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Abstract: With the development of Internet of Things (IoT) technologies, more and more smart
devices are connected to the Internet. Since these devices were designed for better connections
with each other, very limited security mechanisms have been considered. It would be costly to
develop separate security mechanisms for the diverse behaviors in different devices. Given new
and changing devices and attacks, it would be helpful if the characteristics of diverse device types
could be dynamically learned for better protection. In this paper, we propose a machine learning
approach to device type identification through network traffic analysis for anomaly detection in
IoT. Firstly, the characteristics of different device types are learned from their generated network
packets using supervised learning methods. Secondly, by learning important features from selected
device types, we further compare the effects of unsupervised learning methods including One-class
SVM, Isolation forest, and autoencoders for dimensionality reduction. Finally, we evaluate the
performance of anomaly detection by transfer learning with autoencoders. In our experiments on
real data in the target factory, the best performance of device type identification can be achieved by
XGBoost with an accuracy of 97.6%. When adopting autoencoders for learning features from the
network packets in Modbus TCP protocol, the best F1 score of 98.36% can be achieved. Comparable
performance of anomaly detection can be achieved when using autoencoders for transfer learning
from the reference dataset in the literature to our target site. This shows the potential of the proposed
approach for automatic anomaly detection in smart factories. Further investigation is needed to
verify the proposed approach using different types of devices in different IoT environments.

Keywords: autoencoders; transfer learning; anomaly detection; IoT security

1. Introduction

With the development of Internet of Things (IoT) technologies, more and more diverse
devices are being deployed and connected to the Internet through IoT gateways or local
routers. Given the large numbers of devices in a typical smart manufacturing scenario such
as smart factories, a huge number of data could be generated at all times. These data need
to be automatically transmitted to the server for further analysis. In data transmission,
there might be a very high information security risk if they cannot be effectively protected.
Since they usually contain critical knowledge of manufacturing and domain know-how in
the industry, it would further threaten the competitiveness of the company.

The major issue of IoT devices is their lack of security. Since these devices are usually
designed for better connection with each other, protection mechanisms are neither complete
nor mandatory. Their security level cannot match that of ordinary computers. Since
devices in smart factories are usually controlled and managed in an automatic way, they
are more vulnerable to potential attacks if they are accessible from the Internet. On the
other hand, with very different functions and operations, different device types might
respond differently from ordinary computers under various malicious attacks. Given
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new and changing types of devices and network attacks, it is challenging to provide
adequate protection. It would be helpful if the characteristics of different devices could be
dynamically learned. Since the potential attacks to IoT devices might be very different from
existing Internet attacks, we need a way to distinguish between the normal and abnormal
behaviors for devices in the face of unknown attacks.

In this paper, we propose a machine learning approach to device type identification
through network traffic analysis for anomaly detection in smart factories. Firstly, we
design a system architecture for collecting network packets generated from devices and
examining incoming packets for anomaly detection at the “edge” of the network. The
assumption is that device anomalies can be determined from the packets they generate.
With the collected packets, the device identification model for each type is then learned
using supervised learning methods. Secondly, after identifying device types, we want
to further distinguish between their normal and abnormal behaviors. To learn the most
important features for the selected device types, we adopt unsupervised learning methods
including One-class SVM, Isolation forest, and Autoencoders for dimensionality reduction.
We further compare their effects on anomaly detection. Finally, by using autoencoders as a
method for transfer learning, the models learned from one site can be easily deployed on
other sites for anomaly detection.

In our experiments, we first evaluated the performance of device identification on
real data collected in a smart factory with 12 production lines and three types of devices
that communicate in Modbus over TCP/IP protocol. From the experimental results, we
can observe the best performance of device identification with an accuracy of 97.6% and
micro-averaging F1 score of 97.6% using XGBoost for feature selection. Secondly, to
test the effects of our proposed methods for anomaly detection, we collected the normal
behaviors and simulated the abnormal behaviors on real devices in two selected sites
in our target factory by sending valid and invalid requests and recording the responses
for analysis. From the analysis results of the data distribution in Modbus over TCP/IP
protocol, selecting feature subsets was found useful in improving the performance of
anomaly detection. The best performance can be observed for autoencoders, where the
F1 score can be improved from 43.77% to 57.23% and 48.78% to 98.36%, respectively. This
shows the effectiveness of autoencoders for learning the most important features for normal
behaviors of devices from the generated packets. Furthermore, by using autoencoders for
transfer learning, the models learned from the reference dataset can be effectively used to
detect anomalies on the target site with comparable performance. This shows the potential
of our proposed approach to automatic anomaly detection and transfer learning using
autoencoders. Further investigation is needed to evaluate our proposed method with
different types of devices and network attacks in different IoT scenarios.

2. Related Work

IoT technologies facilitate Internet access for diverse types of devices. This is useful
in many application scenarios such as smart homes and smart factories, to name a few.
Given the high costs with poor hardware resources, very limited security mechanisms are
enforced in IoT devices. This could bring a huge risk of these devices being compromised
and controlled.

To enhance IoT security, different solutions have been proposed. Hardware-based
solutions such as Physical Unclonable Functions (PUF) [1] were proposed where a physi-
cally defined “digital fingerprint” output is generated as a unique identifier for given input
conditions. For example, a PUF-based authentication mechanism [2] can be used to verify
device identities that usually have strict constraints in energy and computational capacity.
However, hardware-based solutions are generally unable to cope with new attacks once
deployed. In contrast, software-based solutions are more flexible if cryptographic functions
could be implemented on these devices. Since there are various device types in a typical
smart factory, the characteristics and behaviors could be very different. IOT Sentinel [3] is
among the major works for automatic device type identification for security enforcement in
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IoT. By monitoring the communication behaviors of devices during the setup process, the
generated device-specific fingerprints are mapped to device types using the random forest
classification algorithm and edit distance. Shahid et al. [4] used machine learning methods
to recognize IoT devices by analyzing packets sent and received. In their experiments on
four types of smart home devices, Random Forest classifier can obtain a recognition accu-
racy of 99.9% by the bidirectional flows as defined by a sequence of packet sizes and their
inter-arrival times. In this paper, we compared the performance of device identification
using supervised learning on real IoT devices in smart factories. Given different response
packet contents in diverse devices, we want to improve the performance of anomaly
detection by learning the normal and abnormal behaviors for the corresponding device
type. Similar to the idea of adaptive anomaly detection in hierarchical edge computing
systems [5], we design our solution in the edge. By learning the important features to be
matched, our proposed anomaly detection system can achieve greatly improved efficiency.

Anomaly detection has been a popular research topic in IoT security as well as Internet
security. For example, Alrashdi et al. [6] proposed an intelligent anomaly detection system
in smart cities called AD-IoT. They claimed an accuracy of 99.34% for random forest, but
the F1 score is only 86% for detecting attacks in the UNSW-NB15 dataset. Hasan et al. [7]
compared performances of several machine learning methods for anomaly prediction
in IoT systems. The best accuracy of 99.4% can be obtained for decision trees, random
forests, and artificial neural networks (ANN). However, the dataset they used is synthetic
in a virtual IoT environment. Diro and Chilamkurti [8] proposed a distributed deep
learning approach to network attack detection in social IoTs. For two-class and four-class
classification on NSL-KDD dataset, deep learning models outperform shallow models, with
the best F1 score of more than 99% and 98%, respectively. However, previous datasets such
as NSL-KDD were not helpful for IoT environments, since they cannot represent the major
characteristics of IoT. Thus, Koroniotis et al. [9] developed a new dataset called Bot-IoT
which incorporates legitimate and simulated IoT network traffics with various types of
attacks. A high accuracy can be obtained when they use feature selection techniques based
on correlation coefficient and joint entropy to select the 10 best features.

When there are a large number of features, a lot of training time is needed, which
does not necessarily improve prediction accuracy. Some features might introduce bias that
do not have any relation with the class. Thus, feature selection methods are commonly
used to improve the performance of supervised learning. For example, Yang et al. [10]
evaluated the performance of feature selection and anomaly detection for hard drive failure
prediction. Injadat et al. [11] considered feature selection using information gain and
correlation-based measures. They are able to reduce the feature set size significantly. For
network intrusion detection, supervised feature selection methods are commonly used [12].
When there are correlations among data, dimension reduction techniques are often utilized,
for example, traditional approaches such as linear PCA and kernel PCA. Condensed nearest
neighbors consider the distribution of data samples and reduce dimensions [13]. However,
autoencoders are found to detect anomalies in which linear PCA fails, and it can also avoid
the complex computation in kernel PCA [14]. Lee et al. [15] utilized sparse autoencoders for
feature learning and dimension reduction. An accuracy of 99% can be achieved using the
CICIDS2017 dataset. Based on our previous experience, important features can be selected
using ensemble decision trees for improving intrusion detection performance [16]. In this
paper, we apply the same technique in selecting features for device type identification. For
anomaly detection, we adopt autoencoders for dimensionality reduction.

In Industrial Internet of Things (IIoT) scenarios, Anton et al. [17] used machine learn-
ing algorithms to discover anomalous traffic in a synthetic data set of Modbus/TCP
communication in a fictitious industrial scenario. Zolanvari et al. [18] focused on the
commonly used SCADA protocols in IIoT systems. They developed a machine-learning-
based intrusion detection system where random forest shows the best performance with
Matthews Correlation Coefficient (MCC) of 96.81%. However, since IoT devices are usu-
ally not capable of the complex computations in deep learning models, Ngo et al. [5]
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proposed an adaptive anomaly detection method for hierarchical edge computing (HEC)
systems. When selecting deep learning models of respective complexity for different layers
in the hierarchy, the detection delay can be greatly reduced by 84% while maintaining
comparable accuracy.

In this paper, we compared the effects of unsupervised learning methods including
one-class SVM, isolation forest, and autoencoders for anomaly detection, where autoen-
coders achieved the best F1 score of 98.36%. Then, by using autoencoders for transfer
learning between different sites which might contain different types of network traffic, we
can observe comparable performance for anomaly detection. This shows the feasibility of
using autoencoders for anomaly detection and transfer learning from only selected sites
without the need for tedious manual labeling process in each new site.

3. The Proposed Method

In this paper, we propose a two-stage machine learning approach to anomaly detection
through network traffic analysis in IoT. To capture all network packets generated from
various devices, we design a system architecture consisting of an embedded sensor and an
edge server on the LAN of IoT devices, with four modules: packet collection, supervised
device type identification, unsupervised dimension reduction, and packet filtering, as
shown in Figure 1.

Figure 1. System architecture of machine learning for device type identification and anomaly detection.

As shown in Figure 1, firstly, we collect network packets generated from different
types of IoT devices, for example, computers, controllers, and robotic arms, by our packet
collection module. Specifically, an open-source Intrusion Detection system called Suricata
is used for packet collection since the detection rules can be customized and deployed on
the embedded sensor. The supervised device identification module then utilizes supervised
learning methods to train models from these packets to distinguish among devices. Sec-
ondly, to learn the most important features for each identified type of device, we compare
three different unsupervised learning methods for dimensionality reduction, including
One-class SVM, Isolation forest, and autoencoders. Since we could not know the possible
types of attacks in advance, these methods are helpful in learning only one single model
for the normal behaviors when enough data can be collected from devices. The data flow
diagram is shown as follows in Figure 2.
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Figure 2. Data flow diagram for the proposed approach.

As shown in Figure 2, when deploying new devices, they will first be configured to
communicate with the embedded sensor. This involves a few packet exchanges during the
device setup process, during which we collect the network packets for device type identifi-
cation. After the setup process is complete, the corresponding model can be automatically
learned from the extracted features in normal packets and deployed to the packet filtering
module that configures the corresponding filtering rules for examining incoming packets
and discovering potential outliers. In the following subsections, we will describe each
module in more detail.

3.1. Supervised Device Type Identification

First, we use supervised learning methods to identify various device types. The benefit
of supervised learning is the potentially higher classification accuracy, with the cost of
manually labeling in the training data. Given multiple types of devices in IoT, we train a
multiclass classifier for each type. Then, feature selection methods can be used to select
important features for improving device type identification.

To distinguish between different device types, selected fields in network packets
are extracted as the features for supervised learning, including “dest_IP”, “dest_port”,
“src_port”, “proto”, “pkts_toserver”, “bytes_toserver”, “time_spent”, and “age”. The 5-
tuples (protocol, source IP, destination IP, source port, destination port) are associated with
bidirectional packets in network sessions. “pkts_toserver” and “bytes_toserver” represent
the number of packets and number of bytes to be sent to the server, respectively. Finally,
“time_spent” is calculated from the “start” and “end” from the “flow” field, where “age”
denotes the duration in seconds. Note that the definition of flows in Suricata are similar
to sessions that consist of bidirectional packets with the same 5-tuples mentioned above.
All these fields are numerical except for the “proto” field, which consists of variable-size
textual names for the protocol. To simplify the processing for real-time feature extraction,
texts are converted by word embedding models into fixed-size vectors. In this paper, we
adopt Word2Vec as the word embedding model with a vector dimension of 100. This makes
the total dimension of features as 110.

For the classification model, we adopt an ordinary neural network with multiple
dense layers. With the incremental nature of neural networks, no retraining is needed
when we have more input data for training. We then use the feature selection method
XGBoost, which is an implementation of gradient boosted decision trees, to estimate the
relative importance of individual features. Specifically, the gradient boosting method
creates new models that predict the residuals or errors of prior models, which are added
together to make the final prediction. By utilizing tree ensembles, the sum of loss functions
is minimized for the residuals in each round. Furthermore, importance score is calculated
for each tree and weighted by the number of observations. The feature importance is then
calculated by averaging across all trees in the model.
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3.2. Unsupervised Dimension Reduction for Anomaly Detection

After the device identification model has been trained with the selected features,
they can be automatically deployed in our packet filtering module. Then, we adopt
unsupervised learning methods to train the model for normal behaviors of each device
type, which can then be used for anomaly detection.

To distinguish between normal and abnormal behaviors through network packets
generated from devices, we have to know which are normal and which are not. To the
best of our knowledge, there is no public IoT attack dataset available, so we would not be
able to define the real-world attack models. In this paper, we propose to simulate potential
attacks and intrusions by sending predefined malicious network patterns to devices and
monitoring the resulting packet responses. Specifically, the malicious packet requests from
simulated attackers are abnormal, while the corresponding packet responses to malicious
requests are considered normal since these are the behaviors of real devices. In this paper,
we apply the idea of dimensionality reduction to discover the most important features in
the training data. In particular, we compare three different unsupervised learning methods
for anomaly detection: one-class SVM, isolation forest, and autoencoders. We describe
below each method in detail.

3.2.1. One-Class SVM

When we only have data of one specific class and data in all the other classes are not
available, one-class classification can be used to learn the features. This is usually more
difficult than the ordinary classification problem where we have instances of all classes. In
the case of one-class SVM or single-class SVM [19], we simply modify SVM classifiers to
only use positive examples when training. After the decision boundary has been learned,
it can be used to detect objects that are considered as outliers or anomalies if they are very
different from features in our training examples. Specifically, the decision boundary for
one-class SVM can be determined from the parameters: kernel function, gamma, and nu.

3.2.2. Isolation Forest

Instead of profiling normal objects, isolation forest [20] tries to isolate anomalous
objects. It is based on the decision tree algorithm. The main idea is to take advantage of the
two major properties of the anomalous objects: first, there are fewer instances, and they
are very different from normal objects. Specifically, an ensemble of isolation trees are built
from the data objects, from which anomalies have shorter path lengths in the tree. Isolation
forest is a nonparametric, unsupervised learning method. There are two major parameters:
num_estimators, and max_samples. Num_estimators is the number of base estimators or
trees in the ensemble, while max_samples is the maximum number of samples drawn to
train each base estimator.

3.2.3. Autoencoders

Autoencoders are neural networks that are designed to project high-dimensional data
into a lower-dimensional space that could be easier to separate. They consist of two phases:
encoder, and decoder, as shown in Figure 3.

While the encoder reads input into a condensed form, the decoder tries to recover the
original input as much as possible. In the simplest design, only three layers are needed in
the autoencoder: input layer, intermediate layer, and output layer. The input layer takes
the original number of features and connects to the smaller number of neurons in the
intermediate layer, which effectively reduces the dimensionality. The intermediate layer is
further connected to the output layer with the same dimension as the input. When training
autoencoders, we use the same data as the input for the output. The goal is to minimize
the loss between the reconstructed data and the original input data.
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Figure 3. A simple architecture for autoencoders.

Since autoencoders were demonstrated to detect subtle anomalies that linear PCA
fails [14], we apply them in anomaly detection in this paper. To utilize autoencoders
for anomaly detection, we calculate the reconstruction errors of autoencoders to detect
outliers [21]. The idea is that if normal behaviors can be learned in autoencoders, the
reconstruction error should be minimized for normal packets. Input data that are anoma-
lous should give larger reconstruction errors. Thus, an appropriate threshold is needed to
determine if the errors are large enough to be considered as an anomaly. It also depends on
the distribution in different datasets.

4. Experiments

In our experiments, the performance evaluation of our proposed approach is divided
into two parts: supervised device type identification and unsupervised dimension re-
duction for anomaly detection. In the following subsections, the experimental results
are described.

4.1. Performance of Supervised Device Type Identification

In this experiment, we first evaluate the performance of supervised device identifi-
cation. To capture network traffic from our embedded sensor, we used the open-source
IDS and IPS tool called Suricata. We collected network packets in 12 production lines in
our target factory. Then, we manually labeled the data into three classes: computers in
17,296 events, robotic arms in 738 events, and controllers in 3413 events, with a total of
21,447 records as our first dataset for device identification. Note that in Suricata, events
represent different types of traffic that can be logged associated with different protocols
or other fields. With 10% for validation, the dataset is divided into 18,000 events as the
training set, 2000 as the validation set, and 1447 as the test set. As described in Section 3.1,
110-dimensional features were used. Regarding the parameters of the neural network, we
utilize Exponential Linear Unit (ELU) as the activation function and Adam optimizer [22]
in 150 epochs with a batch size of 32. According to our experimental results with three
dense layers of neural networks, the test accuracy of the neural network is 92.8%. This
shows the potential of using supervised learning for device identification.

Next, we further improved the performance of our device identification model by
utilizing feature selection methods for dimensionality reduction. Specifically, after applying
XGBoost for feature selection, we obtained the top 10 important features as in Table 1.
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Table 1. Example packets showing the top 10 features for device identification selected by XGBoost.

src_port dest_port proto app_proto tcp age bytes max_ttl pkts sepnd_time label

0 55822 5355 0 1 1 0 128 1 2 98,048 2
1 49518 5355 0 1 1 0 128 1 2 104,372 2
2 61895 5355 0 1 1 0 128 1 2 96,474 2
3 51705 5355 0 1 1 0 128 1 2 97,464 2
4 61462 1947 0 1 1 0 82 128 1 0 2

As shown in Table 1, among the top 10 selected features, “proto” is the most important
feature, followed by “bytes” and “dest_port”. This is reasonable since the same device
type usually uses the same protocol for communication. Furthermore, the number of bytes
determines the size of payload, and the “dest_port” determines the destination service.
These are usually different for each device type. After feature selection is applied, the
confusion matrix of device identification result can be obtained as follows.

As shown in Table 2, we can see an improved accuracy of 97.6%, which is improved
by 4.8% compared to the case without feature selection. This shows the effectiveness of
feature selection methods for improving classification performance. If we further compare
the multiclass classification performance, the micro-averaging and macro-averaging F1
scores are 97.6% and 87.6%, respectively. The reason why the macro-averaging F1 score is
not as good is due to the lower performance for the “robotic arms” class, which showed a
precision of 72.6%, recall of 60.8%, and F1 score of 66.2%. This is due to the imbalanced
distribution of the three classes, where the robotic arm is the smallest one. To prevent bias
from imbalanced data distribution, the All-versus-All (AVA) approach should be adopted
where a binary classifier for each pair of device types is trained. This can improve the
performance of multiclass classification for minority classes.

Table 2. The confusion matrix of device identification result.

Actual vs. Predicted Controller Arm PC

Controller 340 0 2
Arm 11 45 18
PC 3 17 1710

4.2. Effects of Unsupervised Learning Methods for Anomaly Detection

To evaluate the effects of three different unsupervised learning methods for anomaly
detection, we focused on the Modbus TCP protocol, which is used to transmit data in
our target factory. Since there are no real IoT attacking data available, we first simulated
malicious network patterns that are different from the normal behaviors of devices. In
particular, we selected two sites in our target factory: Sites A and B. Site A is a test platform
for robotic arms. It is a master–slave architecture where one HMI (Human–Machine
Interface) sends commands to the controller for robotic arms. Site B consists of two
controllers: one for monitoring water levels and the other for measuring air density (ppm)
in water. We collected both normal and attacking packets generated from the devices in
the two sites. The statistics of the two datasets for anomaly detection are shown in Table 3.

Table 3. The statistics for the two datasets for anomaly detection: Sites A and B.

Type # of Packets in Site A # of Packets in Site B

Normal 22,482 19,910
Attack 103 60
Total 22,585 19,970

As shown in Table 3, the distribution of packets collected from the two selected sites
(denoted as Site A and Site B) are very imbalanced. The percentages of attacking packets in
Sites A and B are 0.456% and 0.3%, respectively. Although this is just a simulation, it also
reflects real situations where attacks are very rare compared to normal packets.
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To give a fair comparison with other methods, we further surveyed existing open data
from the literature as follows. Firstly, the dataset for a Modbus-based gas pipeline control
traffic [23] is adapted since it is in the Modbus TCP protocol. We extracted the packets with
the function codes 3 and 16 since they account for the most proportion. Secondly, we used
two datasets Moving_two_files_Modbus_6RTU and Send_a_fake_command_Modbus_6RTU_
with_operate from Anton et al. [17], which are both in Modbus TCP protocol, and extracted
the most common packets with the functions codes 1, 2, 3, and 5. These are adapted and
combined as the reference dataset for our experiment, as shown in Table 4.

Table 4. The statistics for the reference dataset for anomaly detection.

Type # of Packets

Normal 98,516
Attack 36,034
Total 134,550

To compare the performance of the three different unsupervised learning methods:
one-class SVM, isolation forest, and autoencoders, we first tested their effects on the
reference dataset adapted from the literature. From our observation in the preliminary
experiments, we set the parameters of the three methods as follows. (1) For one-class SVM,
we adopted nu = 0.0001, and gamma = 0.05 with a RBF (Radial Basis Function) kernel
function. (2) For isolation forest, we set max_samples = 100, contamination = 0.2, and
num_estimators = 10. (3) For autoencoders, the numbers of hidden neurons are (18, 2, 2, 18),
and epochs = 20. The performance comparison of anomaly detection is shown as follows.

As shown in Table 5, we can observe the best performance for the reference dataset by
using autoencoders, with the best F1 score of 76.76% and an accuracy of 89.9%. This shows
the effectiveness of learning normal behaviors by autoencoders. Thus, in our remaining
experiments, will used autoencoders for anomaly detection.

Table 5. The performance comparison of anomaly detection for the reference dataset using differ-
ent unsupervised learning methods. Numbers in boldface indicate the best performance among
the methods.

Method Precision Recall F1-Score Accuracy

One-class SVM 74.99 66.59 70.54 85.11
Isolation Forest 95.14 60.28 73.8 88.54

Autoencoder 99.89 62.33 76.76 89.9

4.3. Effects of Feature Selection on Anomaly Detection for Autoencoders

To compare the effects of feature selection on anomaly detection, we targeted the two
selected sites in which devices communicated in Modbus over TCP/IP or Modbus TCP
protocol. The packet frame format is shown as follows.

As shown in Table 6, the first six bytes are the TCP header, in which the “length”
indicates the number of remaining bytes in the packet frame. Firstly, each device is given
a unique “address” in Modbus TCP protocol. Since it is a master/slave protocol, any
device can send a Modbus command as a master. Secondly, “function code” represents
the general commands for different types of devices in the industry. For example, data
access commands such as reading or writing single/multiple coils and reading or writing
single/multiple registers are among the most commonly used. Finally, the “data value”
field is of variable length, which might represent different meanings in different devices.
Since there are many different types of devices, the uses of “function code” and “data
value” fields are very diverse. This might cause difficulty in distinguishing between normal
and anomalous behaviors.
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Table 6. The packet frame format of Modbus TCP protocol.

Transaction ID Protocol ID Length Address Function Code Data Value

2 bytes 2 bytes 2 bytes 1 byte 1 byte n bytes

In order to select the most effective features, we further designed four selected sets of
feature combinations as follows:

(1) Function code, address, data value
(2) Function code, address, length, data value
(3) Function code, address count, length, data value
(4) Function code, address count, length, data value count

In particular, “address count” is the histogram of different addresses, while “data
value count” is the histogram of different data values. The idea is to keep the frequency of
occurrences instead of matching the exact values. This could limit the number of possible
values in the field that makes the grouping easier. Note that given different combinations of
feature subsets, the number of dimensions in input data may also vary. For autoencoders,
we set the dimension of the input and output layers to be the same as the dimension
of input data. The sequence of bytes from the feature subsets is directly input to the
classifier. Given the reconstructed data in the output, we calculate the reconstruction errors
of autoencoders to detect outliers.

In the following subsections, we will compare the performance of different feature
subsets in detail.

4.3.1. Feature Set 1: Function Code, Address, Data Value

Since we want to select features for learning from the normal data, we first ignored
the TCP header. In our dataset, we simply used the remaining fields with their binary
representation. Since the longest data value field is 18 bytes in our datasets, we simply do
the padding for the whole data value field to 18 bytes. This gives the total dimensionality
of 20. The results are shown as follows.

As shown in Table 7, we can observe very different performances for Sites A and B in
terms of precision and recall. Site A has fewer false negatives and a higher recall, while
Site B has fewer false positives and a higher precision. This is due to the very different
characteristics in the behaviors of devices in these two sites. Furthermore, Site B is a little
faster in training because it is smaller in size.

Table 7. The performance of anomaly detection using Feature Set 1 for Sites A and B.

Site ID Precision Recall F1-Score Training Time (s)

A 30.74 75.96 43.77 20.84
B 95.24 32.79 48.78 17.63

4.3.2. Feature Set 2: Function Code, Address, Length, Data Value

To better learn the normal behaviors of different devices, we further include all data
fields in Modbus TCP packets. The results are shown in Table 8.

Table 8. The performance of anomaly detection using Feature Set 2 for Sites A and B.

Site ID Precision Recall F1-Score Training Time (s)

A 31.25 86.45 45.92 24.06
B 95.24 32.79 48.78 17.96

As shown in Table 8, we can observe a large improvement in recall for Site A. However,
including all data fields as the feature set does not improve the performance of Site B. After
inspecting the data, we found that there are too many possible values in some data fields
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such as “address”, and “data value”. Thus, it would be very difficult to distinguish between
normal and abnormal cases based on their individual values. Next, we further consider
using statistics to replace the exact values as the features.

4.3.3. Feature Set 3: Function Code, Address Count, Length, Data Value

In this feature set, we first replace the data field “address” with “address count”. It is
the frequency of occurrences for each address. The result is shown in Table 9.

Table 9. The performance of anomaly detection using Feature Set 3 for Sites A and B.

Site ID Precision Recall F1-Score Training Time (s)

A 43.0 85.58 57.23 26.10
B 97.56 65.57 78.43 24.25

As shown in Table 9, we can observe large improvements for both sites. In particular,
the recall in Site B has been greatly improved from 32.79% to 65.57%. On the other hand,
the precision improves for Site A while the recall slightly degrades. The overall F1 scores
for both sites are much better than the previous feature sets. This shows that using statistics
such as “address count” can help in distinguishing between normal and abnormal data.
Note that the training times for both Sites A and B increase. This is due to the extra
calculation needed for the statistics of “address count”. Next, we want to further replace
the remaining data fields.

4.3.4. Feature Set 4: Function Code, Address Count, Length, Data Value Count

Finally, we further replace the data field “data value” with “data value count”, which
denotes the frequency of the individual data values. The result is shown in Table 10.

Table 10. The performance of anomaly detection using Feature Set 4 for Sites A and B. Numbers in
boldface indicate the best performance.

Site ID Precision Recall F1-Score Training Time (s)

A 22.79 94.23 36.7 27.73
B 98.36 98.36 98.36 21.56

As shown in Table 10, we can observe two totally different phenomena. Firstly, recall
was improved to 94.23% with a reduced precision in Site A. Secondly, both precision and
recall improved to the highest values of 98.36% in Site B, with the best performance of
98.36% in terms of F1 score. This shows the effectiveness of using statistics in selected
fields as the feature. Furthermore, the training time only slightly increases. It is still useful
in practice.

4.4. Effects of Transfer Learning across Different Sites

To compare the performance of transfer learning using autoencoders, we first trained
autoencoders using the Reference dataset adapted from the literature. Then, we evaluated
the effects of anomaly detection using datasets Sites A and B. The results of Feature Sets 3
and 4 are shown in Table 11.

Table 11. The performance of anomaly detection for Sites A and B using autoencoders trained from
the reference dataset with Feature Sets 3 and 4. Numbers in boldface indicate the best performance.

Feature Set Site ID Precision Recall F1-Score Training Time (s)

3 A 42.72 84.62 56.77 98.04
3 B 97.56 65.57 78.43 98.04
4 A 8.43 89.42 15.41 99.28
4 B 98.36 98.36 98.36 99.28
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As shown in Table 11, we can see very different results for Sites A and B. Feature Set
3 is helpful in training autoencoders from the reference dataset for detecting anomalies
in both Sites A and B. However, Feature Set 4 is very bad for Site A. However, it is very
helpful in transfer learning from the Reference dataset to Site B, which gives the same
best F1 score of 98.36% as in Table 9. This shows the effectiveness of transfer learning
using autoencoders even when the two datasets are collected from the traffic generated by
different devices. The training time for the reference dataset is longer for both Feature Sets
3 and 4 since it is much larger in size.

5. Discussion

In our experiments of device identification on real data collected from our target
factory, we can effectively distinguish between three most commonly used types of devices:
computers, controllers, and robotic arms. The proposed approach achieved the best
multiclass classification accuracy of 97.6% and micro-averaging F1 score of 97.6% when we
use XGBoost for feature selection and an ordinary neural network for classification. Due to
the imbalanced data distribution in three classes, the “robotic arm” class has a lower F1
score which reduced the macro-averaging F1 score to 87.6%. To identify devices in practice,
an “All-versus-All” approach to train a binary classifier for each pair of device types is
needed to improve classification performance for minority classes. With the incremental
nature of neural networks as the classification model, it will be easier to apply to more
device types. There is no need to re-train all models. When a new device type is added,
we simply need to manually label and train the new model. This makes the solution more
feasible in practice.

From our experimental results of simulated attacks on real devices in our target sites,
we compared the performance of anomaly detection using different feature sets in Modbus
TCP packets that were generated from different devices. In summary, the proposed method
of anomaly detection using autoencoders achieves the best F1 score of 98.36% when we
utilize Feature Set 4 for Site B and the best F1 score of 57.23% for Feature Set 3 in Site A. On
the other hand, in the case of very imbalanced datasets, since the goal of anomaly detection
is to find out as many abnormal cases as possible, recall values should be more important.
The best recall values can be achieved when Feature Set 4 is used for both Sites A and B.
The best recall values are 94.23% and 98.36% for Sites A and B, respectively. Furthermore,
from our experiments on using autoencoders for transfer learning, the best performance
of 98.36% in the F1 score can be achieved when learning autoencoders with the reference
dataset for our target Site B. This shows the potential of our proposed approach for anomaly
detection. More types of malicious patterns are needed to justify the performance of the
proposed method in anomaly detection.

For anomaly detection, any feature extracted from the data fields could influence the
models learned by machine learning. From a single packet, sudden deviation could reflect
possible anomalies or some rare events that are normal. Furthermore, anomalous packets
could possibly masquerade as normal ones by imitating their behaviors. To effectively dis-
tinguish between anomaly and normal events, we choose to learn the aggregate behaviors
from multiple packets. In practical contexts, this would be able to satisfy most ordinary
cases. However, it is still possible for misclassification to occur. Since our model is based
on incremental learning, a single sudden deviation will not greatly affect the detection.

In this paper, we only focused on the packets in Modbus over TCP protocol. Different
protocols such as MQTT and SCADA transmit packets in different formats with different
expressiveness, the traffics signatures will certainly change. By adding more protocols
to the system, we will be able to learn different features that are more complex and very
different from Modbus protocols. However, in a typical IoT environment, it is not practical
to implement all possible protocols since there are only a limited number of working
protocols supported in these devices and applications. Other protocols can be ignored
since they are usually neglected in the IoT applications such that no responses from devices
means no possible attacks from the outside.
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In addition to smart factories, our proposed approach can be easily deployed in any
IoT environments without complex configurations. In our implementation, we integrate
device identification module and packet filtering module on the same embedded sensor,
which can be simply connected to the same local area network to begin monitoring and
detection. It can facilitate the easy deployment of anomaly detection systems in existing
IoT environments.

In the future, we plan to include more diverse device types in addition to comput-
ers, controllers, and robotic arms. For example, in different IoT scenarios such as smart
homes or smart healthcare, we might consider environment sensors for air quality or
tele-homecare using cameras or medical monitors for vital signs, to name a few. Since
the behaviors of these devices could be very different, the traffic generated is also very
different. Furthermore, various network protocols in different formats could carry different
traffic. These affect the features for supervised and unsupervised learning for anomaly
detection. Instead of binary classification of normal and malicious behaviors, multiclass
classification of different types of attacks will be more challenging.

6. Conclusions

In this paper, we have proposed a supervised device type identification method
and a deep learning approach using autoencoders for anomaly detection and transfer
learning in IoT. First, with real data collected from smart factories, we can effectively detect
various device types by their network responses using multiclass classification models
of neural networks. Second, for each identified device type, we can learn their normal
behaviors using autoencoders and deploy them in our embedded sensor for anomaly
detection. By using the simulated malicious attacks on real devices in our target factory,
we can effectively distinguish between normal and abnormal behaviors based on packet
responses using autoencoders. The best F1 score of 98.36% can be obtained. By using
autoencoders, we can demonstrate the effectiveness of our proposed approach for transfer
learning. Autoencoders learned from the reference dataset can be used to detect anomalous
traffic on our target site with comparable performance. This shows the potential of our
proposed machine learning approach to supervised device identification and unsupervised
learning using autoencoders for anomaly detection. Further investigation is needed to test
the performance for more device types and malicious behaviors in different IoT scenarios.
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