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Abstract—The Internet of Things (IoT) paradigm pro-
vides persistent sensing and data collection capabilities and
is becoming increasingly prevalent across many market
sectors. However, most IoT devices emphasize usability
and function over security, making them very vulnerable
to malicious exploits. This concern is evidenced by the
increased use of compromised IoT devices in large scale
bot networks (botnets) to launch distributed denial of ser-
vice (DDoS) attacks against high value targets. Unsecured
IoT systems can also provide entry points to private
networks, allowing adversaries relatively easy access to
valuable resources and services. Indeed, these evolving
IoT threat vectors (ranging from brute force attacks
to remote code execution exploits) are posing key chal-
lenges. Moreover, many traditional security mechanisms
are not amenable for deployment on smaller resource-
constrained IoT platforms. As a result, researchers have
been developing a range of methods for IoT security, with
many strategies using advanced machine learning (ML)
techniques. Along these lines, this paper presents a novel
generative adversarial network (GAN) solution to detect
threats from malicious IoT devices both inside and outside
a network. This model is trained using both benign IoT
traffic and global darknet data and further evaluated in
a testbed with real IoT devices and malware threats.

Index Terms—Machine learning, deep learning, IoT
security, malware, generative adversarial networks (GAN)

I. INTRODUCTION

Continued advances in sensing, computing, and net-
working technologies have resulted the novel Internet of
Things (IoT) paradigm. This approach uses a multitude
of smaller embedded devices (augmented with sensing
capabilities) to collect and relay information about their
surroundings and environment. In many cases, these
devices also interact with each other. This sensing
information is then transferred to large datacenter sites
(in the cloud) for further processing and data ana-
lytics purposes, i.e., to improve situational awareness
and decision making processes. Indeed, IoT paradigms
are seeing widespread traction across many diverse
market sectors with many billions of devices already
deployed, e.g., in domains such as transport, utility,
building/infrastructure, manufacturing, healthcare, home
automation, etc.

Although IoT-based solutions offer tremendous ben-
efits in terms of productivity and efficiency, they also
introduce a plethora of security challenges. Namely,
most IoT system manufacturers have emphasized cost
reduction and rapid time-to-market over security sup-
port. As a result, many designs use very basic Linux
or Unix operating systems (OS) and have very limited
(computational, storage) resource capabilities. Hence
IoT devices are highly vulnerable to exploitation by
malicious actors. Moreover, it is generally difficult
(infeasible) to constantly patch these devices given their
sheer scale of deployment, complicated access, and the
lack of vendor support (update mechanisms).

In light of the above, IoT infrastructures clearly
represent a very large and growing cyberthreat surface.
As a result, unsolicited IoT-related activity on the In-
ternet continues to grow at a steady rate (with telnet
being the most commonly exploited service). More
importantly, hackers have also developed advanced IoT-
specific malware to essentially recruit and coordinate
much larger groups of devices and launch large scale
distributed denial of service (DDoS) attacks [1]. By far
the most notable example here is the Mirai botnet
which attacked Dyn DNS servers and caused massive
Internet outages in 2016 1. The financial and service
sectors were also impacted by this IoT botnet. Overall,
Mirai remains a major cyberthreat today, and hack-
ers continue to evolve new variants with increasingly
complex code structures and attack strategies [2]. In
addition, further methods are also being developed to
target boot loader and firmware on IoT platforms. For
example, the UbootKit malware can manipulate the
boot loader to grant root privileges to an attacker [3].
Indeed, many of these malware types are becoming
increasingly difficult to detect using traditional intrusion
detection mechanisms.

Despite these vulnerabilities, IoT technologies and
solutions continue to gain traction across a wide range
of private, commercial, and governmental domains.
Therefore it critical to proactively identify and mitigate
IoT-based threats before they materialize. In response,

1https://dyn.com/blog/dyn-statement-on-10212016-ddos-attack/



researchers have proposed a range of machine learning
(ML) schemes to detect anomalous behaviors in IoT
domains [4], [5], [6], [7], [8], [9]. However for the
most part, many of these studies do not consider promi-
nent IoT malware families and/or utilize realistic attack
datasets. Hence there is a pressing need to leverage real-
world empirical network data to counter IoT threats.

In light of the above, this paper presents a novel
anomaly detection solution to identify threats from
malicious IoT devices from both inside and outside
the network. Namely, the scheme utilizes a generative
adversarial network (GAN) approach to model traffic
distributions–for both benign and anomalous data–to
identify malicious behaviors. This particular neural net-
work (NN) based scheme is chosen as it is very effective
in modeling latent representations of data and recon-
structing samples from their underlying distribution.
An experimental real-world testbed is also developed
to evaluate the proposed solution in realistic settings
using the Mirai and Bashlite malware families. In
particular, GAN models are trained using benign IoT
data traffic collected from the testbed as well as global
darknet data extracted from a large external network
telescope (CAIDA repository). The latter traffic has been
shown to be an effective indicator of Internet-scale
malicious IoT device activity [10].

Overall, this effort presents some key contributions.
Foremost, it details one of the first known solutions
which applies the advantages of GANs to the IoT
security domain. This study also utilizes real-world
darknet data (passive measurements) to further validate
the efficacy of the model. Finally, the work builds a live
operational testbed (using the most popular classes of
IoT devices targeted and recruited by large-scale bot-
nets) and evaluates the proposed solution using several
IoT malware families. This paper is organized as fol-
lows. First, Section II reviews a number of related works
in the area of anomaly detection and ML techniques
for both IoT and non-IoT networks. Next, Section III
details the experimental testbed setup along with the
proposed attack methodology. Section IV then discusses
the GAN model for anomaly detection of IoT devices.
Finally, Section V details the key research findings from
the testbed performance evaluation study followed by
concluding remarks and discussions on future research
in Section VI.

II. RELATED WORK

Anomaly detection algorithms have been widely used
across a range of application domains, e.g., such as
fraud detection, medical imaging, network intrusion
detection, etc. The overall objective here is to detect
any outliers in the data that deviate from expected
or normal behaviors. Accordingly, the authors in [11]

present a comprehensive survey of anomaly detection
applications and highlight the generic nature of many
of these algorithms. Now many anomaly detection
schemes have been used within the computer security
domain. For example, [12] uses a sequential matching
algorithm to perform similarity measurements and iden-
tify deviations from past user behaviors. However, this
method is ineffective against scanning and exploitation
techniques directed at IoT devices. Meanwhile, [13]
details a statistical anomaly detection scheme that uses
a multi-level hierarchical K-map model for network
anomaly detection. However, this work does not con-
sider IoT devices and the unique vulnerabilities of their
ecosystem. Furthermore, the authors in [14] detail an
intrusion detection system for web-based attacks that
analyzes server log files and produces anomaly scores
for web requests. However this scheme is only designed
for web applications and cannot detect network or
link-layer layer attacks. Various signature-based defense
mechanisms have also been proposed, i.e., by compar-
ing network or application behaviors against a stored
database of known malicious signatures [11]. However,
these schemes require detailed a-priori knowledge of
malicious attacks, as well as constant updates to the
threat signature database. As such, these requirements
can be difficult to meet if attackers constantly adapt their
behaviors to avoid detection.

Now within the context of this study, [4] presents an
extensive survey on the latest developments in intrusion
detection systems for IoT systems/devices. For example,
the authors in [5] propose an IoT network intrusion de-
tection system called SVELTE. Specifically, this system
is intended for 6LoWPAN IoT networks running the
Routing Protocol for Low-Power and Lossy Networks
(RPL). Sample evaluation is also done using the Contiki
OS [15], using bit pattern matching of IoT payloads to
generate normal profiles and flag anomalous deviations.
However, this solution is only suitable for small sensor-
or control-based devices whose packets do not exhibit
much variation in terms of their transmitted data.

Meanwhile, machine learning (ML) and deep learn-
ing (DL) methods have also seen much traction in
recent years owing to advances in computational hard-
ware systems and optimized software packages. Specif-
ically, open-source libraries such as TensorFlow and
Keras provide extensive capabilities to rapidly de-
sign/test complex ML models. As a result, researchers
have developed a range of intelligent ML-based security
algorithms to address the large data volumes generated
by IoT devices. For example, [16] presents a network
traffic classification model which is trained and eval-
uated on darknet data using several common super-
vised ML algorithms, including random forest, gradi-
ent boosting, and Ada Boost. Meanwhile, the authors



in [17] develop association rules to detect anomalies,
although this method still requires human expertise to
draw meaningful conclusions. Others have also used DL
methodologies to detect unsolicited IoT behaviors. For
example, the scheme in [6] trains and tests a DL model
using the well-known NSL-KDD dataset. However, this
dataset is not specific to IoT devices and hence is not
necessarily reflective of their specialized attack traffic,
as noted in [18]. Meanwhile, [7] also uses simulated
data to train a NN to detect malicious IoT devices.
However, the focus here is on detecting DoS/DDoS
attacks against IoT sensor nodes themselves, and the
lack of realistic attack traffic is also problematic. Indeed,
the latter issue is a major concern when trying to
develop real-world operational intrusion and anomaly
detection systems.

Additionally, the study in [8] uses a computational
intelligence algorithm to generate behavioral profiles
and flag deviations. However this effort only consid-
ers wireless systems. Meanwhile, the authors in [19]
present a scheme to train autoencoders for every IoT
device connected to a network. Hence when a device
is infected, its previously-trained autoencoder can be
used to identify the anomaly. Clearly, this approach has
high overheads as separate autoencoders must be trained
for every IoT device. Moreover, this solution does not
account for external threats since the autoencoder can
only identify anomalies for the device for which it
was trained. Other efforts in [9] have also looked at
using variational autoencoders for anomaly detection.
Nevertheless, this work does not consider prominent
malware families such as Mirai, Reaper, etc.

In light of the above, the proposed ML-based solution
leverages GANs for anomaly detection in IoT set-
tings. Namely, this particular type of NN is well-suited
for scenarios with sparse training datasets. GANs can
also excel at generating latent representations of high-
dimensional complex datasets. Hence this algorithm is
used here to model both normal traffic behaviors for
clean IoT devices as well as malicious traffic behaviors
for compromised/infected IoT devices (from darknet
data). The GAN models are then used to detect anoma-
lous activities arising from infected devices or network
scanning activities. Overall, the key objective here is
to stop attacks in the earlier scanning stage, thereby
minimizing potential damage. Further details are now
presented.

III. EXPERIMENTAL TESTBED

Before presenting the IoT anomaly detection solution,
the experimental IoT testbed is detailed first, Figure
1. The overall objective here is to build a realistic
evaluation environment comprised of physical IoT de-
vices and then use it to study actual IoT-based malware

attacks. Accordingly, two major IoT malware types are
considered, i.e., Mirai and Bashlite. These DDoS
families are capable of generating massive attack traffic
volumes and have caused serious Internet-scale outages
[2]. Further details on the testbed systems and attack
methodologies are now presented.

A. Testbed Systems

Overall, two main types of IoT systems are chosen
to best represent the categories of devices commonly
targeted by malicious actors, i.e., Wifi-based access
point (AP) routers and webcam digital video recorders
(DVR) systems. Foremost, Wifi-based routers are very
common in many private and enterprise settings and
represent lucrative attack targets. Additionally, DVR
devices are also ubiquitous and have been regularly
exploited by large botnets to launch massive Internet-
scale DDoS attacks [10]. Many of these devices also
offer a high level of security against physical threats,
i.e., since they are usually located in secured indoor
areas.

In light of the above, three commercial IoT devices
are incorporated into the testbed. Foremost, the Netgear
DGN 2200 Wifi router is chosen, as this specific model
is known to be highly susceptible to remote code
execution exploits 2. For example, one these vulner-
abilities includes the simple HTTP POST command
(with malicious code) to gain administrative access to
the device. Meanwhile, two types of webcams are also
chosen, including the Yi 1080p Home Camera and a
Samsung Smart IP camera. Again, such camera devices
are very prevalent in many private and commercial
settings and also use a basic Linux-based OS. Since both
the Mirai and Bashlite botnets use brute forcing
of default manufacturer credentials, the above platforms
are well-suited for recreating such scenarios. Indeed, de-
fault usernames/passwords are readily available on the
Internet for many existing IoT systems. This provides a
relatively easy attack vector for hackers since most users
do not change these default manufacturer settings. For
example, the Mirai source code contains a list of 50-
60 default usernames/passwords to try to gain access
to vulnerable devices. Once compromised, architecture-
specific malware binaries are downloaded onto the IoT
platforms to launch future DDoS or scanning attacks.

Now many large IoT botnets are also managed by ex-
ternal command and control (C&C) servers, i.e., which
initiate various commands and attack sequences on the
infected devices. To effectively model these frameworks
in the testbed, the VMware ESXi hypervisor tool is
used to setup two Ubuntu virtual machines (VM).
The C&C server code bases for the two different IoT

2https://www.exploit-db.com/exploits/31617/



Fig. 1: Overview of IoT testbed setup

malware families (Mirai and Bashlite) are then run
on these VM instances, limiting the need for separate
physical machines. Overall, the VMware ESXi virtu-
alization tool provides a simplified user interface for
deploying VMs and can support most OS types. This
tool also provides a seamless separation between the
OS and underlying hardware, along with centralized
management and reliable backup/restore capabilities.
Note that the testbed also creates different subnets for
the IoT devices and C&C control servers in order to
better emulate real-world networking setups.

Many malware designs also use separate distribu-
tion servers to disseminate their malicious binaries.
Accordingly, another VM is setup to run the Apache
webserver for such purposes. Namely, the C&C servers
(running on the VMware ESXi hypervisor) instruct the
compromised IoT devices to contact this web server to
download malware binaries specific to their architecture
(using the WGET or FTP commands). Finally, the
Metasploit tool 3 is also used to launch actual scan-
ning and reconnaissance attacks against the testbed IoT
devices. Specifically, a Kali Linux VM is chosen for
this purpose (scanner VM, Figure 1) since this Debian-
based OS includes the Metasploit module with
many different payload, auxiliary, and post exploitation
capabilities. Note that this tool has also been used
by penetration testers to identify network or system
weaknesses, see [20].

Finally, it is important to incorporate network firewall
capabilities into the testbed as these systems are widely
deployed in real-world settings. Hence the pfsense

3https://metasploit.help.rapid7.com/docs

virtual router and firewall solution [21] is chosen to
manage the testbed networking setup (instead of actual
physical devices). This package offers increased flex-
ibility and scalability, as well as centralized network
management support. The pfsense packet manage-
ment system also interfaces with other tools such as
Snort (open-source intrusion detection system) and
OpenVPN. As such, this software provides a global
view of all network communications and can be used
to implement access control and other security policies
via its simple web interface. For example, the virtual-
ized pfsense router can be used in conjunction with
Snort to block any flagged traffic, thereby emulating
firewall actions.

B. Attack Methodology

Malware developers are continually evolving new
attack strategies to counteract defense mechanisms put
in place after the emergence of Mirai and other IoT
botnets. Namely, advanced techniques are being used to
infect devices [22], unlike earlier brute forcing mech-
anisms. Accordingly, a list of potential cyberattacks
against the testbed IoT devices is shown in Table I. Now
in order to recreate such scenarios, the Kali Linux
VM is used to generate some attacks via its Nessus
module, e.g., such as checking for default credentials,
web application scanning, etc. Since many IoT devices
also have web management interfaces, Nessus can
also be used to run web application scanning and
help attackers identify potential weaknesses in web
interfaces. Hence this tool is used to launch about two
thirds of the cyberattacks in Table I, including command
injection and remote code execution. Furthermore, the



Nmap tool is also used for network scanning purposes,
as it provides important information on the device OS,
architecture, list of open ports, etc. Specifically, this
tool can emulate the reconnaissance phase of a malware
attack and provide hackers with critical information to
improve their attack targeting.

Now as noted earlier, some versions of the Netgear
DGN 2200 router are known to be vulnerable to mul-
tiple exploits (and a brief description of some of these
vulnerabilities is given in Table II). However, detailed
testing of the particular system purchased indicated that
the latest firmware was no longer susceptible to these
exploits. Hence in order to overcome this issue, the
firmware was manually downgraded to a version that
was vulnerable to the aforementioned attacks.

Overall, the IoT testbed design is quite flexible and
can be used to model a range of IoT cyberattacks, as
summarized in Table II. For example, consider a man-
in-the-middle (MITM) attack on the (wireless) Yi 1080p
Home Camera. Here an address resolution protocol
(ARP) cache poisoning scenario can be considered
where an adversary poses as a legitimate Wifi access
point (AP) by advertising a valid gateway media access
control (MAC) address. Once the camera connects to
this “fake” AP, the attacker can then decipher all com-
munications from this device. Hence in order to recreate
this MITM attack scenario, a wireless adapter can be
used to sniff all wireless network traffic and perform
packet injection. The Wifite module (attack tool) in
the Kali Linux VM can then be used to emulate a
malicious entity posing as a legitimate AP.

IV. GENERATIVE ADVERSARIAL NETWORK

As noted earlier, the proposed IoT anomaly detection
solution leverages the GAN algorithm to model un-
derlying benign and/or anomalous data traffic patterns.
Consider some details on this NN-based scheme first.
The GAN concept was originally proposed in [23] and
uses an adversarial NN-based framework to estimate a
generative model. In particular, this setup consists of
two NN entities, a generator, G, and a discriminator, D.
Namely, the former captures the distribution of the data
and generates “fake” (synthetic) samples. Meanwhile
the latter tries to estimate whether a given sample
comes from the actual data, x, or the from the latent
distribution, z. Using these two networks, the GAN
approach basically implements a zero-sum game, where
the objective of the generator is to produce samples to
“fool” the discriminator into thinking they came from
real data (rather than the model distribution). Overall,
studies have shown that this approach is very well-suited
for anomaly detection, see [24], [25]. For example,
the authors in [24] use a GAN to detect anomalies
in medical image data and accurately predict the early

onset of certain diseases. Similarly, [25] uses a GAN
to identify anomalies in non-image data, and tests with
the KDD99 and the MNIST datasets also show very
promising results.

Since GANs can excel at modeling complex dis-
tributions, the proposed anomaly detection framework
herein leverages them to generate normal (benign) and
malicious traffic profiles for IoT devices. Specifically,
the working hypothesis here is that if a GAN can
successfully capture the distribution of given type of
data stream, then it should also be able to flag any
deviating/outlier behaviors. Hence akin to [24], the
following optimization problem is considered:

V (D,E,G) = Ex∼pX

[
Ez∼pE(·|x)[logD(x, z)]

]
+

Ez∼pZ

[
Ex∼pG(·|z)[1− logD(x, z)]

]
(1)

where Ex∼pX
is the distribution of the real dataset (per-

taining to benign or malicious IoT samples), Ez∼pE(·|x)
is the distribution of the latent space captured by G,
D(x, z) is the discriminator function, pE is the latent
distribution, and pX is the actual data distribution.
Meanwhile, E is the encoder that maps the data to the
latent space and learns simultaneously along with the
generator and discriminator. Hence for anomaly detec-
tion using benign training data from the IoT testbed,
all malicious samples deviating from the normal traffic
distribution will be flagged as anomalous. Conversely,
for anomaly detection using malicious training data
from the darknet, all normal samples deviating from the
malicious traffic distribution will be flagged as anoma-
lous. Note that the similarity between a test sample and
the generated latent representation will depend upon
how similar it is to the data being used to train the
GAN.

Finally, akin to the work in [24], the GAN algorithm
also uses a convex multi-modal loss function comprised
of weighted generator and discriminator losses. Namely,
the generator loss, LG(x), measures the similarity
between a new sample and the data generated from
the latent space, Z. Meanwhile, the discriminator loss,
LD(x), measures the fidelity of the generated synthetic
samples and is also used to drive the generator to
produce samples belonging to the real data distribution.
Hence the weighted loss function is given by:

L(x) = αLG(x) + (1− α)LD(x) (2)

where 0 ≤ α ≤ 1. Note that the discriminator loss,
LD(x), is based on a feature matching methodology
that measures the similarity between features of a given
sample and that of the generated synthetic data.

V. EMPIRICAL EVALUATION

The GAN-based model is now evaluated for anomaly
detection in the IoT testbed. First, consider dataset



TABLE I: Cyberattacks against IoT testbed devices

Attack Netgear DGN2200 Yi 1080p Camera Samsumg IP Camera

Nmap scanning Yes Yes Yes
Command injection Yes No No
Nessus scanning Yes No Yes
Remote code execution Yes No No
Mirai Yes Yes Yes
Bashlite Yes Yes Yes
MITM No Yes No

TABLE II: Exploits against Netgear DGN 2200 Wifi router

Vulnerability Description

Command injection Using special HTTP POST request & login credentials
Remote command execution Access to default user account
Cross-site request forgery Unauthenticated remote code execution

TABLE III: Feature extraction from raw packet data

Feature Description

Number of packets Mean & std (total number of packets in both directions)
Packet length Mean & std (length of the packets in both directions)
Number of unique ports Ports used for communication in both directions
Packet inter arrival time Mean & std (time between arrival of packets in both directions)
TCP 1 if using TCP, 0 if using UDP
PSH flag Number of packets with PSH flag set
URG flag Number of packets with URG flag set
Idle time Duration for which the connection was idle
Active Duration for which the connection was active

generation and feature selection for ML training. Here
the pfsense toolkit is used to capture raw packet
data in the testbed during “normal” operation. This
benign traffic is then used to train a GAN. In particular,
feature selection is done for bi-directional flows over 3
windows spanning the most recent 50, 100, 500, and
2,000 packets. The mean and standard deviation values
for several parameters are then computed for each of
these windows, i.e., including the number of packets,
packet lengths, packet inter-arrival times, etc. Hence
13 features are extracted for each of the 4 windows,
yielding a total of 52 features indexed by the source
IP addresses of the IoT devices (see Table III). Once
the GAN model has been trained using the benign data
features, further data collection is also done for attack
traffic. Namely, several types of cyberattacks (detailed
in Section III-B) are launched against the IoT devices,
and above data collection/processing steps are repeated
to extract the relevant features for attack traffic.

As noted earlier, this study also leverages empirical
darknet data to further train and validate the GAN
approach (i.e., in addition to the GAN trained using
data from the IoT testbed). Specifically, the CAIDA
repository (www.caida.org) is used to extract passive
darknet measurements from the network telescope at
the University of California San Diego (UCSD). Studies
have shown that this data can provide key insights

and evidence of Internet-scale unsolicited IoT device
behaviors [10]. Hence the working assumption here is
that a GAN trained using this data will be able to
identify anomalous IoT traffic as belonging to the same
distribution as malicious IoT data from the darknet. By
extension any normal traffic (generated by clean IoT
devices) will appear as “anomalous” to this GAN. Ac-
cordingly, the benign and malicious IoT traffic datasets
are used to test the efficiency of the darknet GAN model
as well. In particular, a total of 50,000 benign instances
and 3,000 malicious instances of data are generated for
each of the three IoT testbed devices.

All ML evaluation is done using the TensorFlow
model library. Namely, the GAN model is first trained
using a mix of testbed and CAIDA data (as detailed
above). Here, the generator network is formed with
3 dense layers of size 64, 128, and 56 nodes and a
rectified linear unit (RELU) non-linearity. Similarly, the
encoder network has 3 dense layers comprising of 128,
64, and 32 nodes, respectively. Finally, the discriminator
network consists of a single dense layer with 128 nodes.
Akin to [25], two different discriminator models are also
used here, i.e., one which attempts to correctly identify
real samples and another which attempts to correctly
identify latent samples. Furthermore, the batch size is
set to 50 samples, and training is done over 100 epochs
with a learning rate of 0.1 (10%). Furthermore, a total



of 3,000 instances are used for the test dataset (both
benign and malicious samples).

Results for the overall precision and recall perfor-
mance of the GAN models are presented in Figure
2. These findings show a precision rate of 100% and
a recall rate of 93% when the GAN is trained using
benign IoT samples from the testbed. In other words, the
latter value implies that no benign IoT samples are mis-
identified as malicious. However, approximately 7% of
the malicious samples are still incorrectly classified as
benign. Meanwhile, when the GAN model is trained
using the CAIDA darknet data, it yields slightly lower
performance with a precision rate of 97.13% and a recall
of 92%. Nevertheless, this performance is still a very
impressive considering the fact that the darknet data is
largely unrelated to the that of the IoT devices operating
in the testbed.

For comparison purposes, two other classical (non-
NN) supervised ML algorithms are also tested, i.e.,
random forest and gradient boosting. Namely, results for
the random forest classifier (Figure 2) indicate a preci-
sion rate of 97.29% and a recall rate of 97.3%. Mean-
while, the gradient boosting classifier gives slightly
better performance, with a precision rate of 100% and a
recall rate of 98.90%. Although these algorithms closely
match (even slightly exceed) the performances of the
GAN-based schemes, a major drawback here is that
they require both benign and malicious data samples
for training purposes. By contrast, the GAN models are
much more efficient and can be trained using only be-
nign (testbed) or malicious (darknet) samples. Therefore
in practical IoT realms, the GAN-based approach will
be much more feasible versus these supervised learning
methods, i.e., as it only requires data packets from
devices directly connected to the network.

Finally, the inference times of the various ML
schemes are also measured and shown in Figure 3.
These findings confirm that the GAN-based algorithms
yield the fastest (lowest) times, averaging about 6.05
ms. Conversely, the random forest and gradient boosting
algorithms are notably slower, with average inference
times of 12.46 and 14.25 ms, respectively. Again, these
findings confirm more efficient run-time operation in
practical real-world settings with the GAN-based solu-
tion.

VI. CONCLUSIONS AND FUTURE DIRECTIONS

Internet of things (IoT) paradigms are seeing wide
scale traction across many market sectors. However,
the prevalence of billions of IoT devices with limited
security provisions presents a very large attack surface
for malicious attackers to exploit. As a result, IoT
security will remain a major concern for the foresee-
able future. Along these lines, this effort presents a
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novel generative adversarial network (GAN) solution
to identify threats to IoT devices from both inside and
outside a network. Specifically, this anomaly detection
scheme leverages the excellent data mapping capabil-
ities of this algorithm to generate traffic profiles for
IoT devices and identify outlier behaviors. In particular,
the GAN-based models are trained using both benign
IoT traffic data and darknet data from a global network
telescope repository. A detailed testbed is also built to
implement and validate the proposed scheme using real-
world IoT devices and well-known IoT malware threats
(Mirai and BashLite). Overall findings show very
promising results with the GAN-based solutions, i.e., in
terms of overall precision and recall rates and inference
times. Although, several classical supervised learning
algorithms give marginally better results in some cases,
they are much more compute and data intensive, i.e., re-
quiring both benign and malicious samples for practical
training purposes.

Overall, the contributions of this study can be ex-
tended along several key directions. Foremost, a wider
range of physical IoT systems can be incorporated into



the testbed. Although the two types of devices used
in this study (Wifi routers and webcams) represent
a significant portion of the systems targeted by IoT
malware, more specialized and advanced devices can
also be considered, e.g., such as industrial supervisory
control and data acquisition (SCADA) systems. Addi-
tionally, improved feature selection can also be done
to further improve GAN accuracy and better capture
the intricate interactions of advanced exploits. Finally,
threat mitigation schemes can also be developed and
tested using pfsense and other open-source software
networking tools.
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