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Abstract—Distributed Denial-of-Service (DDoS) attacks remain
challenging to mitigate in the existing systems, including in-home
networks that comprise different Internet of Things (IoT) devices.
In this article, we present a DDoS traffic detection model that
uses a boosting method of logistic model trees for different IoT
device classes. Specifically, a different version of the model will be
generated and applied for each device class since the characteris-
tics of the network traffic from each device class may have subtle
variation(s). As a case study, we explain how devices in a typical
smart home environment can be categorized into four different
classes (and in our context, Class 1—very high level of traffic
predictability, Class 2—high level of traffic predictability, Class
3—medium level of traffic predictability, and Class 4—low level
of traffic predictability). Findings from our evaluations show that
the accuracy of our proposed approach is between 99.92% and
99.99% for these four device classes. In other words, we demon-
strate that we can use device classes to help us more effectively
detect DDoS traffic.

Index Terms—Artificial intelligence, cybersecurity, Distributed
Denial of Service (DDoS), ensemble machine learning, IDS,
Internet of Things (IoT), supervised learning.

I. INTRODUCTION

INTERNET OF THINGS (IoT) devices and systems are
becoming commonplace and, hence, they are increasingly

targeted by attackers, for example, by identifying and
exploiting vulnerabilities in IoT software and hardware, or
their implementation, to facilitate unauthorized and mali-
cious activities. Such devices have also been exploited to
create a botnet network to generate Distributed Denial-of-
Service (DDoS) traffic. DDoS represents a critical network-
oriented cyberthreat, whose trend has been steadily rising over
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the last decade [1], [2]. For example, the DDoS attacks target-
ing Amazon AWS in Q1 of 2020 reportedly had a peak volume
of 2.3 Tbps [3].

IoT devices and systems are found not only in an organiza-
tional or government setting but also in our homes (e.g., smart
homes). Smart homes are one of the fastest-growing IoT appli-
cations, and the deployed devices are extremely heterogeneous.
Such devices are often shipped with minimal or nonexistent
security mechanisms, and in an effort to make these devices
user friendly, the security requirements are often reduced [4].
In addition, most of the devices in a smart home are inex-
pensive and do not have significant computational capabilities
and, consequently, they can be easily compromised to facili-
tate a broad range of nefarious activities, including generating
DDoS traffic [5]. In a typical smart home ecosystem, there are
several stakeholder groups, such as end users (homeowners
or tenants within a home), Internet/telecommunication service
providers, device manufacturers, and service providers (e.g.,
third-party service providers such as a monitored security ser-
vice). These stakeholders generally have a vested interest not to
be involved in malicious cyber activities, or for their devices,
systems, platforms, and/or infrastructure to be exploited to
facilitate nefarious activities. For example, it is in the interest
of Internet/telecommunication service providers to promptly
detect any unauthorized behavior/activities within a smart home
environment, to protect their own network infrastructure and
prevent the compromised devices/systems to be used as a launch
pad against other devices and systems (with associated legal
and financial implications).

A challenge is how to design an effective DDoS detec-
tion system that can be deployed in an increasingly diverse
and dynamic smart home environment. For example, based on
the generated network traffic characteristics, one might iden-
tify the types of devices commonly found in a smart home
environment [5]. Along a similar line, a model for classify-
ing IoT devices into previously defined classes was presented
in our previous research [6], where we defined the classes of
IoT devices-based purely on their traffic behavior and behav-
ioral predictability (i.e., the coefficient of variation of the ratio
of received and sent data). Building on this prior research,
we present the following two hypotheses. First, it is possi-
ble to define profiles of legitimate (normal) traffic for classes
of IoT devices, based on traffic flow characteristics. The sec-
ond hypothesis is that, based on the individual class of IoT
devices’ legitimate traffic profiles, we can develop a super-
vised machine learning model that can effectively detect DDoS
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traffic as network anomalies generated from individual IoT
devices. Hence, we develop a DDoS detection model for
dynamic and heterogeneous IoT systems, which can be imple-
mented in a smart home environment. We also remark that the
DDoS detection model presented in this article uses a boost-
ing method of logistic model trees (LMT), where a different
version of the model is applied for each device class.

The contributions of our research can be summarized as
follows.

1) The data set of legitimate IoT and anomalous DDoS
traffic generated in this research will be made publicly
available to the broad scientific community (and there
is a lack of such data sets in [7]—see also the second
section).

2) Our defined process of forming normal traffic profiles
for classes of IoT devices.

3) Our proposed DDoS detection model, which uses device
classes to detect DDoS traffic. We posit that such an
approach is more effective, as we will also demonstrate
later in this article.

The remainder of this article is organized as follows.
Section II briefly reviews the related DDoS literature.
Section III describes our data collection methodology, data
set preprocessing, and DDoS detection model development
based on the logistic model tree method from a supervised
machine learning pool. Section IV shows the analysis of the
findings, which show that the model accuracy is high for all
classes of devices (i.e., accuracy rate between 99.92% and
99.99%). We will also discuss the implications of our work.
In Section V, we will conclude this article and discuss future
research possibilities.

II. RELATED RESEARCH

There have been many applications of machine learning
techniques to detect DDoS traffic, which can be categorized
into those based on supervised techniques (using existing
knowledge to classify future unknown instances) and those
based on unsupervised techniques (trying to determine the
corresponding instance class without prior knowledge). For
example, Doshi et al. [8] developed a model of binary clas-
sification of traffic on legitimate and DDoS traffic using five
different machine learning methods. Specific features of Smart
Home IoT (SHIoT) traffic were observed through changes
in traffic characteristics, such as packet size, packet interim
times, protocols used, and changes in the number of des-
tination Internet protocol (IP) addresses with which these
devices communicate at different time intervals. The research
presented in [9] also proposed detecting DDoS traffic gener-
ated by IoT devices in a corporate environment, using the Deep
Autoencoders method based on artificial neural networks.
Özçelik et al. [10] suggested that DDoS traffic detection’s effi-
ciency is higher if it is performed at the edge of the observed
IoT environment. Cvitić et al. [11] proposed a conceptual
DDoS detection model that takes classes of IoT devices in
consideration.

Despite the high accuracy of detection and the advantages in
many of these existing approaches, several shortcomings and

challenges remain. A key challenge is the lack of relevant data
sets that can be used to train machine learning-based detection
models [12], [13]. While there are a number of data sets con-
taining DDoS and normal traffic, these are often obsolete and
consequently reduce detection accuracy, because they do not
reflect current traffic characteristics as newer devices, network
concepts (e.g., software-defined networks), and services are
been deployed [14], [15]. For example, Doshi et al. [8] used
three devices with traffic collected over 10-m period, while
the research in [9] used nine devices, of which five are web-
cams or security cameras. However, the data set from [9] is
not publicly available in its original form. It is only available
as a .csv file containing already extracted traffic features. This
is limiting for other researchers because it does not possess
the generated traffic in its original form stored in a format
that would allow researchers to extract and calculate fea-
tures that differ from those extracted by Meidan et al. [9].
Saharkhizan et al. [16] used data sets obtained by simulation
in their proposed approach based on the long short-term-
memory (LSTM) method to detect attacks in the IoT network.
In [17], a two-level model was used to analyze network traf-
fic flows. The traffic flow feature was selected empirically, and
existing public data sets were used to evaluate the detection
model. Salman et al. [18] presented a model for identifying
IoT devices and the detection of attacks on IoT devices using
several machine learning methods (i.e., decision tree, random
forest, and deep learning methods). The study used a data
set of traffic collected using seven IoT devices. The maxi-
mum detection accuracy of the developed model is 94.47%.
Other DDoS detection approaches include those presented
in [19]–[21]. Another observation from these works is that
the data sets are generally very small and nonrepresentative
of a real-world system.

Creating a robust testbed to generate realistic data sets is
challenging, time consuming, and expensive partly due to the
different possible configuration combinations. Existing data
sets also differ in the way they are generated, which can be
synthetic, simulated, or real [22]. Synthetic data sets are gen-
erated to meet the specific requirements and conditions that
real data sets also meet. Existing data sets used in the lit-
erature are also generally dated (e.g., created between 1998
and 2012) and, hence, may not be representative of today’s
communication networks. Even newer data sets rarely have
any IoT traffic included—see also Table I. Examples of the
existing data sets include the one from the University of
New South Wales in Australia [23], which comprises a num-
ber of SHIoT devices. For the development of an anomaly
detection system, it is essential to have data sets contain-
ing normal/legitimate traffic generated by IoT devices. From
such a data set, it is possible to define normal traffic behav-
ior profiles for an individual device or a whole class of IoT
devices.

III. PROPOSED APPROACH

A. Testbed Setup

The setup of our smart home laboratory environment is
shown in Fig. 1, and also presented in [24]. Our environment
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TABLE I
SNAPSHOTS OF EXISTING NON-IOT AND IOT DATA SETS

Fig. 1. Smart home testbed.

consists of 41 diverse SHIoT devices, and the underpinning
communication infrastructure and software-hardware platform
are also setup to enable traffic collection that can be used to
train DDoS detection models.

In addition to the primary data collected in this research,
we also used secondary data from [23], including a larger
number of various SHIoT devices (i.e., greater device het-
erogeneity). The Fortinet AP 221C wireless access point, the
Cisco 2960 Catalyst 48 Power over Ethernet (PoE) switch,
the HP Pavillion dm1, and Microsoft HP 10 10.0.17134 build

17 134 workstations have been set up to capture traffic
using port mirroring, x64 processor architecture, AMD E-350,
1600-MHz two cores, 4-GB RAM) with Wireshark software
tool version 2.6.3 installed. The switch’s physical communi-
cation ports (FA0/1 and FA0/3) to which the wireless access
point and IoT hub for the Phillips Hue device are connected
are configured for port mirroring. These ports are set up as
sources, which ensures that all traffic to and from them are
mirrored (mapped) to the destination contact port (FA0/2).
A traffic collection workstation is connected to this port. With
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TABLE II
ORIGINAL LEGITIMATE AND DDOS TRAFFIC DATA SETS’

CHARACTERISTICS

a legitimate traffic profile of a SHIoT device, it is crucial to
have a data set that includes DDoS traffic. These two sets
form the basis for developing an effective model for detecting
network traffic anomalies such as DDoS traffic generated by
SHIoT devices.

Given that legitimate traffic comes from the primary and
secondary sources, where the author does not have access to
the secondary source devices, a key challenge is the manipula-
tion of SHIoT devices to generate DDoS traffic. Therefore, in
this research, for generating DDoS traffic BoNeSi (the open-
source software tool) was used [25]. The virtual workstation
was used to generate DDoS traffic and create a data set of
illegitimate traffic. The virtual workstation’s configuration is
as follows: Linux Ubuntu 19.04 operating system with dedi-
cated 4 GB of RAM, an Intel Core i7-5500U processor (4x2.40
GHz). In Fig. 1, the virtual machine and BoNeSi tool denote
the SHIoT device in the local smart home network generat-
ing DDoS traffic. For practical reasons, the BoNeSi tool was
used to simulate illegitimate traffic generated by the SHIoT
device in order to minimize the risk of compromising the real
device. BoNeSi is not just a network traffic generator (as the
tool’s documentation suggests), it is also a powerful and effi-
cient DoS and DDoS generator and simulator tool. Hence, our
choice for using it to simulate traffic similar to those gener-
ated by an individual SHIoT device as part of a botnet. In
addition, the illegitimate traffic was generated in an isolated
environment to avoid breaking the laws of the Republic of
Croatia, the European Union, and the United States. For this
research, the attack destination is less important than the attack
source. Three types of DDoS traffic at the infrastructure level
were generated and collected (UDP, TCP, and ICMP) as they
are more frequent then attacks on the application layer.

In terms of the number of collected files containing 24-h
cycles of generated traffic, the number of collected packets,
the sum of collected data, and the overall time of data col-
lection, the characteristics of the initially collected legitimate
and DDoS traffic data are shown in Table II.

B. Defining Legitimate Traffic Profiles for Classes of SHIoT
Device

As discussed earlier, SHIoT is a dynamic and ubiquitous
environment, where new consumer IoT devices with different
functionalities are constantly introduced to the market.

Fig. 2. Process of determining legitimate traffic profiles for SHIoT device
classes.

Therefore, new, unknown SHIoT devices may have func-
tionalities different from those of the currently available
SHIoT devices.

This presents a challenge in identifying such devices and
knowing their legitimate behavior, which forms the basis
for detecting behavioral anomalies such as generating DDoS
traffic.

In order to develop a DDoS traffic detection model based on
the previously defined SHIoT device classes, it is necessary
to define a legitimate traffic profile of each device class. In
the development of any anomaly detection model based on
supervised machine learning methods, it is necessary to have
a set of data that will represent legitimate traffic and a set of
data that will represent illegitimate traffic.

The defined classes of SHIoT devices [5] enable the estab-
lishment of a legitimate traffic profile of a particular class
of devices, which is important in the later development of
anomaly detection models. In doing so, the values of the traf-
fic characteristics of the SHIoT device become part of the
legitimate profile of the observed device class. The profile
of legitimate traffic of a particular class of SHIoT devices
is defined by the values of the characteristics of those traf-
fic flows that are assigned by the classification model to
a particular class of SHIoT devices, as shown in Fig. 2.

Let the SHIoT device be represented by Ux, and the traffic
flow generated by such a device by UxPTy. Each device Ux is
represented as a set of traffic flows UxPTy, i.e., each device
contains a set of traffic flows, Ux = {UxPT1, . . . , UxPTy}.
Then, the legitimate traffic profile of each class C is defined
as a set of traffic flows that are identified by the classifica-
tion model as part of class C, ie Cm = {U1PT1, . . . , UxPTy};
m ∈ {1, 2, 3, 4}. When each traffic flow is represented by
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TABLE III
NETWORK TRAFFIC FLOW FEATURE DESCRIPTION

its characteristics z, it can be observed as a set of values
of features that represent the observed traffic flow, UxPTy =
{z(UxPTy)1, . . . , z(UxPTy)n}.

In addition to the fact that it is possible to define classes of
SHIoT devices (see [5]), it is also possible to classify devices,
i.e., traffic flows generated by such devices using a developed
classification model and traffic flow features with high clas-
sification accuracy (99.7956%). Such results enable creating
a legitimate traffic profile of a particular class of SHIoT
devices [6].

C. Formation of Data Sets for the Development of DDoS
Traffic Detection Models

The SHIoT device classes defined by the research enable
the identification of the class affiliation of the device based on
the traffic flow generated by the device. This also enables the
creation of a legitimate traffic profile because each traffic flow

assigned to one of the four defined classes by the classifica-
tion model becomes part of a set that represents a legitimate
traffic profile of the same class. In order to develop a model
for detecting (illegitimate) DDoS network traffic, the LMT
method was used. For the implementation of the method and
data processing, we used the WEKA software tool, as well
as data sets that represent profiles of normal traffic resulting
from the SHIoT device classification model and data sets of
illegitimate DDoS traffic.

Four data sets (i.e., C1DDoS, C2DDoS, C3DDoS, and
C4DDoS) containing the combined vectors of the legitimate
traffic profile characteristics of each class of SHIoT devices
and DDoS traffic were built. Initially, all four sets contain
the values of all independent traffic flow features (83 in
total) listed in Table III. For feature extraction, we used
the CICFlowMeter tool [26]. The number and distribution of
legitimate and DDoS traffic flows in the data sets were bal-
anced and based on legitimate traffic profiles derived from the
classification model of SHIoT devices shown in [5].



2114 IEEE INTERNET OF THINGS JOURNAL, VOL. 9, NO. 3, FEBRUARY 1, 2022

TABLE IV
PARTIAL PRESENTATION OF DATA SETS USED IN THE DEVELOPMENT OF A DDOS DETECTION MODEL

As with any machine learning model development, the goal
is to use those independent features, whose change has the
greatest impact on changing the dependent feature. It is also
important to reduce those features that can lead to model bias.
Therefore, as with the development of the SHIoT device clas-
sification model, independent features z1–z7 represent traffic
flow identifiers and contain information on the source and
destination IP addresses, protocols used, and traffic flow gen-
eration time removed from the initial data sets. As a result,
76 independent features were obtained, which will be observed
for further development of the model, and whose partial
presentation is shown in Table IV. The table partially shows
the data set used to develop the DDoS detection model. Each
set consists of each traffic flow’s values’ independent features
and the associated corresponding dependent feature that rep-
resents the class. In this case, the class is binary, i.e., it can
take two values (0, 1), which indicates the traffic flow as legit-
imate for the observed class or illegitimate, i.e., the traffic flow
created as a result of generating DDoS traffic.

This approach is necessary for further development of
the model with the application of the method of supervised
machine learning. We then leverage the LMT method in the
development of our DDoS detection model. The LMT method,
developed in 2003 [27], is a boosting method of supervised
machine learning that is a fusion of two commonly used classi-
fication methods: 1) logistic regression and 2) decision trees, to
upgrade them. The method’s basic working principle consists
of creating decision trees and forming a logistic regression
model at the tree nodes. Logistic regression models build
on each other into a single model. In this way, the logistic
regression method estimates the probability of belonging of
an individual feature vector to a defined class. For numeri-
cal features (such as those found in the presented data sets),
the feature representing the node in which the division is the
“purest” is selected. This implies that the maximum number
of feature vectors belongs to one class when the selected fea-
ture’s value is below the defined value threshold and to another
class if the selected feature is observed above the defined value
threshold. The LMT model consists of a decision tree structure

containing internal nodes N and a set of terminal node T. S
representing an entire data set with all features [28]. The deci-
sion tree then divides the set S into disjoint subsets (regions) of
St. Each region is represented by a terminal node of the tree
as shown by the following:

S =
⋃

t∈T

St, St ∩ St′ = ∅ for t �= t′ (1)

where
S set of all feature vectors;
St disjoint subset of feature vectors;
t terminal node from a set of terminal nodes T.
Unlike the classical decision tree, the LMT method asso-

ciates logistic regression functions, ft instead of the class
designation, with terminal nodes t ∈ T . The logistic regres-
sion considers the subset Zt ⊆ Z of all independent features
in the data set and models the probability of belonging to the
class according to

Pr(G = j|X = x) = eFj(x)

∫ J
k=1 eFk(x)

(2)

Fj(x) = α
j
0 +

m∑

k=1

αj
zk

· zk (3)

where
αj coefficient of independent feature z;
zk independent feature from a set of independent features

Z = {z1, . . . , zm}.
The final LMT model takes the form given by

f (x) =
∑

t∈T

ft(x) · I(x ∈ St), I(x ∈ St)

{
1 if x ∈ St

0 else.
(4)

According to Landwehr et al. [28], the goal of the method
is to adapt the data so that the logistic decision tree is gener-
alized (pruned) to the level of one logistic regression model,
i.e., to the root node of the decision tree if possible, given the
data set over by which the method is applied.

Selecting the relevant independent features from the set of
all features when using the LMT method does not need to be
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undertaken separately as this method adjusts (fitting) regres-
sion function to each independent feature using the least square
error. According to this criterion, the final model includes
those features that result in the smallest square error, as
shown in Table V. Using the WEKA software environment,
the described LMT method was implemented on all our four
data sets (i.e., C1DDoS, C2DDoS, C3DDoS, and C4DDoS)
to develop LMT models for each class of SHIoT devices.

1) LMT Model for C1 Class of SHIoT Devices: By imple-
menting the LMT method using the WEKA programming
environment, independent features with the greatest influ-
ence on the dependent feature were selected, and a logistic
regression model was developed since the decision tree is gen-
eralized to the root node. Therefore, at the decision tree’s root
node, the corresponding LMT model is defined

Pr(G = C1|X = x) = eFC1(x)

eFC1(x) + eFDDoS(x)
(5)

Pr(G = DDoS|X = x) = eFDDoS(x)

eFC1(x) + eFDDoS(x)
. (6)

Both FC1 and FDDoS functions were used to determine the
probability of belonging to a class by modeling independent
features’ influence on the dependent feature. For class C1, the
logistic regression model takes the form shown by

FC1(x) = −1.37 + 0.02 · z14 + 0.01 · z18 + 3.29 · z38

+ 0.01 · z46 + (−3, 72) · z50 + (−1.08) · z51

+ (−0.2) · z54 + 0.88 · z58 + 0.57 · z74 (7)

FDDoS(x) = −FC1(x) = 1.37 + (−0.02) · z14 + (−0.01)

· z18 + (−3.29) · z38 + (−0.01) · z46 + 3.72

· z50 + 1.08 · z51 + 0.2 · z54 + (−0.88) · z58

+ (−0.57) · z74. (8)

The model includes independent features for which the
method of least square deviation determined the greatest influ-
ence on the change of the dependent feature. The effect of the
independent on the dependent feature is defined by sufficient
coefficients for each feature. The assigned coefficient indicates
that one unit of the independent feature’s increase will change
the dependent feature by the logarithm of the logistic regres-
sion coefficients’ layout, while the other independent variables
will remain unchanged. For example, the coefficient assigned
to the independent feature z14 is −0.02 and represents an esti-
mate of the change (increase or decrease; as determined by the
sign), in this case, a decrease in the amount of logarithm of the
dependent feature if the independent feature z14 increases by
one unit and the others the independent features in the model
remain unchanged.

2) LMT Model for C2 Class of SHIoT Devices: The LMT
model of DDoS detection for class C2 SHIoT devices was
developed in the same way as the previously described model
for class C1. Since different SHIoT devices belong to different
classes, it is intuitively clear that the traffic flows generated
by SHIoT devices of class C2 differ in terms of feature values
from the traffic flows of SHIoT devices of class C1. Therefore,
the model developed for this class of devices, although based
on the same method, has certain differences. This primarily

Fig. 3. Example of application of the LMT method in the classification of
feature vectors.

refers to the decision tree’s appearance and the independent
features included in the model, and the coefficients added to
these features. This means that the independent features that
affect the dependent feature change differ from class to SHIoT
devices class.

On the other hand, different classes may share the same
relevant independent features, but they also have different
coefficients with different degrees of influence. For class C2,
the decision tree differs from that for class C1 because it is
impossible to define logistic regression models at the root node
that would provide satisfactory LMT model performance. In
this case, the decision tree is generalized to three nodes (one
root node and two terminal nodes), as shown earlier in Fig. 3.
Therefore, two logistics models are defined at the terminal
nodes. LM1, according to expressions (9) and (10) and LM2,
according to expressions (11) and (12), which are applied
depending on the condition that is satisfied when branching
the decision tree

FC2(x) = −16.07 + 3.42 · z10 + 4.35 · z38 + 0.01 · z41

+ 0.01 · z46 + (−2.06) · z50 + (−0.39) · z51

+ 2.28 · z54 + 0.97 · z58 + 14.58 · z74 (9)

FDDoS(x) = −FC2(x) = 16.07 + (−3.42) · z10 + (−4.35)

· z38 + (−0.01) · z41 + (−0.01) · z46 + 2.06

· z50 + 0.39 · z51 + (−2.28) · z54 + (−0.97)

· z58 + (−14.58) · z74 (10)

FC2(x) = −20.68 + 2.32 · z38 + 0.01 · z46 + (−2.06) · z50

+ (−0.39) · z51 + 2.28 · z54 + 0.84 · z58 (11)

FDDoS(x) = −FC2(x) = 20.68 + (−2.32) · z38 + (−0.01)

· z46 + 2.06 · z50 + 0.39 · z51 + (−2.28) · z54

+ (−0.84) · z58. (12)

It is noted that the LMT model for detection of network
traffic anomalies for SHIoT devices belonging to class C2 con-
sists of a decision tree on whose terminal nodes there are two
logistics models, and their use depends on which condition
satisfies the observed feature vector concerning the value of
independent feature z24. It also depends on this condition in
which independent features will be included in the logistics
model and the coefficients associated with these features.

3) LMT Model for C3 Class of SHIoT Devices: For the
class C3 SHIoT devices to detect network traffic anomalies,
an LMT model was developed on principle applied to classes
C1 and C2. As for class C1, the decision tree is generalized
to the root node to which one logistic model is associated.
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TABLE V
DISPLAY OF INDEPENDENT FEATURES INCLUDED IN THE LMT

The final form of the LMT model, with the most significant
independent features and coefficients for class C3, is
shown by

FC3(x) = −1.01 + 0.03 · z14 + 2.91 · z38 + 0.01 · z45

+ 0.02 · z46 + (−2) · z50 + (−1.82) · z51

+ 1.12 · z54 + 0.87 · z58 + 0.04 · z74 (13)

FDDoS(x) = −FC3(x) = 1.01 + (−0.03) · z14 + (−2.91) · z38

+ (−0.01) · z45 + (−0.02) · z46 + 2 · z50

+ 1.82 · z51 + (−1.12) · z54 + (−0.87) · z58

+ (−0.04) · z74. (14)

The model included a total of nine independent (z14, z38,
z45, z46, z50, z51, z54, z58, z74) features that were deter-
mined by the method of least squares to have the greatest
impact on the change of the dependent feature.

4) LMT Model for C4 Class of SHIoT Devices: Class
C4 devices, due to the higher Cu index, generate traffic
and traffic flows whose characteristics are more difficult to
distinguish from network traffic anomalies such as DDoS
traffic.

The lower level of traffic predictability is caused by the
device’s mode of operation, such as a high level of user
interaction, playback of audio/video content, and the like. This
results in a more complex LMT model that cannot be general-
ized to the root node, but it consists of 11 nodes or six terminal
nodes. A logistic regression model is defined on each branch
of the decision tree ending in the terminal node.

In the present case, this means that the LMT model consists
of a total of five branching points and six logistic regres-
sion models. An LMT model containing a decision tree and
associated logistic regression models with selected relevant
independent features and associated coefficients, as shown in
Fig. 4.

D. Working Principle of the Developed Model for Detection
of Illegitimate DDoS Network Traffic

The work of the developed model of illegitimate DDoS
traffic detection takes place in two phases. The first phase is

a prerequisite for later detection of DDoS traffic in the second
phase and involves the classification of SHIoT devices based
on generated traffic flow. The multiclass classification model
results show that the SHIoT device can be classified into one
of the four predefined classes concerning the traffic flows it
generates with an accuracy of 99.79%.

After the device is successfully classified, the newly gen-
erated traffic flows are checked based on the LMT model for
detecting illegitimate DDoS traffic, which determines whether
these traffic flows belong to a recognized class or represent an
anomaly of network traffic.

The basis for the development of the DDoS traffic detection
model for a particular class is the profile of legitimate traffic
of a particular class, resulting from the work of a multiclass
classification model in the first phase.

In doing so, the values of traffic flow classified into certain
predefined classes also become part of the profile of legitimate
traffic of these classes. Depending on the corresponding class
of SHIoT devices, an individual LMT model can detect devia-
tions or anomalies from the existing normal traffic profile with
high accuracy (LMT-C1 = 99.99%, LMT-C2 = 99.92%, LMT-
C3 = 99, 97%, and LMT-C4 = 99.95%) and using different
sets of independent traffic flow characteristics.

IV. RESULTS ANALYSIS AND DISCUSSION

The development of a DDoS detection model based on traf-
fic characteristics and device class indicates the importance
of recognizing the class to which the SHIoT device belongs
as a fundamental activity of further recognizing anomalies in
network traffic such as DDoS traffic. According to the model
presented in the previous section, it is clear that not all inde-
pendent features are equally important in detecting anomalies
for a particular class. Likewise, certain features in one class
may be relevant while viewed from the aspect of another class
they do not have to.

An example is seer each class differs according to the num-
ber of relevant independent features, and it is also evident that
the same features are not relevant in the detection of anomalies
for each class.
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Fig. 4. LMT model of the DDoS detection model for class C4.

Furthermore, an individual independent feature’s thresh-
old value that determines the decision tree’s branching dif-
fers for individual classes. As shown in Figs. 3 and 4,
branching in the decision tree occurs based on the thresh-
old value of the feature z24, representing the standard
deviation of the

The interarrival packet times in the observed traffic flow
expressed in microseconds (Âμs). In doing so, the algo-
rithm C4.5 is used, which selects the threshold value of
the independent feature that allows the purest division of
the feature vector in the set [29]. Thus, for example, the
threshold value of the z24 feature in the LMT model for
class C2 differs from the threshold value of the same feature
for class C4.

To evaluate the behavior of the model over data not included
in the learning process, each version of the LMT model
was validated using the k-fold cross-validation approach with
k = 10. Cross-validation is a mathematical technique for
evaluating the success of machine learning models on new,
unknown data. This approach is used to test the model’s
output on data that was not used during the learning pro-
cess. The model is iteratively extended k times over the
data set in this way. The data set is split into k sections in

TABLE VI
ACCURACY OF DEVELOPED MODELS AND KAPPA COEFFICIENT

each iteration. The remaining k − 1 portions of the set are
grouped into a subset for model learning, while one part of
the set is used to test the model [30]. Validation metrics (accu-
racy, kappa statistics, true-positive rate (TPR), false-positive
rate (FPR), precision, F-measure, ROC-Receiver Operating
Characteristics, and PRC-Precision-Recall Curve) are often
used to test machine learning classification models.
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Fig. 5. Error visualization of LMT classification models for the corresponding
classes.

A. Accuracy of Developed LMT Classification Models

True-positive (TP) examples, true-negative (TN) examples,
false-positive (FP) examples, and false-negative (FN) examples
reflect the share of correctly classified examples in the set of
all examples

Acc = TP + TN

TP + TN + FP + FN
(15)

where
Acc proportion of accurately classified examples in the

set of all examples;
TP number of true positive examples;
TN number of true negative examples;
FP number of false positive examples;
FN number of false negative examples.
According to the classification’s accuracy, all four mod-

els show high performance, which means that based on the
observed flow, they can determine with high accuracy whether
the traffic flow is the result of legitimate communication of
the device, or the device generates DDoS traffic. According
to Table VI, the high accuracy of all four versions of the
LMT model developed for each class of SHIoT devices can
be observed. Errors in the classification of all four versions of
the LMT model were visualized and shown in Fig. 5.

Fig. 5 shows that the detection model is most accurate for
class C2 and the lowest performance is observed in the LMT-
C1 model. From the given figure, it is observed that errors
for all four models are prevalent for classifying DDoS traffic
instances, indicating the need for better modeling of this class
in future research.

To more clearly show the accuracy of the classification,
a confusion matrix was used for all developed versions of
the model. The confusion matrix is a performance metric
for machine learning classification models with two or more
classes as output, and it serves as the foundation for other
metrics. Thus, the LMT model for device class C1 shows an
accuracy of 99.9216%, or 56 092 accurately classified traffic
flows, as a DDoS or traffic flow that legitimately belongs to
a SHIoT device from class C1. A total of 44 traffic flows were
misclassified, i.e., 0.0784% in the total set of 56 136. Out of

TABLE VII
CONFUSION MATRIX OF LMT MODELS FOR CLASSES C1 AND C2

TABLE VIII
CONFUSION MATRIX OF LMT MODELS FOR CLASSES C3 AND C4

44 incorrectly classified traffic flows, 41 were predicted to
belong to the legitimate traffic flow of class C1, while three
traffic flows were classified as DDoS traffic, as shown by the
confusion matrix in Table VII.

In addition to high accuracy, the LMT model for device
class C1 also shows a kappa coefficient (κ = 0.9984), which
indicates high model performance.

The LMT model version developed for class C2 shows
high accuracy (99.9966%), shown in Table VI. This implies
59 660 accurately classified traffic flows in a set of 59 662 traf-
fic flows. The classification error is 0.0034%, i.e., two traffic
flows, with one incorrectly assigned to class C2 and the
other to DDoS traffic, which is evident from the confusion
matrix shown in Table VII. The amount of kappa coefficient
is 0.9999, which indicates a high success of this version of
the LMT model.

The LMT classification model developed for class C3 pro-
vides an accuracy of 99.9744%, as shown in Table VI.
Therefore, out of 58 661 traffic flows, 15 are misclassified,
or 0.0256%, while 58 646 are accurately classified. According
to the confusion matrix shown in Table VIII, one traffic flow
was misclassified as DDoS traffic, while 14 traffic flows were
misclassified as part of a legitimate class C3 traffic.

The amount of kappa coefficient of 0.9995, as with previous
versions of the LMT model, indicates its high performance.
The latest version of the LMT model, developed for class C4,
shows an accuracy of 99.9583% which implies 59 879 cor-
rectly classified traffic flows. Therefore, 25 traffic flows were
misclassified, five as DDoS traffic and 20 as legitimate class
C4 traffic, as shown by the confusion matrix in Table VIII.
The success of the model measured by the kappa coefficient
is 0.9992, seen in Table VI.

B. Performance Analysis Based on Positive and Negative
Model Results

Further analysis and performance evaluation of the
developed LMT models was conducted using metrics based
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TABLE IX
OVERVIEW OF LMT MODEL VALIDATION MEASURES (TPR AND FPR)

TABLE X
OVERVIEW OF LMT MODEL VALIDATION MEASURES (PRECISION AND

F-MEASURE)

on positive and negative results. Given that each measure has
advantages and disadvantages, the success of a classification
model based on machine learning must be conveyed across
many successive methods.

The first such measure is the rate of TPR. The TPR reflects
correctly categorized examples of a class in the set of all
examples attributed to that class

TPR = TP

TP + FN
(16)

In the above equation, TPR is the true positive rate.
Table IX shows the TPR results for all versions of the LMT

model with TPR for all legitimate traffic classes being 1. The
TPR values for the DDoS class in LMT-C2 and LMT-C3 mod-
els are 1. LMT-C1 and LMT-C4 models notice a minimal
drop in performance with a TPR of 0.999. The next important
performance evaluation measure is the FP example rate (FPR)
shown in the same table.

The FP rate represents the ratio of misclassified class exam-
ples in the set of all examples assigned to that class to (17).
According to this measure, all models show good results for
the legitimate traffic classes and the DDoS class

FPR = FP

FP + TN
(17)

In the above equation, FPR is the false positive rate.
According to (18), the precision calculation is used to

express the number of correctly categorized examples in rela-
tion to the total number of examples belonging to that class.

According to (19), the F-measure or F1 score represents
the harmonic mean of the precision and the TPR [30]. The
harmonic mean is more intuitive than the classical arithmetic
mean for calculating the ratio’s mean, according to [31]

PPV = TP

TP + FP
(18)

TABLE XI
OVERVIEW OF LMT MODEL VALIDATION MEASURES (ROC AND PRC)

In the above equation, PPV is the positive prediction value

F1 = 2(PPV · TPR)

PPV + TPR
. (19)

According to the values shown in Table X, both measures
indicate high performance of all versions of the LMT model.
A minimal drop in performance is observed for LMT-C1 and
LMT-C4 (0.999) for classes C1 and C4 for the precision mea-
sure and for LMT-C1 for class C1 and DDoS for F1 rating
(0.999).

All four versions of the LMT model’s high performance are
visible from the implemented ROC and PRC measures whose
results are visible in Table XI. As one of the most important
and most frequently used measures showing the classification
model’s quality, the ROC measure results indicate high quality
of all versions of the developed LMT model. Proof of this is
the TPR and TNR rate ratio value, which is 1 for the models
LMT-C2, LTM-C3, and LMT-C4, and 0.999 for the model
LMT-C1.

Since the data sets are stratified, the PRC measure, as an
alternative to the ROC measure, which can better assess the
impact of a large number of negative examples on model
performance, gives almost equal values for all observed LMT
models.

The presented results of the developed model confirm the
second hypothesis of this research. Based on the defined pro-
file of legitimate traffic of a particular class of IoT devices
in a smart home environment, detecting illegitimate traffic
generated by such devices is possible.

A comparative summary is shown in Table XII, and one
can observe that our approach achieves the highest accuracy,
precision, recall, and F-measure. It is also observed that we
consider the highest number of SHIoT devices, and a key ben-
efit of our approach is its ability to detect anomalous traffic
generated by previously unseen IoT devices.

In summary, to evaluate the effectiveness of the LMT
method applied in this study, we applied several frequently
used machine learning methods over the same data set.
Specifically, we compared the performance of our pro-
posal with those of multilayer perceptron (MLP), k-Nearest
Neighbors (kNN), Random Tree (RT), Bagging, AdaBoostM1,
stochastic gradient descent (SGD), dense layer, Recurrent
Neural Network (RNN), and GravesLSTM, in terms of accu-
racy, TPR, Precision, Recall, F-measure, and ROC. For imple-
menting mentioned methods, we used WekaDeeplearning4j
package for WEKA platform [32]. From the comparison
results presented in Fig. 6, one can see that our approach
generally outperforms the other applied methods.
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TABLE XII
COMPARISON WITH OTHER COMPETING APPROACHES

Fig. 6. Comparison of our approach with other competing machine learning and deep learning methods.

V. CONCLUSION AND FUTURE WORK

The DDoS detection model presented in this article deviates
from the typical network traffic anomaly detection approaches.
For example, prior approaches are largely based on generat-
ing a legitimate traffic profile that is assumed to apply to all
terminal devices. Such an approach is logical in environments
comprising conventional devices, whose traffic generates char-
acteristics that are reflective of the operation of the installed
applications on the devices and the way the users use such
devices.

However, inexpensive IoT devices are somewhat limited
in terms of their functionality, which is reflected in the
characteristics of the traffic they generate. There are also IoT

devices which are more computationally capable. Hence, exist-
ing non-IoT approaches may not be suitable, partly due to
the diversity of IoT devices (and consequently, behavior). In
other words, some devices will always generate similar traf-
fic, while other devices that are capable of supporting greater
interactions with the user may generate traffic that is irregular.
Compounding this challenge is the significant growth in the
number of devices in an IoT environment.

In other words, DDoS detection approaches based on indi-
vidual device characteristics require relearning or even rede-
velopment of the underlying model for each new device that
appears on the market. Such an approach is extremely com-
plex and insufficiently generic in an increasingly complex and
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dynamic IoT environment. This is limitation we attempted to
address in this article.

Our approach assumes that there is no one overarching legit-
imate traffic profile for IoT devices, and instead of focusing
on specific devices we focus on the device classes (depend-
ing on the traffic characteristics they generate). In this way,
a legitimate traffic profile is formed for each class of devices
based on which DDoS detection models are developed. This
approach has the potential to classify future devices based
on the traffic flow characteristics they generate, which can
be used to determine whether such a device behaves within
legitimate limits or is generating DDoS traffic. Specifically, in
our approach the DDoS traffic detection model is based on the
logistic decision tree method from the set of machine learn-
ing methods. The problem of detecting DDoS traffic based
on device classes has been reduced to binary classification,
where different versions of the same model are developed
for each class of SHIoT devices. This is why each class of
SHIoT devices’ traffic has different characteristics, which is
evident from the presented versions of the model, each dif-
fering in the number of independent features used, the size
of the decision tree and the threshold values of its branch-
ing. Our performance evaluation showed that the approach
achieves high performance, in terms of accuracy, TPR, FPR,
F1 rating, precision, ROC and PRC. For example, the accu-
racy of the model for respective classes is C1 = 99.9216%,
C2 = 99.9966%, C3 = 99.9744%, and C4 = 99.9583%.

Our approach can benefit different stakeholders in the IoT
ecosystem. For example, users typically want their devices to
function as intended in the smart home environment. Generating
DDoS traffic can impact on the device’s functionality or make
it completely inaccessible. Therefore, it is in the user’s interest
to promptly detect the device’s abnormal behavior. Given that
telecom operators are often also smart home service providers,
it is also in their interest to detect unauthorized device behavior
in a timely manner to protect their own network infrastruc-
ture. Finally, manufacturers of such devices must ensure the
correct operation of the devices in order to increase customer
satisfaction and strengthen their market presence.

While our research has demonstrated the potential of detect-
ing illegitimate traffic with high accuracy based on the
classification of devices into predefined classes and creating
a legitimate traffic profile for each class using the boosting
method of machine learning, there are a number of poten-
tial future extensions to this work. For example, we intend
to evaluate our proposed approach in other settings, such
as healthcare, transportation or Industry 4.0, as devices in
these application domains may generate different behaviors
and hence resulting in additional device classes. We also intend
to study the potential of extending our approach to cover other
attack types, for example to create device classes based on
their generated traffic in the presence of other types of attacks.
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