
data from Table I and Table II.

Definition 5: The utility of itemset 𝑋 in the database,
denoted as 𝑢(𝑋), is calculated by the formula (3):

𝑢(𝑋) =
∑︁

𝑋⊆𝑇𝑗 ,𝑇𝑗 ∈𝐷
𝑢(𝑋,𝑇𝑗 ) (3)

For example, the utility of < 𝑎𝑐 > in Table I is 𝑢(< 𝑎𝑐 >
) = 𝑢(< 𝑎𝑐 >,𝑇1) + 𝑢(< 𝑎𝑐 >,𝑇5) + 𝑢(< 𝑎𝑐 >,𝑇6) + 𝑢(<
𝑎𝑐 >,𝑇7) = 235.

Definition 6: The utility of transaction 𝑇𝑗 , denoted as
𝑡𝑢(𝑇𝑗 ), is the total utility value of the items included in
transaction 𝑇𝑗 , calculated by formula (4):

𝑡𝑢(𝑇𝑗 ) =
∑︁
𝑖∈𝑇𝑗

𝑢(𝑖, 𝑇𝑗 ) (4)

For example, the utility of transaction 𝑇1 in Table I is
𝑡𝑢(𝑇1) = 𝑢(< 𝑎 >,𝑇1) + 𝑢(< 𝑐 >,𝑇1) + 𝑢(< 𝑑 >,𝑇1) =

2 × 5 + 3 × 10 + 4 × 7 = 68.

Definition 7: The minimum utility threshold 𝛿 is a
predetermined percentage value based on the total utility
value of all transactions in the database. In Table I, the
total utility of all transactions is 734. The minimum utility
value can be defined using formula (5):

𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 𝛿 ×
∑︁
𝑇𝑗 ∈𝐷

𝑡𝑢(𝑇𝑗 ) (5)

For example, when 𝛿 = 20%, the minimum utility value
is calculated as 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 20% × 734 = 146.8. A set of
items 𝑋 is deemed a high-utility pattern if 𝑢(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.
The problem of mining high-utility patterns is framed as
identifying all sets 𝑋 that satisfy the condition 𝑢(𝑋) ≥
𝑚𝑖𝑛𝑢𝑡𝑖𝑙.

In the frequent pattern mining problem, the Apriori property
proves valuable for the early elimination of infrequent
patterns by showing that all extensions of an infrequent
event are also infrequent. However, this property does
not apply to the problem of mining high-utility patterns.
For instance, if 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 is set at 146.8, then the pattern
< 𝑎 > in Table I is not considered a high-utility pattern
because 𝑢(< 𝑎 >) = 115. Nevertheless, the extended set of
< 𝑎 > is < 𝑎𝑐 >, which qualifies as a high-utility pattern
since 𝑢(< 𝑎𝑐 >) = 235. Consequently, a measure called
utility weight has been introduced to address the high-utility
pattern mining problem.

Definition 8: The transaction weight utility of a set of
items 𝑋 , denoted as 𝑡𝑤𝑢(𝑋), is calculated as the sum of
the utility values of transactions containing 𝑋 , defined by
formula (6):

𝑡𝑤𝑢(𝑋) =
∑︁

𝑋⊆𝑇𝑗 ,𝑇𝑗 ∈𝐷
𝑡𝑢(𝑇𝑗 ) (6)

For example, in Table I the transaction weight utility of
the item < 𝑑 > is calculated as 𝑡𝑤𝑢(< 𝑑 >) = 68 + 43 =

111. The Apriori property can be applied to this measure.
For example, with 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 = 146.8, then 𝑡𝑤𝑢(< 𝑑 >) <
𝑚𝑖𝑛𝑢𝑡𝑖𝑙. Subsequently, the expanded pattern of < 𝑑 > is
< 𝑑𝑐 >, which also exhibits a transaction weight utility
smaller than minutil or 𝑡𝑤𝑢(< 𝑑𝑐 >) < 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.
A pattern 𝑋 is considered a high transaction-weighted
utility pattern if 𝑡𝑤𝑢(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙.

Transaction stream data is a prevalent type of data in
practical applications, encompassing sales data, website
operations data, weather data, etc. In this type of data,
the volume is unlimited and can grow over time. A batch
of transactions comprises numerous individual transactions,
while a window encompasses several batches. Figure 1
illustrates an example of transaction stream data, with the
database divided into four equal-sized batches and two
windows. Each batch contains two transactions, and each
window comprises three batches. Window 𝑊1 includes
batches 𝐵1, 𝐵2, and 𝐵3, while window 𝑊2 includes batches
𝐵2, 𝐵3, and 𝐵4.

Definition 9: A transaction 𝑇 is said to be reorganized, if
the items present in 𝑇 are arranged in the increasing order of
their 𝑡𝑤𝑢 values [27]. For example, reorganized transaction
for 𝑇1 = {< 𝑎 >, < 𝑐 >, < 𝑑 >} is {< 𝑑 >, < 𝑎 >, < 𝑐 >}
because 𝑡𝑤𝑢(< 𝑑 >) = 111 < 𝑡𝑤𝑢(< 𝑎 >) = 439 < 𝑡𝑤𝑢(<
𝑐 >) = 647.

Definition 10: Given an itemset 𝑋 and a reorganized
transaction 𝑇 with 𝑋 ⊆ 𝑇 , the set of items after 𝑋 in 𝑇 is
represented as 𝐴(𝑇/𝑋) and are available in 𝑇 followed by
𝑋 . For example, set of items after itemset (< 𝑑 >, < 𝑎 >)
in 𝑇1 given by 𝐴(𝑇1/{< 𝑑 >, < 𝑎 >}) = {< 𝑐 >}.

Definition 11: The remaining utility [27] of itemset 𝑋
in a reorganized transaction 𝑇𝑗 , denoted as 𝑟𝑢(𝑋,𝑇𝑗 ), is
calculated by the formula (7):

𝑟𝑢(𝑋,𝑇𝑗 ) =
∑︁

𝑖𝑘⊆𝐴(𝑇𝑗/𝑋)
𝑢(𝑖𝑘 , 𝑇𝑗 ) (7)

For example, 𝑟𝑢(< 𝑑 >,𝑇1) = 𝑢(< 𝑎 >,𝑇1)+𝑢(< 𝑐 >,𝑇1) =
2 × 5 + 3 × 10 = 40.

Definition 12: The utility of itemset 𝑋 in a batch 𝐵𝑘 is
defined by formula (8):

𝑢𝐵𝑘
(𝑋) =

∑︁
𝑇𝑗 ∈𝐵𝑘

𝑢(𝑋,𝑇𝑗 ) (8)
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TABLE I
TRANSACTION DATABASE

TID < 𝑎 > < 𝑏 > < 𝑐 > < 𝑑 > < 𝑒 > tu

𝑇1 2 0 3 4 0 68

𝑇2 4 3 0 0 0 44

𝑇3 0 5 7 0 0 110

𝑇4 0 2 0 1 5 43

𝑇5 6 7 2 0 0 106

𝑇6 3 0 5 0 1 69

𝑇7 8 8 4 0 2 152

𝑇8 0 9 5 0 5 142

TABLE II
EXTERNAL UTILITY OF ITEMS

Item eu(i)

< 𝑎 > 5

< 𝑏 > 8

< 𝑐 > 10

< 𝑑 > 7

< 𝑒 > 4

For example, in Figure 1, and considering data in Table II,
𝑢𝐵3 (< 𝑎𝑐 >) = 𝑢(< 𝑎𝑐 >,𝑇5) + 𝑢(< 𝑎𝑐 >,𝑇6) = 45 + 70 =

115.

Definition 13: The utility of itemset 𝑋 in a window 𝑊𝑙

is defined by formula (9):

𝑢𝑊𝑙
(𝑋) =

∑︁
𝐵𝑘 ∈𝑊𝑙

𝑢𝐵𝑘
(𝑋) (9)

For example, in Figure 1, and considering data in Table II,
𝑢𝑊2 (𝑎𝑐) = 𝑢𝐵2 (𝑎𝑐)+𝑢𝐵3 (𝑎𝑐)+𝑢𝐵4 (𝑎𝑐) = 0+115+80 = 195.

Definition 14: The minimum utility threshold in a win-
dow 𝑊𝑙 , denoted by 𝛿𝑊𝑙

, is a given percentage value based
on the total utility value of all transactions in the 𝑊𝑙

window. In Figure 1, the total utility of all transactions
in window 𝑊2 is 622. If 𝛿𝑊𝑙

= 20%, then the minimum
utility in window 𝑊𝑙 can be defined by formula (10):

𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
= 𝛿𝑊𝑙

×
∑︁

𝑇𝑗 ∈𝑊𝑙

𝑡𝑢(𝑇𝑗 ) (10)

For example, with 𝛿𝑊2 = 20%, the minimum utility value
is 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊2 = 20% × 622 = 124.4.

An item set 𝑋 is called a high-utility pattern in window
𝑊𝑙 if 𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
. The problem of finding a high-

utility pattern is defined as identifying all item sets 𝑋 that
satisfy the condition 𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
.

For example, for 𝛿𝑊2 = 20%, the pattern < 𝑎𝑐 > is a
high-utility pattern in window 𝑊2 because 𝑢𝑊2 (< 𝑎𝑐 >) =
195.

Definition 15: The transaction weight utility of an item
set 𝑋 in window 𝑊𝑙 , denoted by 𝑡𝑤𝑢𝑊𝑙

(𝑋), is calculated
as the total utility value of the transactions in window 𝑊𝑙

containing 𝑋 . For example, 𝑡𝑤𝑢𝑊2 (< 𝑎𝑐 >) = 𝑡𝑤𝑢𝐵2 (<
𝑎𝑐 >) + 𝑡𝑤𝑢𝐵3 (< 𝑎𝑐 >) + 𝑡𝑤𝑢𝐵4 (< 𝑎𝑐 >) = 106+69+152 =

327.

𝑋 is said to be a high transaction weight utility pattern in
window 𝑊𝑙 if 𝑡𝑤𝑢𝑊𝑙

(𝑋) ≥ 𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊𝑙
. For example, with

𝑚𝑖𝑛𝑢𝑡𝑖𝑙𝑊2 = 124.4, the pattern < 𝑎𝑐 > is a high-weighted
utility pattern because 𝑡𝑤𝑢𝑊2 (< 𝑎𝑐 >) = 327.

Figure 1 illustrates a transaction stream database. In this
representation, the symbols 𝑇𝑖 , with 1 ≤ 𝑖 ≤ 8, represent
each transaction occurring the ith time. The letters in the set
{< 𝑎 >, < 𝑏 >, < 𝑐 >, < 𝑑 >, < 𝑒 >} denote distinct items
in the database. The digits in each row 𝑇𝑖 in the column
of letters in the set {< 𝑎 >, < 𝑏 >, < 𝑐 >, < 𝑑 >, < 𝑒 >}
represent the internal utility of the item in transaction 𝑇𝑖 .
For example, in transaction 𝑇1, item < 𝑎 > has an internal
utility of 2. The symbol 𝑡𝑢 represents the utility of each
transaction. The symbol 𝐵 𝑗 , with 1 ≤ 𝑗 ≤ 4, repre-
sents trading batches, each containing a certain number of
transactions. Different batches have the same number of
transactions, and transactions in each batch do not overlap.
The notation 𝑊𝑘 , with 1 ≤ 𝑘 ≤ 2, represents sliding
windows, each containing a certain number of batches.
Batches in different sliding windows may overlap or two
different sliding windows may contain the same batches. As
shown in Figure 1, sliding window 𝑊2 can contain batches
𝐵2 and 𝐵3, which are also present in sliding window 𝑊1.
Window 𝑊1 is the first window created, and it can only
contain a maximum of three trading batches. After inserting
batches 𝐵1, 𝐵2, and 𝐵3 into window 𝑊1, the window is
full. Upon examining transaction 𝑇7 in transaction batch
𝐵4, sliding window 𝑊1 moves to sliding window 𝑊2. In the
sliding window model, the algorithm only performs pattern
mining on a sliding window containing a certain number
of transaction batches.

The problem of mining high-utility patterns on transac-
tion stream data is stated as follows: Given a transaction
stream database 𝐷 and a user-defined minimum utility
threshold (𝑚𝑖𝑛𝑢𝑡𝑖𝑙), mining high-utility patterns in the
sliding window 𝑊 is to find the set of all patterns 𝑋 whose
utility weight 𝑡𝑤𝑢(𝑋) is greater than or equal to minutil in
the sliding window 𝑊 .

IV. THE PROPOSED ALGORITHM

a) High-Untility Stream Linked List Data

In this section, the article introduces a linked-list data
structure called HUSLL, designed for storing information
about transactions in the database.

120



Vol. 2024, No. 2, September

Figure 1. Example of transaction stream data

The most apparent difference between the HUSLL struc-
ture and the Prefix Tree structure is the transformation of
organizing nodes in the tree structure into nodes organized
in a linked list. A sorted list can be used to execute
the mining algorithm without the necessity of storing an
intermediate structure mapping to nodes with the same item
id. Additionally, deleting nodes in the tree requires more
processing steps compared to handling a linked list. This is
because the node deletion in a tree involves checking and
traversing each child node in the branch to be deleted. In
contrast, with a linked list, the deletion operation occurs by
simply removing the node from the linked list via the next
link, without needing to consider the linked child nodes of
the node being examined.

For example, suppose that in window 𝑊1 of batch 𝐵1,
there are two items < 𝑚 > and < 𝑜 > satisfying the
threshold in 𝑇1 and 𝑇2. However, < 𝑚 > and < 𝑜 > do
not appear in the transactions of window 𝑊2. Therefore,
when transitioning from 𝑊1 to 𝑊2, the data in batch 𝐵1
will be deleted. Consequently, items < 𝑚 > and < 𝑜 >

will also be deleted. In the case of organizing data in a
tree structure, to delete the node containing < 𝑚 >, we
need to check if < 𝑚 > has any child nodes because the
deletion operation will be performed on the child nodes
first. Additionally, to perform mining on the tree using the
HUPMS algorithm, an intermediate structure is needed to
store the mapping to node < 𝑚 > in the tree. Therefore,
deleting a node < 𝑚 > requires updating the intermediate
structure. This operation consumes resources, especially in
the case of continuous updates to the transaction stream
database, where batch addition and deletion occur more
frequently than in a static database. In contrast, when the
data is organized as a linked list, node deletion is much
simpler because there is no need to consider child nodes or
update intermediate mapping structures.

Each node in the HUSLL structure stores identification
information about an item (or event), the value of the
node, and the values of transaction batches, which consist
of multiple consecutive transactions containing that item.
Transaction batches are numbered according to the order

Figure 2. Structure of a node that stores information on item < 𝑎 >

of transactions in the database. To achieve this, a hash
table structure is employed to store information about the
values of transaction batches. Utilizing a hash table for
batch information facilitates quick updates of batch values
when the mining algorithm examines transactions within
a specific batch. Additionally, using a hash table helps
conserve storage space by avoiding the need to store values
of batches that do not contain the item under consideration.
Deleting a batch within a node is also more straightforward
with a hash table when there is sliding window movement,
compared to using a list. Figure 2 illustrates the structure
of a node in the list. Figure 2a demonstrates the structure
of the node storing information about item < 𝑎 > with
batch 𝐵1 containing the value of transaction 𝑇1 in Figure
1. Figure 2b illustrates the data update activity on batch
𝐵1 when exploring transaction 𝑇2. Figure 2c showcases the
structure of the node storing information about item < 𝑎 >

after exploring transactions in three batches: 𝐵1, 𝐵2, and 𝐵3.
Since item < 𝑎 > does not appear in batch 𝐵2, information
about batch 𝐵2 is not stored in the list node. For ease of
presentation, the node structure of item < 𝑎 > in Figure 2c
is described as follows: {< 𝑎 >: [1 : 112], [3 : 175]}. The
value of a node represents the total value of the transaction
batches that the node contains. In Figure 2c, the node value
is 287, which is the sum of the values of batches 𝐵1 and
𝐵3.

To represent the relationships between nodes, links are
established. An “after” link is employed to signify the
sequential order of items in a transaction. For instance, in
transaction 𝑇1 in Figure 1, item < 𝑐 > appears after item
< 𝑎 > in alphabetical order. Subsequently, an “after” link is
created to indicate that item < 𝑐 > and item < 𝑎 > belong to
the same transaction, and item < 𝑐 > follows item < 𝑎 >.
The “after” link plays a crucial role in constructing the
HUSLL list when exploring transactions in the database. A
single node can have multiple after-nodes associated with
it. Once the list construction operation is completed, the
after links can be removed to reduce memory size before
the extraction process takes place. Figure 3 illustrates the
after link connecting two nodes, < 𝑎 > and < 𝑐 >.

The “before” link is employed to represent the preceding
order of items within a transaction. For instance, in trans-
action 𝑇1 in Figure 1, item < 𝑎 > precedes item < 𝑐 >

in alphabetical order. A “before” link is then established
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Figure 3. After link between two nodes < 𝑎 > and < 𝑐 >

Figure 4. Before link between two nodes < 𝑎 > and < 𝑐 >

to signify that item < 𝑎 > and item < 𝑐 > belong to the
same transaction, and item < 𝑎 > precedes item < 𝑐 >.
The “before” link plays a crucial role in the high-utility
pattern mining process. For example, if node < 𝑐 > has a
“before” link with node < 𝑎 >, a new pattern < 𝑎𝑐 > can
be created during the candidate generation process. Figure
4 illustrates the “before” link between node < 𝑐 >.

A HUSLL root node is created by default with a null
value. As each item in a transaction is examined, the root
node establishes an after link with the node containing the
first item in the transaction. These nodes also create a before
link with the root node. Subsequently, when inspecting
other items in the transaction, a new node is generated
containing the item, along with before and after links
between the nodes.

The next link is employed to connect all the nodes, form-
ing a HUSLL structure. During the list-building process,
the nodes created are linked together and sorted based on
item identifier information. The next link is utilized in both
the mining process and the update process of the HUSLL
structure when the sliding window moves.

During mining operations, the algorithm considers items
with the same identifier to generate patterns containing
a specific identifier. The use of the next link facilitates
the easy identification of patterns with the same identifier,
as nodes are sorted by item identification. This approach
avoids the necessity of using an intermediate mapping
structure to locate nodes with the same identifier.

When a sliding window shift operation occurs, a loop
traverses all the nodes in the HUSLL based on the next
link to identify nodes with updated information about
the transaction batch. Once found, a delete operation is
performed to eliminate the selected batch of transactions
and update the node’s value. If the value of a node is
0, the node is removed from the HUSLL by deleting the
before, after, and next links to that node. The deletion

Figure 5. Next link between nodes in transactions 𝑇1 and 𝑇2

of such a link is simpler than updating a tree structure.
Simultaneously, not using an intermediate structure to store
the links mapping to the node allows update operations on
HUSLL to be faster than on the HUS-Tree structure. Figure
5 illustrates the next link between the nodes in transactions
𝑇1 and 𝑇2 in Figure 1. In this figure, transaction 𝑇1, the
node containing item < 𝑐 >, has a before link with the
node containing item < 𝑎 > and has no connection with
the node containing item < 𝑏 >. However, because item
< 𝑏 > is placed before item < 𝑐 > in the alphabet, when
the next link is created, item < 𝑏 > will be positioned
before item < 𝑐 >.

The process of constructing the HUSLL structure in-
volves creating nodes to store item information and es-
tablishing before, after, and next links connecting these
nodes. Initially, an empty root node is created. Utilizing the
information from Table I, the algorithm sequentially goes
through each item in each transaction in alphabetical order
to add each item to the HUSLL structure. For example,
during the traversal operation of transaction 𝑇1 (with a
total utility value, 𝑡𝑢, of 68 and items < 𝑎, 𝑐, 𝑑 >), the
item < 𝑎 > is added to the list by creating a new node
with item-id < 𝑎 > and 𝑡𝑤𝑢 value 68. The resulting
node is {< 𝑎 >: [1 : 68]}. A next link is established
from the root node to {< 𝑎 >: [1 : 68]}, and the root
node will have an after link to {< 𝑎 >: [1 : 68]}.
Simultaneously, {< 𝑎 >: [1 : 68]} will have a before link
to the root node. Subsequently, item < 𝑐 > is added to the
HUSLL by creating the node {< 𝑐 >: [1 : 68]}. Since,
in transaction 𝑇1, item < 𝑐 > comes after item < 𝑎 >,
an after link is created between node {< 𝑐 >: [1 : 68]}
and node {< 𝑎 >: [1 : 68]}. Additionally, a before link
is established between node {< 𝑎 >: [1 : 68]} and node
{< 𝑐 >: [1 : 68]}. Node {< 𝑐 >: [1 : 68]} is inserted at
the end of the HUSLL list, creating a next link between
node {< 𝑎 >: [1 : 68]} and node {< 𝑐 >: [1 : 68]}.
Similarly, item < 𝑑 > is added to the HUSLL by creating
node {< 𝑑 >: [1 : 68]}. As item < 𝑑 > follows item
< 𝑐 > in transaction 𝑇1, a before link is formed from node
{< 𝑑 >: [1 : 68]} to node {< 𝑐 >: [1 : 68]}. Two links,
after and next, are generated at node {< 𝑐 >: [1 : 68]}
to point to node {< 𝑑 >: [1 : 68]}. Figure 6 illustrates
the HUSLL structure that stores the items contained in
transaction 𝑇1.

For simplicity, the HUSLL structure is represented as
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Figure 6. The HUSLL stores information on transaction 𝑇1

Figure 7. The HUSLL after adding transaction 𝑇2

{} → {< 𝑎 >: [1 : 68]} → {< 𝑐 >: [1 : 68]} → {< 𝑑 >:
[1 : 68]}, where the direction of the arrow signifies the
next link.

Next, transaction 𝑇2 is processed to add items to the
HUSLL. With a 𝑡𝑢 value of 44, 𝑇2 includes 2 items
< 𝑎, 𝑏 >. Item < 𝑎 > from 𝑇2 is incorporated into the
HUSLL, but since there is already node < 𝑎 > with an after
link to the root node, and transactions 𝑇1 and 𝑇2 belong to
the same batch 𝐵1 (as shown in Figure 1), the 𝑡𝑤𝑢 value of
item < 𝑎 > in 𝑇2 is accumulated to node {< 𝑎 >: [1 : 68]},
resulting in {< 𝑎 >: [1 : 112]}. Subsequently, item < 𝑏 >

is added as the next node after {< 𝑎 >: [1 : 112]} in
alphabetical order. The HUSLL structure is designed to
maintain alphabetical order, placing item < 𝑏 > before
item < 𝑐 >. Figure 7 illustrates the HUSLL structure after
incorporating transaction 𝑇2, with some details omitted for
clarity.

Moving on, transaction 𝑇3 is processed to add items to
the HUSLL. With a tu value of 110, 𝑇3 includes two items,
< 𝑏, 𝑐 >. Item < 𝑏 > from 𝑇3 is introduced into the HUSLL
with a 𝑡𝑤𝑢 value of 110. Given that there is no after link
from the root node to the identifier < 𝑏 >, a new node is
created. Additionally, since 𝑇3 belongs to transaction batch
𝐵2, the newly added node will take the form {< 𝑏 >: [2 :
110]}. As the list already contains node {< 𝑏 >: [1 : 44]},
the new node will be inserted after node {< 𝑏 >: [1 : 44]}.
Similarly, a new node {< 𝑐 >: [2 : 110]} is generated
and added after node {< 𝑐 >: [1 : 68]}. Since a new
transaction batch is involved, nodes {< 𝑏 >: [2 : 110]}
and {< 𝑐 >: [2 : 110]} only store the value of the current
batch, which is batch 2. Figure 8 illustrates the HUSLL
structure after incorporating transaction 𝑇3.

Figure 8. The HUSLL after adding transaction 𝑇3

Figure 9. The HUSLL after adding transaction 𝑇4

{} → {< 𝑎 >: [1 : 112], [3 : 106]} → {< 𝑏 >: [1 :
44], [3 : 106]} → {< 𝑏 >: [2 : 153]} → {< 𝑐 >: [1 :
68]} → {< 𝑐 >: [2 : 110]} → {< 𝑐 >: [3 : 106]} →
{< 𝑑 >: [1 : 68]} → {< 𝑑 >: [2 : 43]} → {< 𝑒 >: [2 :
43]} → 𝑛𝑢𝑙𝑙

Figure 10. The HUSLL after adding transaction 𝑇5

Continuing with the process, transaction 𝑇4 is processed
to add items to the HUSLL. With a 𝑡𝑢 value of 43, 𝑇4
encompasses three items: < 𝑏, 𝑑, 𝑒 >. As the root node has
an after link to node {< 𝑏 >: [2 : 110]} and transaction 𝑇4
belongs to batch 𝐵2, the 𝑡𝑢 value of 𝑇4 should be added to
node {< 𝑏 >: [2 : 110]} to result in {< 𝑏 >: [2 : 153]}.
Subsequently, two new nodes {< 𝑑 >: [2 : 43]} and {<
𝑒 >: [2 : 43]} are generated and appended to the list in the
following order: {< 𝑑 >: [1 : 68]}. Figure 9 illustrates the
list structure after the addition of transaction 𝑇4.

Moving forward, transaction 𝑇5 is processed to add items
to the HUSLL. With a 𝑡𝑢 value of 106, 𝑇5 includes three
items: < 𝑎, 𝑏, 𝑐 >. Given that the root node already has an
after link to node {< 𝑎 >: [1 : 112]} and transaction 𝑇5
belongs to batch 𝐵3, we update node {< 𝑎 >: [1 : 112]} to
{< 𝑎 >: [1 : 112], [3 : 106]}. The order of 𝑡𝑤𝑢 values for
batches 𝐵1 and 𝐵3 in node {< 𝑎 >: [1 : 112], [3 : 106]}
is represented in the hash table structure. Since there is an
after link from node {< 𝑎 >: [1 : 112], [3 : 106]} to node
{< 𝑏 >: [1 : 44]}, it is updated to {< 𝑏 >: [1 : 44], [3 :
106]}. As there is no after link after {< 𝑏 >: [1 : 44], [3 :
106]} to the node with the identifier < 𝑐 >, a new node
{< 𝑐 >: [3 : 106]} is created and connected after node
{< 𝑐 >: [2 : 110]}. The HUSLL structure after adding
items in transaction 𝑇5 is illustrated in Figure 10.

Figure 10 illustrates the HUSLL structure after incorpo-
rating the items from transaction 𝑇5. In this representation,
link information is omitted for simplicity.

Continuing with the process, transaction 𝑇6 is processed
to add items to the HUSLL, and the outcomes are illustrated
in Figure 11.

With the HUSLL structure, when the window shifts from
𝑊1 to 𝑊2, the data in transaction batch 𝐵1 is removed,
and the data from transaction batch 𝐵4 is added to the
list. To delete the data of transaction batch 𝐵1, the HUSLL
structure is traversed from the first node to the last node
based on the next link. At each node traversal, the data
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{} → {< 𝑎 >: [1 : 112], [3 : 175]} → {< 𝑏 >: [1 :
44], [3 : 106]} → {< 𝑏 >: [2 : 153]} → {< 𝑐 >: [1 :
68], [3 : 69]} → {< 𝑐 >: [2 : 110]} → {< 𝑐 >: [3 :
106]} → {< 𝑑 >: [1 : 68]} → {< 𝑑 >: [2 : 43]} → {<
𝑒 >: [2 : 43]} → {< 𝑒 >: [3 : 69]} → 𝑛𝑢𝑙𝑙

Figure 11. The HUSLL after adding transaction 𝑇6

(𝑡𝑤𝑢) of batch 𝐵1 is deleted from the hash table. Utilizing
a hash table structure makes finding and deleting the value
of batch 𝐵1 in each node easier compared to using a list of
batch values. Subsequently, nodes with a 𝑡𝑤𝑢 value of 0 are
removed from the list. For example, from the HUSLL list
in Figure 11, when the algorithm reaches transaction 𝑇7, the
sliding window will shift from window 𝑊1 to 𝑊2. At that
point, all the values of batch 1 in each node will be deleted.
A loop will iterate through each node in the HUSLL list
to find and delete batch 1 data in each node. In Figure 11,
we can see that the nodes {< 𝑎 >: [1 : 112], [3 : 175]}, {<
𝑏 >: [1 : 44], [3 : 106]}, {< 𝑐 >: [1 : 68], [3 : 69]}, and
{< 𝑑 >: [1 : 68]} contain data of batch 1. After performing
the deletion operation, the values of these nodes will be {<
𝑎 >: [3 : 175]}, {< 𝑏 >: [3 : 106]}, {< 𝑐 >: [3 : 69]}, and
{< 𝑑 >:}. At this point, the node {< 𝑑 >:} does not contain
any data and will be removed from the list. The deletion
operation is performed by deleting all links created to the
node {< 𝑑 >:} and the next link of the node just before
the node {< 𝑑 >:}, which is the node {< 𝑐 >: [3 : 106]}
in Figure 11, will be directly linked to the node just after
{< 𝑑 >:}, which is the node {< 𝑑 >: [2 : 43]}. Finally,
the items of transaction batch 𝐵4 are incorporated into the
HUSLL. The advantage of maintaining a HUSLL list is
that traversing and deleting nodes is considerably more
straightforward than with the HUS-Tree structure. The use
of a hash table enables the storage of only batches with the
item identifier present, without having to store zero values,
as is the case in the HUS-Tree structure. Consequently, the
update only occurs on nodes containing the batch under
consideration, and the deletion of batch 𝐵1 is performed
solely on nodes where this batch appears, such as nodes
{< 𝑎 >: [1 : 112], [3 : 175]}, {< 𝑏 >: [1 : 44], [3 :
106]}, {< 𝑐 >: [1 : 68], [3 : 69]}, and {< 𝑑 >: [1 : 68]},
instead of having to update all nodes as required by the
HUS-Tree structure. Figure 12 illustrates the outcome of
the shift operation to window 𝑊2.

The process of constructing the HUSLL list is detailed
in algorithm 1.

b) Mining High-Ultility Patterns on the HUSLL List

From the list structure in Figure 12, we can recognize
the following characteristics:

Property 1. Nodes containing information about items ap-

{} → {< 𝑎 >: [3 : 175], [4 : 152]} → {< 𝑏 >: [3 :
106], [4 : 152]} → {< 𝑏 >: [2 : 153], [4 : 142]} → {<
𝑐 >: [3 : 69]} → {< 𝑐 >: [2 : 110], [4 : 142]} → {< 𝑐 >:
[3 : 106], [4 : 152]} → {< 𝑑 >: [2 : 43]} → {< 𝑒 >: [2 :
43]} → {< 𝑒 >: [3 : 69]} → {< 𝑒 >: [4 : 152]} → {<
𝑒 >: [4 : 142]} → 𝑛𝑢𝑙𝑙

Figure 12. The HUSLL after sliding to window 𝑊2

Algorithm 1: BuildHUSLL (D, minutil)
1 Inputs: Transaction database D, minimum utility

threshold minutil.
2 Outputs: HUSLL data structure.
3 begin
4 Create root-node R;
5 Set current node C is null;
6 foreach 𝑇 ∈ 𝐷 do
7 i=T[0];
8 if R.hasAfter(i) = False then
9 CreateNode for i AS iN;

10 R.setAfter(iN);
11 iN.setBefore = R;
12 call AddToHUSLL (iN,R);
13 C=iN;
14 end
15 else
16 C= R.getNode(i);
17 Update twu of C;
18 end
19 k=1;
20 while 𝑘 < 𝐿𝑒𝑛𝑔𝑡ℎ(𝑇) do
21 i=T[k];
22 if C.hasAfter(i) = TRUE then
23 C=C.getNode(i);
24 Update twu of C;
25 end
26 else
27 CreateNode for i AS iN;
28 C.setAfter(iN);
29 iN.setBefore = C;
30 AddToHUSLL (iN,R);
31 C=iN;
32 end
33 k=k+1;
34 end
35 end
36 end

pearing in the same transaction will possess a “before”
link to a node containing information about the item
whose identifier immediately precedes the item iden-
tifier of the node under consideration. For instance,
in Figure 12, the node {< 𝑒 >: [3 : 69]} has a
“before” link to node {< 𝑐 >: [3 : 69]}, and node
{< 𝑐 >: [3 : 69]} has a “before” link to node
{< 𝑎 >: [3 : 175], [4 : 152]}. Simultaneously, the
items < 𝑎, 𝑐, 𝑒 > appear in the same transactions 𝑇6
and 𝑇7.

Property 2. A high-utility pattern can be generated by com-
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Algorithm 2: AddToHUSLL (iN,R)
1 Inputs: considered node iN, root node R
2 Outputs: HUSLL
3 begin
4 C = R;
5 while c.next is not null do
6 if c.next > iN.id then
7 iN.next = c.next;
8 c.next = iN;
9 return;

10 end
11 end
12 c.next = iN
13 end

bining items in the same branch through the “before”
link, and the utility value of the pattern is the list
of values of the transaction batch of the last node in
the branch. For example, in Figure 12, the “before”
link of the nodes includes nodes {< 𝑎 >: [3 :
175], [4 : 152]} and node {< 𝑐 >: [3 : 69]}. The node
{< 𝑒 >: [3 : 69]} can generate the pattern < 𝑒𝑐 > by
concatenating the identifiers of node {< 𝑐 >: [3 : 69]}
and node {< 𝑒 >: [3 : 69]}. Subsequently, the utility
of the < 𝑒𝑐 > pattern will be the transaction batch
value of the first node in the “before” link, which
is node {< 𝑒 >: [3 : 69]}. The utility value of the
pattern < 𝑒𝑐 > is {< 𝑒𝑐 >: [3 : 69]}. Then, the
pattern < 𝑒𝑐𝑎 > can be generated by concatenating
the identifier of node {< 𝑒𝑐 >: [3 : 69]} and node
{< 𝑎 >: [3 : 175], [4 : 152]}. Since, in the “before”
link, node {< 𝑒 >: [3 : 69]} is the first node, the
utility of the < 𝑒𝑐𝑎 > pattern is the transaction batch
value of node {< 𝑒 >: [3 : 69]}. The utility value of
the < 𝑒𝑐𝑎 > pattern is {< 𝑒𝑐𝑎 >: [3 : 69]}.

Based on the two characteristics mentioned above, the
pattern mining process on HUSLL can be outlined as
follows: From the existing HUSLL list, iterate through each
node using the next link. For each node, determine the
linked branch based on the before link. For each branch,
concatenate the item identifiers of each node within the
branch to create a candidate pattern. Next, assess the utility
of the candidate pattern by summing the utility values in
the transaction batch of that pattern and comparing it with
the minutil value. Candidate patterns exceeding the minutil
threshold will be retained, and the concatenation operation
to create new candidate patterns will be iterated. After this
browsing and merging process, all high-utility patterns will
be obtained. Algorithm 3 outlines the process of mining
high-utility patterns from the HUSLL list.

For instance, with 𝑚𝑖𝑛𝑢𝑡𝑖𝑙 set to 260, item < 𝑐 > has a
utility weight equal to the total utility value in the trading
batches, summing up to 69 + 106 + 152 + 110 + 142 = 579.

Next, retrieve the id item list of nodes containing item <

𝑐 > in HUSLL, which includes {< 𝑐 >: [3 : 69]}, {< 𝑐 >:
[2 : 110], [4 : 142]}, and {< 𝑐 >: [3 : 106], [4 : 152]}.
Starting with node {< 𝑐 >: [3 : 69]}, traverse the list based
on the before link to generate a pattern {< 𝑐𝑎 >: [3 : 69]}.
For node {< 𝑐 >: [3 : 106], [4 : 152]}, perform a list
traversal based on the before link to generate patterns {<
𝑐𝑏 >: [3 : 106], [4 : 152]} and {< 𝑐𝑎 >: [3 : 106], [4 :
152]}. From node {< 𝑐 >: [2 : 110], [4 : 142]}, traverse
the list based on the before link to generate the pattern
{< 𝑐𝑏 >: [2 : 110], [4 : 142]}. Then, calculate the utility
weights of the patterns by summing up the utility values.
With the pattern < 𝑐𝑎 >, comprising {< 𝑐𝑎 >: [3 : 69]}
and {< 𝑐𝑎 >: [3 : 106], [4 : 152]}, the utility is 69 + 106 +
152 = 327. For pattern < 𝑐𝑏 >, consisting of {< 𝑐𝑏 >: [3 :
106], [4 : 152]} and {< 𝑐𝑏 >: [2 : 110], [4 : 142]}, the
utility weight is 106 + 152 +110 + 142 = 510. Both patterns
< 𝑐𝑎 > and < 𝑐𝑏 > qualify as high-utility patterns since
their utility weights exceed 𝑚𝑖𝑛𝑢𝑡𝑖𝑙. The pattern generation
process continues with < 𝑐𝑎 > and < 𝑐𝑏 >. For the pattern
< 𝑐𝑎 >, the node containing < 𝑎 > is the one with the root
node as the before link, so no further patterns can emerge.
However, for the pattern < 𝑐𝑏 >, comprising two nodes
{< 𝑐𝑏 >: [3 : 106], [4 : 152]} and {< 𝑐𝑏 >: [2 : 110], [4 :
142]}, the node {< 𝑐𝑏 >: [2 : 110], [4 : 142]} has node
< 𝑏 > with the before link as the root node, indicating
that no additional patterns can be generated. Regarding the
node {< 𝑐𝑏 >: [3 : 106], [4 : 152]}, the preceding node is
{< 𝑎 >: 0, 175, 152}, enabling the pattern {< 𝑐𝑏𝑎 >: [3 :
106], [4 : 152]} to arise. However, the pattern < 𝑐𝑏𝑎 >

with a utility weight of 106 + 152 = 258 does not meet
the criteria for a high-utility pattern. The mining process
persists until all nodes in HUSLL are traversed.

The HUSLL structure shares similarities with the HUS-
Tree structure, but it differs in the use of after links during
the extraction process. In contrast to the HUPMS algorithm,
which relies on intermediate structures like condition trees,
the HSLM algorithm utilizes the previous link, rendering
after links unnecessary for mining operations. As a result,
after links can be removed during mining to optimize
memory usage. Each node in the HUSLL structure con-
tains information such as the item identifier, total batch
value, and before and next links. To enhance performance,
mining information can be stored in text files for separate
mining operations on another processor. This allows for
the optimization of both mining structure construction and
mining activities by dividing these tasks. One processor can
focus on building the HUSLL structure and continuously
updating the data, while mining operations can be carried
out on one or more separate processors.

Additionally, the use of a hash table to store information
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Algorithm 3: HSLM (T, minutil)
1 Inputs: HUSLL T, minimum utility threshold (minutil)
2 Outputs: High-utility patterns
3 begin
4 foreach 𝑖𝑑 ∈ 𝑇 do
5 Identify the nodes belonging to the branch

associated with the id;
6 Add the nodes to the id item list ;
7 foreach node 𝑛 ∈ 𝑖𝑑 𝑖𝑡𝑒𝑚 𝑙𝑖𝑠𝑡 do
8 Browse T and combine node n with before

nodes of n to create pattern nx;
9 Save nx in K;

10 end
11 foreach pattern 𝑚 ∈ 𝐾 do
12 if utility of m ≥ minutil then
13 MiningSubPattern(T,m,minsup);
14 Output m;
15 end
16 end
17 end
18 end

Algorithm 4: MiningSubPattern (T,minutil,m)
1 Inputs: HUSLL T, minimum utility threshold (minutil),

pattern m
2 Outputs: High-utility patten (mx)
3 begin
4 Create L to save list;
5 Browse T and combine node m with before nodes of

m to create pattern mx;
6 Save mx to L;
7 foreach pattern mx∈L do
8 if utility of mx ≥ minutil then
9 MiningSubPattern(T,mx,minsup);

10 Output mx;
11 end
12 end
13 end

about item batches in each node facilitates easy updating
of node information when the sliding window moves. This
hash table structure speeds up transaction searches and op-
timizes storage operations by excluding information about
batches that do not contain the item identifier of the node
under consideration. The next link enables straightforward
node deletion operations. When a node’s value reaches 0,
the node is removed from the HUSLL list by deleting
all before, after, and next links and updating the value
to null. In contrast, the HUS-Tree structure requires more
complex deletion operations, especially for branch nodes,
where updating is not easily accomplished. Traversing the
next link from the root node to the last node in the list
simplifies state updates for the entire mining structure.

V. EXPERIMENTAL RESULTS

In this section, we present the experimental results com-
paring the effectiveness of the HUPMS [11] algorithm ,

TABLE III
EXPERIMENTAL DATA

Dataset name Trans No. Item No. AvgLen
foodmart utility 4,141 1,559 4.42
chainstore utility 1,112,949 46,086 7.23
ECommerce retail utility 14,975 3,468 11.71
Chicago Crimes 2,662,309 35 1.795

EGUI-TREE [27] algorithm and the proposed HSLM algo-
rithm. The study utilizes four real-life datasets for compari-
son: chainstore, foodmart, ecommerce, and chicago crimes.
Detailed information about each dataset is provided in Table
III. The program is implemented in Java and executed on
a system running Windows 10, equipped with an Intel®
Core™ i7-9700 processor and 16384 MB RAM.

The input data for all three algorithms is a transactional
database with three parameters: (i) the number of transac-
tions per batch, (ii) the number of batches in each window,
and (iii) the minimum useful threshold value, 𝑚𝑖𝑛𝑢𝑡𝑖𝑙. In
contrast to the HUPMS algorithm, the EGUI-Tree algorithm
incorporates the 𝑟𝑢 value for every pattern to facilitate the
early pruning of unpromising patterns. Specifically, in the
first phase, the EGUI-Tree algorithm constructs the global
utility 1-item sets to store information about the 𝑡𝑢 and 𝑟𝑢
values of each item per transaction and batch for the current
window. Next, based on the 𝑟𝑢 value, EGUI-Tree decides
whether to expand the items in the 1-item set to create
candidate patterns and add these candidate patterns to the
EGUI-Tree. Each node in this structure stores information
about the pattern. The EGUI-Tree is subdivided into various
levels. The candidate patterns at each level have the same
number of items in each pattern. Finally, the algorithm
traverses the EGUI-Tree to find high utility patterns by
comparing the utility value of each pattern stored on the
tree with a minutil. The algorithm updates the information
for both the global utility 1-item sets and the EGUI-Tree
whenever the window changes.

a) Comparision of execution time when performing

In this section, we present experimental results from the
high-utility pattern mining process on various datasets, with
a focus on adjusting the number of batches per window,
ranging from 2 to 6 for different datasets. Each dataset
is associated with specific parameters. For the chainstore
dataset, the minimum utility threshold is set to 0.25%, and
the number of transactions per batch is 100K. The foodmart
dataset has a minimum utility threshold of 0.25%, with
200 transactions per batch. In the case of the ecommerce
dataset, the minimum utility threshold is 0.75%, and there
are 2000 transactions per batch. Lastly, for the Chicago
dataset, a minimum utility threshold of 0.15% is chosen,
and there are 300K transactions per batch. The article
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Figure 13. Comparison results according to execution time

compares the execution time to assess the effectiveness
of both the proposed algorithm (HSLM) and the HUPMS
algorithm. The results depicted in Figure 13 illustrate the
execution times.

Figure 13 reveals that for highly dense datasets like
chainstore, ecommerce, and foodmart, the HUPMS algo-
rithm requires operations involving the construction of pre-
fix trees, condition trees, and utility value calculations for
patterns. As a result, HUPMS utilizes more execution time
and memory. Conversely, HSLM can perform extraction
without the need to generate prefix trees and condition trees,
leading to a lower execution time for the proposed HSLM
algorithm. Additionally, the EGUI-Tree algorithm performs
at a faster rate than the HUPMS algorithm on these datasets.
However, the update operation of the EGUI-Tree requires
traversing the batch list to update patterns, which consumes
more time than the HSLM algorithm. Besides, with sparse
datasets like Chicago, where the density is very low, the
time spent creating and deleting the condition tree and
prefix tree of the HUPMS algorithm becomes negligible.
In such cases, the execution time of HUPMS surpasses that
of the proposed algorithm.

The above experimental results indicate that the proposed
HSLM algorithm outperforms the HUPMS algorithm on
dense datasets. Additionally, the results reveal that as the
number of batches per window increases, the mining time
also tends to increase.

b) Comparision of excution time with different batch

In this section, the article examines the experimental
results by varying the number of transactions in each
batch. Figure 14 illustrates the experimental outcomes
on the chainstore dataset. In Figure 14a, as the number
of transactions per batch increases from 50K to 100K,
the HUPMS, EGUI-Tree, and HSLM algorithms exhibit
a decrease in mining time. Conversely, when reducing
the number of transactions per batch, the mining time

Figure 14. Comparison results based on the number of transactions per
batch

increases correspondingly. Figure 14b specifically presents
the mining time of the HSLM algorithm on the chainstore
dataset while varying the number of transactions per batch
from 50K to 100K. The results indicate that a decrease in
the number of transactions per batch leads to an increase in
the number of mining algorithm executions, subsequently
elevating the overall mining time.

VI. CONCLUSIONS

This article introduced a high-utility pattern mining tech-
nique for transaction stream data based on the HUSLL list
data structure. The experimental results demonstrated that
the proposed method outperforms the HUPMS algorithm,
particularly on dense datasets such as chainstore, foodmart,
or ecommerce.

The HUSLL structure, resembling the HUS-Tree struc-
ture, offers the advantage of not using after links in mining
operations. This feature facilitates storing HUSLL list in-
formation in text files, enabling external memory storage.
Consequently, mining operations can be conducted on a
different processor using the file containing the HUSLL
list structure. This separation of update and exploitation
steps allows efficient handling of the latest sliding window
information stored in the text file without the need to rerun
the algorithm from the beginning. Storing in text files also
enables users to retain information about data status at
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various exploitation stages, facilitating the comparison of
patterns and strategic planning for subsequent stages.

Moreover, the linked list organization proves to be more
effective in updating the state compared to tree data orga-
nization, particularly in a stream data mining environment
where transaction information undergoes regular updates.
This adaptability contributes to the practical effectiveness
of the HSLM algorithm.

The proposed algorithm’s performance is not particularly
outstanding in sparse datasets. This is a limitation when
mining high-utility sets for sparse datasets. Moreover, the
process of building the linked list sequentially does not
reflect parallel processing during list creation. Therefore,
the mining has not been optimized for the case of a
large window size. Our research will continue to focus
on parallelizing the list-building process and using early
candidate pruning techniques to optimize mining in the
future.

The utilization of textual data opens avenues for research
in parallel and simultaneous processing of multiple datasets
from various sources. It also provides users with the flex-
ibility to transform shared data while retaining valuable
information gleaned from exploitation activities.

Additionally, the mining of closed high-utility sets of
stream data via a sliding window [29] helps eliminate
highly useful but non-repeating patterns to reduce the time
and space required for mining, which also needs to be
further researched.
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Abstract: Real-world data is continuously produced and
collected quickly; hence, mining association rules are used to
find relationships between item sets. One of these combined
rule mining techniques is Rare Association Rule Mining
(RARM), a method that extracts rare, combined rules with low
support but high confidence from the database. Additionally,
a large amount of time-sensitive data is created in many fields,
and combining valid and outdated data leads to low efficiency
in extracting combined rules. This paper explores a mining
method that increases rare, combined rules on time-sensitive
data to extract common and rare patterns in the database.
The primary approach of the research proposes a new tree
structure called ILC-tree, inspired by the LC-tree structure
published in 2022. Specifically, our approach includes a new
tree structure and a fast reconstruction method. The proposed
approach reduces execution time and memory consumption
by approximately 2 times compared to the old tree structure.

Keywords: Association rules, rare association rules, rare
patterns, common patterns, damped window model

I. INTRODUCTION

Nowadays, data, most of which is non-static, is generated
and collected daily. Among these, time-sensitive data is
continuously generated and frequently changes over time,
characterized by being associated with specific time inter-
vals. Applying methods to optimize such time-sensitive data
in terms of factors like memory, speed, etc., can bring many
benefits.

Many association rule mining (ARM) methods [1] have
been applied to discover relationships between itemsets in
databases, and rare association rule mining (RARM) [2],
has been proposed. However, when published throughout
this process, each method tends to address only part of the
problem or still has existing limitations. In 2022, a group
of researchers in China proposed a tree structure called LC-
tree to mine rare and common patterns in the association

rule mining problem [3]. The LC-tree structure combines
features resembling the lifecycle of a real tree in data man-
agement and has addressed most of the limitations listed.
However, due to some inappropriate data structures used in
LC-tree, the tree-building time and memory consumption
have not been optimized. This research will introduce
new approaches, namely a new tree structure improved
from the old LC-tree structure, called ILC-tree, and a new
restructuring strategy. Overall, with this approach, we set
three main goals:

- The proposed tree structure must ensure the advantages
of the old LC-tree structure, solving the limitations of
previous methods that the LC-tree has already addressed.

- The tree-building time must be faster than LC-tree and
previous methods.

- Memory consumption must be less than LC-tree and
previous methods.

To achieve these goals, we proposed a new approach
to replace the hash table with a single linked list in the
child node list, where the parent node will only point to
the beginning of the linked list instead of having to point
to the entire child node as in the old structure. Next, we
propose a method to adjust new nodes in tree restructuring,
allowing the permutation of child nodes with a group of
nodes from its parent to its predecessors. Our approach
helps save memory and reduce the complexity of the node
adjustment process from 𝑂

(
𝑛2) to 𝑂 (𝑛).

II. RELATED ISSUES

1. Basic concepts

This section will introduce critical definitions of RARM
and the data structure employed in RARM methods.
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Let 𝐼 = {𝑥1, 𝑥2 . . . , 𝑥𝑛} be a set containing n items, and
each subset of I is called an itemset. Let D be a database
containing a list of m transactions 𝑇 = {𝑡1, 𝑡2, . . . , 𝑡𝑚},
where each transaction 𝑡𝑖 ∈ 𝑇 is an itemset {𝑖1, 𝑖2, . . . , 𝑖𝑘}.
A combination rule between two sets X and Y is denoted
as 𝑋 → 𝑌 , where 𝑋 ⊂ 𝐼,𝑌 ⊂ 𝐼 and 𝑋 ∩ 𝑌 ≠ ∅.

Definition 1: Support of X, denoted as 𝑆𝑢𝑝𝑝(𝑋) is
the fraction of transactions containing itemsets X in the
database D.

𝑆𝑢𝑝𝑝(𝑋) = |𝑋 ||𝐷 | (1)

(where |𝐷 | is the total number of transactions and |𝑋 | is
the total number of transactions containing itemsets X)

Definition 2: Support of the rule, denoted as 𝑆𝑢𝑝𝑝(𝑋 →
𝑌 ) is the fraction of transactions containing both itemsets
X and Y in the database D.

𝑆𝑢𝑝𝑝(𝑋 → 𝑌 ) = |𝑋 ∪ 𝑌 ||𝐷 | (2)

(where |𝑋∪𝑌 | is the total number of transactions containing
both itemsets 𝑋 and 𝑌 )

Definition 3: Confidence of the rule, denoted as
𝐶𝑜𝑛 𝑓 (𝑋 → 𝑌 ) is the fraction of transactions that contain
both itemsets X and Y in transactions that contain itemsets
X.

𝐶𝑜𝑛 𝑓 (𝑋 → 𝑌 ) = |𝑋 ∪ 𝑌 ||𝑋 | (3)

Definition 4: (Rare Pattern) A rare pattern is a pattern
with a count greater than or equal to the minimum rare
threshold minRare and less than the minimum frequent
threshold minFre, expressed as:

𝑚𝑖𝑛𝐹𝑟𝑒 > 𝐶𝑜𝑢𝑛𝑡 (𝑋) ≥ 𝑚𝑖𝑛𝑅𝑎𝑟𝑒 (4)

Definition 5: (Frequent Pattern) A frequent pattern is a
pattern with a count greater than or equal to the minimum
frequent threshold minFre, expressed as:

𝐶𝑜𝑢𝑛𝑡 (𝑋) ≥ 𝑚𝑖𝑛𝐹𝑟𝑒 (5)

Current RARM methods often apply two data structures:
1 tree structure and 1 header table. For example, in the
case of SSP-Tree, its tree structure stores item names and
frequencies of occurrence. They include tree nodes and
links, with tree nodes divided into root nodes, leaf nodes,
and branch nodes, defined as follows:

Definition 6: (Root Node) A tree structure has only 1
unique root node, from which the tree path to other nodes
begins. The tree node does not contain item information.

Definition 7: (Leaf Node) A leaf node is a node follow-
ing the tree path, storing the name and frequency of the
item.

Definition 8: (Branch Node) A branch node is a node
within the tree path connecting the root node and the leaf

node. The branch node also stores the name and frequency
of the item.

2. Related works

Srikant and Agrawal proposed the first RARM method in
1997, using the Apriori algorithm to generate rare associa-
tion rules with a minimum support level (min-support) [4].
Based on this foundation, Haglin and Manning applied min-
support and max-support to generate rare association rules
[5]. Subsequently, improved algorithms with similar mech-
anisms were developed, such as RSAA [6], Apriori-Inverse
[7], and Apriori-Rare [8]. However, Apriori-based RARM
algorithms face two significant issues: they must traverse
the database multiple times and generate many candidate
patterns. Therefore, FP-growth-based RARM algorithms
were proposed based on the original FP-growth algorithm
[9], applying a tree structure that only requires two passes
through the database to extract patterns without generating
candidates. However, these methods are designed for static
databases, and in practice, continuous data is generated
and changes over time. Therefore, these methods may not
be well-suited as they must start from scratch for newly
updated databases.

To improve the performance of RARM on dynamic
databases, researchers have made enhancements to FP-
growth-based RARM algorithms. AFPIM [10], FUFP [11],
and IFP-tree [12] are algorithms designed for dynamic
databases. They all use the FP-tree structure to maintain
the compactness of information and avoid scanning as much
data as possible to enhance efficiency. Additionally, some
methods can update the tree structure without rescanning
the initial database. For example, in 2019, Borah and Nath
proposed the SSP-Tree algorithm [13] to mine rare associ-
ation rules in medical diagnosis. The ISSP-tree algorithm
[14] is an improved version of the SSP-tree algorithm.
Mahdi and colleagues proposed the FR-tree algorithm [15],
which can create, filter, and classify association rules with-
out needing an additional threshold. Furthermore, some
rare association rule mining methods have been further
improved by considering the characteristics of items and
databases. However, due to limitations in inefficient data
structures, the current rare association rule mining process
still consumes considerable time and memory for storing
and searching data.

In 2022, a group of authors in China proposed a new tree
structure based on the idea of the life cycle of a real tree in
nature called the LC-tree. The tree structure is illustrated
in Figure 1. Adding the ”null” item to the header table to
store a list of pure leaf nodes helps optimize the tree to
become faster and easier. This tree structure addresses the
shortcomings of previous methods, such as its applicability
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to dynamic databases, not requiring multiple scans of the
database, and making changes to optimize pattern mining
time and consume less resources than existing methods.

However, let's consider the aspects of execution time and
memory consumption when building the tree. This structure
is still not fully optimized because some applied data
structures are unreasonable. Specifically, LC-tree uses a
hash table structure, increasing memory costs due to storing
crucial information in the table. Additionally, this tree
structure can only perform a 1-level permutation between
2 adjacent nodes and continue recursive swapping until
adjustment is complete, increasing the cost of both memory
and time.

III. PROPOSED METHOD

To improve memory consumption and execution time, we
propose a new tree data structure called ILC-tree, illustrated
in Figure 2. We change the link between parent nodes and
the list of child nodes from a hash table structure to a
single linked list. By adopting this new tree structure, the
child nodes are linked together into a single linked list,
and the parent node points to the first child node in the
list. This change helps reduce memory costs during the tree
construction process. The following enhancement involves
proposing a method to adjust new nodes by permuting the
node that needs adjustment with its group of predecessor
nodes. In the worst case, when adjusting a branch with
a depth of n itemsets, it only requires 𝑛 − 1 compar-
isons and a single permutation, compared to the previous
method that required 𝑛 − 1 permutations. This proposal
helps reduce complexity from 𝑂

(
𝑛2) to 𝑂 (𝑛). In addition

to the transition to a linked list structure, our approach
incorporates the utilization of the damped window model
[16]. This model is instrumental in optimizing the tree
structure by gradually removing invalid transactions over
time during pattern mining tasks.The changes significantly
enhance ILC-Tree efficiency compared to the old LC tree,
and will be elaborated on in detail in section 3.1 of this
paper.

1. Construction of ILC-Tree

To better understand visually, an example database con-
taining 7 transactions is introduced, as shown in Table I.
The TID stores the ID of each transaction, Itemset contains
the items in the corresponding transaction, Sum vitality is
the total vitality value of the transaction, Vitality contains
information about the vitality value of each item, and
Timestamp is the time when the transaction occurs. The
larger the timestamp value of a transaction, the newer the
transaction is. The larger the vitality value of each item

in the tree branch, the higher the vitality of that branch.
Regarding the process of building the tree, we divide it
into two subtasks: tree restructuring and structure updating.
These two tasks will be described respectively in the fast
restructuring strategy and the tree structure updating.

TABLE I
EXAMPLE DATASET

TID Itemset Sum vitality Vitality Timestamp
1 A, B, C, E, F, G 6 1, 1, 1, 1, 1, 1 50
2 A, C, D, G 4 1, 1, 1, 1 53
3 A, D, H 3 1, 1, 1 55
4 E, F, H, I 4 1, 1, 1, 1 60
5 A, C, E, G 4 1, 1, 1, 1 70
6 I, C, E, F 4 1, 1, 1, 1 75
7 D, A, H, B 4 1, 1, 1, 1 80

a) Fast restructuring strategy

Before each structure update operation, the header table
is updated to obtain the order of the most recent item
frequencies. The ILC-tree will automatically restructure
when the items on the path are not in the order of the
current item frequency. Instead of creating a change list
of limited items, we will directly compare the items in
the current header table with the previous header table to
determine the items that need adjustment. Our method will
swap the relevant nodes through parent and child node links
for each item until all nodes are linked to the traversed
list. In summary, the fast ILC-tree restructuring steps are
automatically performed in the alternating sequence as
follows:

Step 1: Compare the current header table with the
previous header table. Starting from the high-frequency
item in the list, the Q tree nodes related to the item are
accessed through node links.

Step 2: If a parent node R exists with an order after the
Q node, move the Q node above the parent node R.

Step 3: Use nodeLink to move to the node P, which has
the same name as Q.

Step 4: If P exists, perform step 2. If not, proceed to the
next step.

Step 5: Perform steps 2 to 4 until the header table is
fully traversed.

During the exchange process, the following properties
must be observed:

Property 1: Temporary transaction information is stored
in the new leaf node of the transaction. [3]

Property 2: The number of child nodes must not exceed
the number of its parent node.[3]

Property 3: A node cannot have a sibling node with the
same name.[3]
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Figure 1. ILC-Tree Structure.

Figure 2. LC-Tree Structure[3]

To understand the node permutation process, we divide
it into 3 parts: Separation, permutation, and merging of
duplicate nodes. The permutation operation between nodes
is only performed when the number of Q nodes and the
parent R nodes of Q are equal, meaning R.count = Q.count.
Therefore, if the number of Q nodes is less than the parent
R node, it is necessary to separate from the parent node of
Q to the node R. Suppose there is a branch consisting of
a group of nodes 𝑃 = {𝑃0, 𝑃1, 𝑃2, . . . , 𝑃𝑛}, with 𝑛 > 0,
where 𝑃0 is the node that needs adjustment, in this case,
𝑃0 is the Q node. 𝑃1 is the parent node of 𝑃0, 𝑃2 is the
parent node of 𝑃1, ..., 𝑃𝑛 is the parent node of 𝑃𝑛−1, and
R is 𝑃𝑛. In that case, it is necessary to split the group of
nodes P into two branches 𝑃 = {𝑃0, 𝑃1, 𝑃2, . . . , 𝑃𝑛} and
𝑃∗ =

{
𝑃∗0, 𝑃∗1, 𝑃

∗
2, . . . , 𝑃

∗
𝑛

}
. The quantity of the 𝑃∗ node

group will be updated as follows:

𝑃∗1 = 𝑃𝑖 .𝑐𝑜𝑢𝑛𝑡 − 𝑃0.𝑐𝑜𝑢𝑛𝑡, 𝑓 𝑜𝑟 𝑖 : 1→ 𝑛

The child nodes of the nodes in 𝑃 \ {𝑃0} that do not
belong to this node branch will be sequentially assigned
as child nodes of the nodes in 𝑃∗. For example, with the
tree structure in Figure 2, assuming the node that needs
adjustment is node B:1(50), its correct position is above
the predecessor node E:2, as illustrated in Figure 3.

Figure 3. Branch EGFB before splitting

Figure 4. Branch EGFB after splitting

Before splitting, we have the set 𝑃 = {𝐸, 𝐺, 𝐹, 𝐵}.
After separating, we have the set 𝑃 = {𝐸, 𝐺, 𝐹, 𝐵} and
the set 𝑃∗ = {𝐸∗, 𝐺∗}. The number of nodes in the P node
group is equal, so the conditions for permutation are met.
It is important to note that if any node 𝑃𝑖 is a leaf node of
another path, its temporary information will be transferred
and stored in the node 𝑃∗

𝑖
when splitting. In this case, the

node 𝐺∗ is a leaf node, so its temporary information will
be transferred from node 𝐺 to node 𝐺∗, and since this leaf
node has no child nodes, it will become a pure leaf node
and will be linked to other pure leaf nodes.

Figure 5. Tree after restructuring
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Permutation: Based on the example in Figure 3(b), we
will perform the permutation of node B:1(50) with the node
group E:1, G:1, F:1. In this case, the order of the branch
will change from 𝐴 → 𝐸 → 𝐺 → 𝐹 → 𝐵 𝑡𝑜 𝐴 →
𝐵 → 𝐸 → 𝐺 → 𝐹. After the exchange, the result will
be as shown in Figure 4. Since 𝐵 is a pure leaf node, its
old parent node 𝐹 will become a new pure leaf node, and
the temporary information at node 𝐵 will be transferred to
node 𝐹.

Merge Duplicate Nodes: If there exists a sibling node
𝑄∗ representing the same item as node 𝑄 and having the
same parent node during the node exchange process, then
the quantity and child links of node 𝑄∗ are merged into
node 𝑄. If 𝑄∗ is a leaf node, its temporary information
will be updated to 𝑄. If 𝑄∗ is a pure leaf node and 𝑄

is not, then 𝑄∗ will be removed from the pure leaf node
linked list. Similarly, if 𝑄 is a pure leaf node and 𝑄∗ is not,
then 𝑄 will be removed from the pure leaf node linked list.
Afterward, 𝑄∗ is removed from the tree. This process is
recursively applied to the children of 𝑄 until there are no
more duplicate nodes.

b) Update Tree Structure

Updating the structure involves adding, deleting, and
modifying the existing tree structure. Except for the first
transaction data, adding the remaining data can be seen as
an update to the existing structure. Modification operations
can be considered a combination of addition and removal.
This section details the process of adding transactions and
deleting transactions.

- Adding Transaction: The process of adding a trans-
action is illustrated in Algorithm 1. The steps of adding a
transaction are automatically performed in an interleaved
manner as follows:

- Reordering the header table and transaction: Infor-
mation about the frequency of items in the scanned trans-
actions is store in a header table. When a new transaction
is examined, each item is checked to see if it is already
in the header table. If it is, its quantity in the header
table is increased by 1. Otherwise, the item is inserted
into the header table. After scanning, the header table and
transactions are reordered based on the decreasing order of
item frequencies.

- Restructuring the ILC-tree: Based on the order of
the newly sorted header table, the ILC-tree is updated using
the fast-restructuring strategy. It allows traversing through
as few nodes as possible during the restructuring process.

- Adding New Transaction to ILC-tree: After restruc-
turing the ILC-tree, the transactions items are rearranged
and inserted into the ILC-tree in order. If a node containing
an existing item is encountered, the quantity of that node

is incremented by 1. Otherwise, a new node containing the
new item is created in the ILC-tree and linked to the item
with the same name through a nodeLink. The transaction
time is stored in the leaf node of the path. If the timestamp
value of the root node is less than the timestamp value of the
new transaction, then the timestamp value of the root node
is updated to the timestamp value of the new transaction.

- Linking Pure Leaf Nodes: When a data operation
involves a leaf node, that node is identified as a pure leaf
node based on its number of children. If a leaf node has no
children, it is identified as a pure leaf node, and the new
pure leaf node is linked to the ”null”

Entry in the header table and other pure leaf nodes. If a
pure leaf node gains additional children during restructuring
or adding a new transaction, its link is removed. Finally,
the header table points to the most recently inserted pure
leaf node.

Figure 6. Process of inserting transactions 1 to 3

For example, based on the dataset in Table I, the process
of adding a new transaction is illustrated in Figure 6. The
set of items covered by the yellow-shaded area in the
header table represents the differences between the old and
new header tables. These nodes need to be adjusted before
inserting new transactions. After adjustment, the last node
in the path becomes the new leaf node, and the temporary
information of the transaction is stored in the leaf node.
The header table points to the newly inserted nodes and the
pure leaf node when transactions are inserted. For example,
when inserting the second transaction <A, C, D, G>, the
header table updates the count of items 'A', 'C', 'G', and
creates a new entry for item 'D', as shown in Figure 6.
By comparing the updated and original frequencies in the
header table, we identify the nodes that need adjustment,
which are the nodes containing items 'C', 'G', and 'B'. After
adjusting the path, node 'F' becomes the new leaf node
containing the timestamp of the first transaction, and the
items of the second transaction are inserted into the current
ILC-tree.

The 'D' and 'Null' entries in the header table point to
the new pure leaf node D and other nodes with the same
item name in the tree structure are linked together. Similar
processes for inserting transactions follow this example.
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Algorithm 1: Add Transaction to ILC-Tree
Input: Transaction dataset 𝐷
Output: ILC-tree

1 Step 1: Create a header table with a key null and a root node labeled null;

2 Step 2: Procedure SortHeaderTableAndTransactions;

3 begin
4 Read a transaction 𝑇 from 𝐷;
5 for each item 𝐼 in 𝑇 do
6 if 𝐼 exists in the header table then
7 Increase the count of 𝐼 by 1;
8 end
9 else

10 Add 𝐼 to the header table;
11 end
12 end
13 Sort items in the header table in descending order of frequency;
14 Sort each transaction 𝑇 based on the order of the header table;
15 end

16 Step 3: Procedure Restructure ILC-Tree;

17 begin
18 Compare the order of items between the old and new header tables;
19 Rearrange the paths of the tree based on the links between different items in the two header tables;
20 for each path 𝑃 = {𝑃0, 𝑃1, . . . , 𝑃𝑛} belonging to a node branch in the ILC-tree do
21 if the quantity of node 𝑃𝑖 is greater than node 𝑃0 then
22 Split the 𝑃 node group into two branches 𝑃 = {𝑃0, 𝑃1, . . . , 𝑃𝑛} and 𝑃∗ = {𝑃∗0, 𝑃

∗
1, . . . , 𝑃

∗
𝑛};

23 Update the quantity of the 𝑃∗ node group as 𝑃∗
𝑗
.𝑐𝑜𝑢𝑛𝑡 = 𝑃 𝑗 .𝑐𝑜𝑢𝑛𝑡 − 𝑃0.𝑐𝑜𝑢𝑛𝑡 for 𝑗 = 1→ 𝑛;

24 end
25 end
26 Permute node 𝑃0 and the node group {𝑃1, . . . , 𝑃𝑖};
27 if the child node 𝑊 of 𝑃𝑖+1 has the same name as 𝑃0 then
28 Merge node 𝑊 with node 𝑃0, including quantity and temporary information;
29 end
30 end

31 Step 4: Procedure Add New Transaction to ILC-Tree;

32 begin
33 After restructuring, insert the items of 𝑇 into the ILC-tree;
34 if a node 𝑌 containing an item in 𝑇 already exists then
35 Increase the quantity of 𝑌 by 1;
36 end
37 else
38 Initialize node 𝑌 with a quantity of 1;
39 Link it to the header table and linked nodes with the same item;
40 end
41 Add netNodeLink if it is a pure leaf node;
42 Continue until all transactions are inserted into the tree;
43 end
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Deletion of transaction: The ILC-tree algorithm per-
forms the operation of deleting a transaction at a specific
time and applies a top-down traversal mechanism to access
nodes. The process of deleting a transaction is illustrated
in Algorithm 2. For each deleted transaction, the first step
is to sort it in descending order of item frequency in the
current header table. Then, starting from the first item of
the transaction, the count of each item in the header table
is reduced by m, where m is the quantity to be deleted,
as well as the count of the corresponding node. Nodes
with a count of 0 after reduction will be deleted. After all
transactions are deleted, the items in the header table are
sorted in descending order of frequency, and the paths of
the ILC-tree are rearranged based on the updated frequency
decreasing order of items.

An example is provided to illustrate the transaction
deletion process for the initial tree structure of Table I.
Table II is the set of transactions to be deleted, and the
process is illustrated in Figure 7. Nodes with a quantity
reduced to 0 after reduction are marked with gray dots.
After processing all nodes of transactions, the algorithm
performs a fast restructuring to maintain the properties
of the ILC-tree and improve the compactness of the tree
structure.

Algorithm 2: Delete transaction and update the tree
Require: Transaction dataset 𝐷, ILC-tree root node,

deleted transaction dataset 𝑑𝑏− from 𝐷

Ensure : Updated ILC-tree (𝐷 − 𝑑𝑏−)

1 From 𝑑𝑏− , read a transaction 𝑇 at a certain moment,
decrease the quantity by 1 for each item 𝑖 of 𝑇 ;

2 Sort the items in the header table in descending
order, sort each transaction 𝑡 in 𝑑𝑏− based on the
order of the updated header table. Set the ordered
transaction list as [𝑚 |𝑀], where 𝑚 is the first
element of the ordered list, and 𝑀 is the rest of
the list;

3 Set 𝑋 as the root node;
4 for each child node 𝑌 of node 𝑋 such that

𝑌 .𝐼𝑡𝑒𝑚𝐼𝐷 = 𝑚.𝐼𝑡𝑒𝑚𝐼𝐷 do
5 Decrease the quantity of 𝑌 by 1;
6 Update 𝑋 to be 𝑌 , the first item of 𝑀 will be

𝑚, and the rest of the items will be 𝑀;
7 if 𝑌 is a leaf node then
8 Remove the temporary information of

transaction 𝑇 ;
9 end

10 end
11 Continue until all transactions in 𝑑𝑏− are deleted;
12 Execute steps 11-20 of Algorithm 1;

TABLE II
THE TRANSACTION SET HAS BEEN DELETED

TID Itemset Sum vitality Vitality Timestamp

3 A, D, H 3 1, 1, 1 55
7 D, A, H, B 4 1, 1, 1, 1 80

Figure 7. Process of deleting transactions 3 and 7

c) Damped window model for tree optimization

The damped window [16] model is used to optimize the
tree structure by removing invalid transactions over time
in pattern mining. The model is combined with our ILC-
tree structure. First, the model accesses each pure leaf node
through the node links linked to the ”null” entry in the
header table. Each pure leaf node is analyzed and evaluated
based on its time and frequency. When a pure leaf node
is identified for deletion, its corresponding tree path will
also be deleted. If a new pure leaf node appears during
the deletion process, its decayed vitality value needs to
be calculated and evaluated. If the decayed vitality value
is greater than the 𝑣𝑖𝑡min value, then proceed to the next
pure leaf node; otherwise, continue deleting the branch with
this leaf node. After evaluating all pure leaf nodes in the
tree and adjusting the tree structure, the tree structure is
optimized. In this process, the model also addresses two
main issues:

Determining when a leaf node needs to be deleted:
A leaf node may be deleted if it infrequently occurs, and
its last occurrence was a long time ago. To quantify this
predictive process, the following definitions of node vitality
are introduced. Firstly, we determine a value to quantify
the timeliness of transactions. The lifespan of an item in a
transaction 𝑣(𝑖, 𝑡𝑑) is calculated as: 𝑣 (𝑖, 𝑡𝑑) = 𝑢𝑖 (6)[16] In
which 𝑖 is an item of the transaction 𝑡𝑑 , 𝑖 ∈ 𝑡𝑑 , and 𝑢𝑖 is the
relative importance, utility, of i. Based on this, the vitality
value of the transaction (the vitality of the tree branch)
𝑣(𝑡𝑑) is calculated as: 𝑣 (𝑡𝑑) =

∑
𝑣(𝑖, 𝑡𝑑)/|𝑡𝑑 | (7)[16]

Where |𝑡𝑑 | is the number of items in 𝑡𝑑 . For example, for
the transaction <A, C, D, G> in Table I, where all items
have an importance of 1, the vitality value of the transaction
is 1.

For each transaction, the value of decayed vitality 𝑣 (𝑙𝑑)
is calculated as follows:

𝑣 (𝑙𝑑) =
∑

𝑣(𝑡𝑑) ∗ 𝑓 𝑇−𝑑 (8)[16]
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where d is the time of occurrence of each transaction 𝑡𝑑 ,
T is the current time contained in the root node, and f is the
decay factor. For example, for the leaf node at transaction
2, the transaction occurrence time is 𝑇 = 80, decay factor
𝑓 = 0.99, then the decayed vitality value of this leaf node
is calculated as: 𝑣

(
𝑙𝑑 (2)

)
= 1 ∗ 0.9980−53 ≈ 0.76. If the

decayed vitality value at the leaf node falls below the 𝑣𝑖𝑡min
threshold, the leaf node is identified as weak, and the related
paths and nodes in the tree will be deleted.

Performing the deletion operation and adjusting the
ILC-tree: The deletion operation starts from the pure leaf
node to be deleted and follows the transmission mechanism
from bottom to top. The quantity of the leaf node is marked
as 𝑁𝑖 . When the pure leaf node is deleted, the corresponding
item quantity in the header table will decrease by 𝑁𝑖 .

For the remaining nodes of the transaction connected to
the deleted node, their quantity will reduce similarly by
𝑁𝑖 . The amount of the corresponding item in the header
table will decrease by 𝑁𝑖 . Nodes with a quantity of 0 after
the reduction will be deleted. After the deletion operations
are completed, the ILC-tree performs rapid restructuring to
adjust the tree structure.

Algorithm 3: Delete transaction and update the tree
Require: Table of headers, root node
Ensure : Updated ILC-tree

1 foreach leaf node 𝑋 of the ILC-tree do
2 Calculate 𝑣

(
𝑙𝑑 (𝑥 )

)
for node 𝑋;

3 if 𝑣
(
𝑙𝑑 (𝑥 )

)
< 𝑣𝑖𝑡min then

4 Delete node 𝑋 and set 𝑁𝑖 to the number of
nodes 𝑋;

5 foreach parent node 𝑌 of node 𝑋 do
6 Decrease 𝑁𝑖 by the number of nodes 𝑌 ;
7 if the number of nodes 𝑌 = 0 then
8 Delete node 𝑌 ;
9 end

10 end
11 if 𝑌 is a pure leaf node after deletion then
12 Repeat steps 2-14 to evaluate the new

pure leaf node;
13 end
14 end
15 end

2. Pattern Mining from ILC-tree Structure

After the construction of the ILC, the process of creating
subtrees is based on two support thresholds: 𝑚𝑖𝑛𝐹𝑟𝑒𝑞

and 𝑚𝑖𝑛𝑅𝑎𝑟𝑒. In mining, the ILC-tree applies a backward
propagation mechanism, starting from the lowest node

Figure 8. Tree optimization process

and moving gradually up to the root node. Subsequently,
frequent, and rare patterns for each item are collected based
on the configured thresholds. Rare patterns need to satisfy
condition 4 in Section 2, and frequent patterns need to
satisfy condition 5 in Section 2. The entire pattern mining
process is illustrated in Algorithm 4.

Algorithm 4: Pattern Mining from ILC-tree
Require: Header table 𝐻, minFreq, minRare
Ensure : Frequent patterns, rare patterns

1 𝑟𝑒𝑠𝑢𝑙𝑡 ← ∅;
2 for each item 𝐼 in the header table 𝐻 with

𝐼 .𝑠𝑢𝑝𝑝𝑜𝑟𝑡 > 𝑚𝑖𝑛𝑅𝑎𝑟𝑒 do
3 Create a set of prefix paths in the ILC-tree that

occur with 𝐼;
4 Build 𝑇𝑟𝑒𝑒𝑃𝑎𝑡𝑡𝑒𝑟𝑛 containing frequent and rare

items satisfying minFreq, minRare;
5 Create FrequentPattern and RarePattern by

appending 𝐼 to frequent and rare items in
𝑇𝑟𝑒𝑒𝑃𝑎𝑡𝑡𝑒𝑟𝑛;

6 𝑟𝑒𝑠𝑢𝑙𝑡 ← [𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑡𝑃𝑎𝑡𝑡𝑒𝑟𝑛 ∪ 𝑅𝑎𝑟𝑒𝑃𝑎𝑡𝑡𝑒𝑟𝑛];
7 end
8 return 𝑟𝑒𝑠𝑢𝑙𝑡;

With the final tree structure obtained in Figure 7(f), the
results for frequent and rare patterns are presented in Table
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TABLE III
FREQUENT AND RARE PATTERNS EXTRACTED FROM THE ILC-TREE

Item Base sample Subtree Common sam-
ple

Rare sample

A {C:1} {C:1} - -
E {C:2}, {C, A:1} {C:3}, {A:1} {C, E:3} -
H {A:2}, {C, E:1} {A:2}, {C,

E:1}
- {A, H:2}

F {C, E:1}, {C, E,
H:1}

{C, E:2},
{H:1}

- {C, E, F:2}

D {A, H:2} {A, H:2} - {A, H, D:2}

III, where 𝑚𝑖𝑛𝐹𝑟𝑒𝑞 = 3 and 𝑚𝑖𝑛𝑅𝑎𝑟𝑒 = 2. In this table,
Item E has an empty base pattern, so it is impossible to
build a subtree for E. Items G, B, and I do not satisfy the
support thresholds, so no subtrees can be constructed for
them, resulting in no patterns generated for these items. For
Item E, the base patterns include {C: 2} and {C, A: 1}.
According to the support thresholds, a frequent pattern is
{C, E: 3}, and no rare patterns are generated for Item E.
Frequent and rare patterns for the remaining items in the
header table are generated similarly.

3. Time Complexity Analysis

The proposed ILC-tree method comprises two stages:
updating and optimizing the tree structure. Therefore, the
time complexity analysis is performed separately for each
phase.

a) Tree Structure Update

Let D be the database with T transactions, I be the total
number of items in the database, and L be the length of the
most extended transaction. Updating the tree structure is
divided into adding transactions and deleting transactions.
Adding a transaction involves four steps: rearranging the
header table and the transaction, fast restructuring, adding
the new transaction to the ILC-tree, and linking the pure
leaf nodes.

Adding transactions: The worst-case scenario for the
first step is when the length of each transaction equals the
number of items I, meaning 𝐿 = 𝐼. However, this is the best
case for rearranging the header table because there will be
no changes in the order. Therefore, the time complexity
of the first step is 𝑂 (𝑇 𝐼2). In the second step, the worst
case is when all tree paths need adjustment when the data
is inserted. In other words, the total number of swaps
equals the total number of items I. Hence, the overall time
complexity of the second step is 𝑂 (𝑇 𝐼2). In the third step,
the worst case is when the tree has a maximum depth of
𝐿 = 𝐼, and the ILC-tree requires traversing a maximum of I
nodes to insert a node. Therefore, the total time complexity

of inserting transactions is 𝑂 (𝑇 𝐼2). In the final step, the
worst case is when all T transactions require linking node
information, and the total time complexity is 𝑂 (𝑇).

Deleting transactions: The worst-case scenario for
deleting transactions is when all transactions are deleted,
and each deletion requires traversing through nodes, re-
sulting in a total time complexity of 𝑂 (𝑇 𝐼2). Hence, the
overall time complexity of updating the tree structure can
be asymptotically expressed as 𝑂 (𝑇 𝐼2).
b) Tree Optimization

Tree optimization includes calculating the decayed vital-
ity value of each pure leaf node, deleting paths, and quick
restructuring. The worst case for calculating the degraded
vitality value is when the number of paths is T, and the time
complexity is 𝑂 (𝑇). For deleting paths, the time complexity
depends on the number of paths in the tree and the depth of
the tree. The maximum depth of the tree is 𝐿 = 𝐼, and the
maximum number of tree paths is T. Therefore, the time
complexity is 𝑂 (𝑇 𝐼2). The total time complexity of quick
restructuring is 𝑂 (𝑇 𝐼2), as the maximum number of swaps
required is I. Thus, the overall time complexity of tree
optimization can be asymptotically expressed as 𝑂 (𝑇 𝐼2).
In summary, ILC-tree requires 𝑂 (𝑇 𝐼2) for updating the tree
structure and 𝑂 (𝑇 𝐼2) for optimizing the tree. The total time
complexity of building the ILC-tree can be asymptotically
expressed as 𝑂 (𝑇 𝐼2).

IV. EXPERIMENTAL

1. Experimental Environment and Dataset

TABLE IV
CHARACTERISTICS OF THE DATASETS

Dataset Category Transaction
count

Item
count (I)

Average
Length
(A)

Retail utility
timestamp

Synthetic 88,162 16,470 10.30

Ecommerce
utility
timestamp

Real 14,975 3,468 11.71

Mushroom
utility
timestamp

Synthetic 8,416 119 23

In this section, we will conduct experiments to verify
the effectiveness of the proposed algorithm and compare
it with SSP-tree, ISSP-tree, and LC-tree. SSP-tree and
ISSP-tree are two methods for mining rare itemset patterns
using their proposed structures to store data, while LC-
tree utilizes a life-cycle tree structure to optimize the
tree-building process compared to the two aforementioned
structures. We will perform a comparison evaluating the
real-time execution and memory consumption of these
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methods on various datasets. We use authentic and synthetic
datasets, including Retail utility timestamps, ECommerce
utility timestamps, and Mushroom utility timestamps. These
datasets are widely used to evaluate performance in pat-
tern mining and can be downloaded from the SPMF -
Open-Source Data Mining Library. Table IV shows the
characteristics of the datasets, such as the time span, the
number of transactions, the number of distinct items, the
average length, and the density of an item in a transaction.
Datasets with more distinct items incur higher memory and
execution time costs. Additionally, datasets with lower item
density result in lower chances of item repetition in differ-
ent transactions, leading to longer structure update times.
Therefore, we selected three datasets with high, medium,
and low density (19.33%, 0.34%, 0.06%) to evaluate our
proposed tree structure objectively compared to other tree
structures.

To run the experiments, we divided each dataset into five
smaller or equal-sized databases, with each small dataset
accounting for approximately 20% of the original dataset.
After each transaction is inserted into the tree structure,
the algorithm will run the reconstruction function promptly.
After inserting each dataset, the algorithm will use the
damped window model to optimize the tree once.

TABLE V
BRANCHING DENSITY IN THE DATASET

Dataset f [𝑣𝑖𝑡min ] minRare [𝑚𝑖𝑛𝐹𝑟𝑒𝑞 ]

Retail utility timestamp 0.9 0.28 800 1000
ECommerce utility
timestamp

0.9 27.3 75 110

Mushroom utility timestamp 0.9 2.35 800 1000

All methods build an initial tree structure with temporary
information and perform pattern mining. Then, the data
structure is updated and optimized every time a supple-
mentary database is inserted, and the pattern mining task
is re-executed. Decay factor f, minimum 𝑣𝑖𝑡min threshold,
and support thresholds are set as in Table V. All methods
generate similar rare and common patterns and spend equal
amounts of time on the pattern mining process due to the
same input data and parameter settings. We evaluate the
performance of the methods and the obtained results by
taking the average values from multiple runs. All algorithms
are implemented in Python and executed on a computer
with the following configuration: Ubuntu 18.04.6 LTS, Intel
2.2 GHz CPU, 256 GB RAM.

2. Results

a) Execution Time

From Figure 9 (a), it is evident that our tree structure
has a faster execution time compared to the old version of

LC-tree and SSP-tree, ISSP-tree, with times of 72.9 hours,
81.4 hours, 87.9 hours, and 83.6 hours, respectively, in the
Retail utility timestamp dataset. Figure 9 (b) shows 48.6
minutes, 59.4 minutes, 56.7 minutes, and 56.8 minutes,
respectively, in the Ecommerce utility timestamps dataset.
The relatively long execution time in the Retail utility
timestamp dataset is due to its large and sparse nature,
leading to the need to build more nodes. Our ILC-tree has
a mechanism for quickly adjusting nodes, thus helping to
reduce the reconstruction time.

Figure 9. Real-time execution time chart of the ILC-tree structure
compared with 3 structures: LC-tree, SSP-tree, and ISSP-tree, on 2 datasets

b) Memory Consumption

In terms of memory consumption, our algorithm stands
out in comparison to LC-tree, SSP-tree, and ISSP-tree. In
the Retail utility timestamp dataset, depicted in Figure 10
(a), our algorithm exhibits memory footprints of 158.9 MB,
321.7 MB, 540.2 MB, and 402.8 MB. Meanwhile, in the
Ecommerce utility timestamps dataset illustrated in Figure
10 (b), the memory footprints are observed to be 30.0
MB, 61.9 MB, 87.3 MB, and 60.8 MB respectively. These
figures underscore the superior efficiency of our approach.

Figure 10. Memory consumption of the ILC-tree structure compared to
3 other structures: LC-tree, SSP-tree, and ISSP-tree, on 2 datasets

Moreover, when directly compared to the legacy LC-
tree structure, our ILC-tree demonstrates a remarkable
performance, executing approximately twice as fast while
conserving more memory than its predecessors SSP-tree
and ISSP-tree. This significant enhancement is primarily
attributed to the implementation of our novel tree structure,
which effectively reduces the memory overhead associated
with the list of child nodes at each parent node.
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V. CONCLUSION

In this study, we have proposed improvements to opti-
mize execution time and memory consumption compared
to the old tree structure. This includes changing the tree
structure and using a method to adjust new nodes. For the
tree structure, we use a singly linked list to store child
nodes instead of a hash table, reducing the storage cost
of keys in the hash table. For the tree reconstruction task,
our method allows the node that needs adjustment to swap
positions with a group of nodes rather than just the parent
node, improving execution time, especially for large and
densely branched datasets.

In the future, we will explore new algorithms and
strategies to optimize the pattern mining process. We
will consider using more efficient libraries like Dask or
DataTable to handle large-sized files, improving execution
time. We will also investigate methods for extracting rules
from patterns and continue researching and building new
tree structure to find more optimal solutions. Despite the
remaining challenges, our proposed enhancements have sig-
nificant potential for the future, thanks to their processing
speed and memory optimization.
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