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Abstract
This paper presents a comprehensive investigation into

developing a fault detection and classification system for
real-world Industrial Internet of Things (IIoT) applica-
tions. The study addresses challenges in data collection,
annotation, algorithm development, and deployment. Us-
ing a real-world IIoT system, three phases of data col-
lection simulate 11 predefined fault categories. We pro-
pose SMTCNN for fault detection and category classifica-
tion in IIoT, evaluating its performance on real-world data.
SMTCNN achieves superior specificity (3.5%) and shows
significant improvements in precision, recall, and F1 mea-
sures compared to existing techniques.

1 Introduction
The Industrial Internet of Things (IIoT) refers to the

network of interconnected devices, sensors, and systems
in industrial settings that enable the collection, exchange,
and analysis of data to enhance operational efficiency and
productivity [1, 2]. It involves integrating physical ma-
chinery and equipment with digital technologies, enabling
real-time monitoring, control, and automation of indus-
trial processes [3]. However, within the complex IIoT
ecosystem, various faults and anomalies can occur, includ-
ing equipment malfunctions, communication failures, cy-
bersecurity breaches, and data inaccuracies. Detecting
and addressing these faults is crucial for maintaining un-
interrupted operations, ensuring worker safety, minimiz-
ing downtime, and optimizing resource utilization [4].

Detecting and predicting anomalies in industrial envi-
ronments is crucial for economic and security purposes.
However, the rarity of these events poses challenges when
applying existing algorithms, leading to false alarms or
misdetections [6]. Previous studies conducted by Nardelli

et al. [7], Leitão et al. [8], and Oks et al. [10] have explored
the modeling of IIoT networks and cyber-physical systems
in industrial settings. Notably, promising solutions have
been presented in reference [12]. Fault detection in indus-
trial environments has always been challenging, with diffi-
culties arising from device interoperability and limitations
in data collection. The most promising state-of-the-art
method utilizes Generative Adversarial Networks (GANs)
for the detection and classification of system failures us-
ing a dataset containing missing values [9]. However, the
focus of our paper is to develop a simple yet powerful uni-
fied method for the real-time detection and classification
of IIoT faults using data collected from a real-world sys-
tem.

To date, the existing literature on IIoT fault detec-
tion and classification has predominantly focused on ei-
ther anomaly detection or fault classification for indus-
trial processes. In this paper, we propose a novel frame-
work called Sequential Multitask Cascaded Neural Net-
work (SMTCNN) that integrates various approaches for
anomaly detection and classification. The concept of Mul-
titask Cascaded Neural Network (MTCNN) has gained sig-
nificant popularity in face recognition research [5], where
it involves three cascaded tasks: detecting the face area,
detecting facial features such as eyes, nose, and mouth,
and finally speeding up the face detection process. We
adapt the MTCNN framework for sequential data, result-
ing in SMTCNN, which consists of three tasks: Change-
Point Detection (CPD), Anomaly Detection (AD), and Fault
Classification (FC). The framework is designed to effec-
tively handle small fault event datasets and large normal
datasets using a cascaded learning scheme. Our work
makes the following key contributions:

• We developed a novel Sequential Multitask Cascaded
Neural Network (SMTCNN) architecture, which in-
corporates three sequential tasks: change-point de-
tection (CPD), refinement of CPD for anomaly/fault
event identification, and classification of the detected
faulty events using simple neural networks.

• We devised a comprehensive data collection method-
ology encompassing normal, abnormal, and real-
world scenarios to gather IIoT data from a deployed
system. Subsequently, we collected the data and



conducted an evaluation of our proposed SMTCNN
model. Our experimental results demonstrate the su-
perior performance of our approach compared to ex-
isting state-of-the-art methods, particularly in terms
of specificity (3.5%).

2 Testbed Setting
The four IIoT devices consisted of an industrial applica-

tion module and an IIoT device monitoring agent module.
Two devices monitored the oven temperature, while the
other two monitored smoke and humidity levels, all at a
frequency of once per minute. Data from the devices were
transmitted to the network gateway via WirelessHART for
alarm functionality. The IIoT device monitoring agent cap-
tured hardware and firmware metrics, which were relayed
to the gateway. Each device had sensors, a radio, micro-
controller unit (MCU), and power supply, with the radio
using WirelessHART for communication with the MCU.
The gateway managed network operations, security tasks,
and connected the IWSN to an IP network.

3 Datasets Generation
The dataset utilized in this research was created by

executing the firmware of the IIoT devices for an ex-
tended duration and capturing the corresponding met-
rics for each function in a dedicated database. To evalu-
ate the system’s behavior in the presence of faults, delib-
erate firmware and hardware anomalies were introduced
into the WirelessHART testbed at predetermined intervals.
These anomalies were carefully designed to emulate real-
world situations and assess the resilience and efficacy of
the fault detection and classification algorithms. The in-
jected faults encompassed 11 distinct fault classes that can
be classified into four distinct types (Table 1).

Table 1. Different types of IIoT faults with description
Types Class Description

Under voltage faults

1
2
3
4
5
6

with 3.3-3.0v
with 3.3-2.8v
with 3.3-2.6v
with 3.3-2.4v
with 3.3-2.3v
with 3.3-2.2v

Sensor stuck-faults
by stimulating SPI

7
8

with VCC temperature
with Clock

High temperature
faults in microcon-
troller unit

9
10

under high voltages
under low voltages

Buffer overflow
faults

11 A buffer overflow vulnera-
bility used for running arbi-
trary code

By employing the aforementioned fault generation
technique, three distinct datasets were generated, each
comprising time logs, energy consumption, CPU usage,
and time fields (representing the duration of each instance
in seconds) for every data point.

• Anomaly Only Dataset: To collect this small dataset,
a series of continuous anomalous event were deliber-
ately induced in the IIoT system. The dataset specifi-
cally targets 11 distinct categories of anomalies, aim-
ing to provide comprehensive coverage of potential
abnormal behaviors within the system.

• Normal Only Dataset: This dataset was generated in
a normal operational environment of IIoT, where no
known faults were present.

• Real-time Mixed Dataset: This dataset comprises
a fully operational real-time deployed IIoT system,
where randomly chosen faults from the aforemen-
tioned 11 categories were sporadically introduced
(1% of the time during the day) to simulate a realis-
tic real-world scenario.

4 IIoT Faults Detection and Classification
4.1 Unsupervised Change-Point Detection

(CPD) using Simple LSTM Autoencoder
We have developed an unsupervised CPD algorithm uti-

lizing an autoencoder that is based on the Long Short-
Term Memory (LSTM) neural network. Our approach was
inspired by the work of Elhalwagy et al. [11], who pro-
posed a hybridization of unsupervised LSTM and Capsule
network for online CPD in time-series data. The archi-
tecture of our autoencoder model consists of two LSTM-
based encoders, one for each channel of the input data.
The encoded representations from both channels are con-
catenated and passed to the decoder. The decoder’s role
is to reconstruct the input data, and during training, the
model is optimized using the mean squared error (MSE)
loss function and the Adam optimizer. To mitigate overfit-
ting, we employed early stopping during training and re-
stored the weights associated with the best performance.
Subsequently, the trained autoencoder is utilized to recon-
struct the time series data. Change-points are identified
by establishing a threshold, denoted as τ, which is deter-
mined based on the mean and standard deviation of the
reconstruction errors. Any reconstruction error exceed-
ing the threshold is considered a change-point. The algo-
rithm effectively detects change-points, signifying signif-
icant variations or anomalies in the sequential data that
may indicate the occurrence of faulty events in IIoT.

4.2 Supervised IIoT Faults Classification
Due to the limited size of the collected IIoT faults

dataset, we employed state-of-the-art algorithms, exclud-
ing neural networks, for fault classification. Specifically,
we utilized Random Forest (RF), Support Vector Machines
(SVM), Naive Bayes (NB), Logistic Regression (LG), Deci-
sion Tree (DT), and Stochastic Gradient Descent (SGD) al-
gorithms. To effectively apply these algorithms, we em-
ployed suitable segmentation and windowing techniques.

4.3 Sequential Multitask Cascaded Neural
Networks (SMTCNN)

Fig. 2 shows our overall SMTCNN model architecture
for IIoT Fault detection and classification.

Problem formulation: Let X be the input feature ma-
trix with three columns. The binary label set Yanomal y in-
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Figure 1. The schematic diagram of proposed framework

dicates the presence or absence of an anomaly, while the
12-class set Ycl ass represents different fault types, with la-
bel 12 indicating no fault and labels 1 to 11 correspond-
ing to 11 specific fault types. We define three tasks: T1,
T2, and T3, each with their respective output variables Ot1,
Ot2, and Ot3.

Task 1: Anomalous segment identification: This ap-
proach takes inspiration from the original Multitask Cas-
caded Neural Network (MTCNN) algorithm [5], originally
designed for face recognition. Specifically, we focus on
Task-1 of the MTCNN algorithm, which is responsible for
detecting bounding boxes around faces. In the context of
our CPD algorithm for real-time sequential data, we adapt
this concept to identify the start and end points of change-
points, similar to bounding boxes in the temporal domain.
These identified change-points act as markers to segment
the data into regions of interest that may contain anoma-
lous events requiring further analysis. The underlying hy-
pothesis behind this segmentation approach is that these
specific regions contain valuable information related to
anomalous events and merit closer examination.

Task 2: Fine-tuning anomaly detection: This step con-
siders the potential segments predicted by Task 1 and aims
to predict anomalies. For this purpose, we employ a sim-
ple two-layer LSTM network followed by a fully connected
layer with two outputs. This network takes the original fea-
tures as input.

Task 3: Anomaly detection and classification: This task
involves the final refinement of anomaly detection and
classification using the original feature set X , the output of
Task 1 (Ot1) which represents the segmented mask on the
time-series data indicating detected change-points, and
the output of Task 2 (Ot2) which represents the fine-tuned
detected anomalies. The core network for Task 3 is also
a simple two-layer LSTM network with a fully connected
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Figure 2. Proposed Sequential Multitask Cascaded Neu-
ral Network Architecture for IIoT faults detection and
classification

neural network that uses softmax activation and has an
output dimension of 12 (representing 11 different fault cat-
egories and one label for the existence of a fault). Thus, the
final loss function is defined as follows:

LossSMT C N N =− 1

N

N∑
i=1

T∑
t=1

C∑
c=1

yi ,t ,c log(pi ,t ,c ) (1)

In the above equation, N is the number of samples, T
is the number of time steps in the sequential data, C is
the number of classes, yi ,t ,c is the one-hot encoded ground
truth label for sample i , time step t , and class c, and pi ,t ,c
is the predicted probability of sample i at time step t be-
longing to class c.

5 Experimental Evaluation
The proposed SMTCNN framework was implemented

using Python, TensorFlow, and scikit-learn. For our study,
we collected three datasets: 8,432 data points of anoma-
lous data, 740,448 data points of normal data, and 718,444
data points of a mixed dataset representing real-time sce-
narios. The unsupervised CPD algorithm was trained us-



ing the normal data only, while the supervised IIoT faults
classification algorithm was trained using the anomalous
data only. Finally, the SMTCNN algorithm was trained and
evaluated using the mixed dataset, encompassing both
normal and anomalous data.

5.1 Baseline
We have implemented few state-of-art algorithms as

well as few versions of our proposed framework by re-
moving few modules for prooving their importance in the
pipeline.
B1 (GAN based Method): This method [9] proposed a
GAN-based anomaly detection and classification algo-
rithm to detect and classify faults in IIoT.
B2 (SMTCNN without CPD segmentation): In this frame-
work, we removed the CPD based segmentation masking,
but kept all other modules.
B2 (SMTCNN without supervised faults classification): In
this framework, we removed supervised faults classifica-
tion module in the SMTCNN entwork, but kept every other
modules.

5.2 Results
We employed the traditional 10-fold cross-validation

technique to evaluate the supervised segmented IIoT
fault classification. However, as traditional 10-fold cross-
validation is not suitable for sequential data, we adapted
our approach. To train and assess the performance of our
proposed sequential algorithm, SMTCNN, we divided the
entire sequential data into two halves. Subsequently, we
randomly selected a sequence of data from the first half for
training purposes and another sequence of data from the
second half for testing. The lengths of the training and test-
ing sequences were also randomly chosen within a range
of 50% to 80% of the available data samples for each fold.
This process was repeated 10 times to generate 10 differ-
ent sets of training and testing sequences. We evaluated
our proposed algorithm’s performance using metrics such
as balanced accuracy, precision, recall, specificity, and F1
measure. Additionally, we calculated the standard devi-
ation of these metrics to assess overfitting. The perfor-
mance details of the baselines and our overall framework
are provided in Table 2, clearly demonstrating the superior
performance of our framework compared to the baseline
algorithms.

We observed that our framework exhibits marginal im-
provements in terms of accuracy, precision, recall, and F-1
measure compared to the baseline algorithms. However,
the improvement in specificity is particularly noteworthy,
with a significant increase of 3.5% over the baseline (B1).
This enhancement represents a substantial advancement
in the field of IIoT fault detection research. A closer exami-
nation of Table 2 reveals that the performance of SMTCNN
without change-point segmentation (B1) and without su-
pervised fault classification pretraining (B2) experiences a
significant drop in performance.

5.3 Conclusions and Future Works
This paper presented an initial step towards the col-

lection, simulation, and prediction of faults in real-world

Table 2. Performance comparisons of our proposed
method with baseline algorithms

Accuracy Precision Recall Specificity F1-
measure

B1 96.9±.02 96.6±.02 96.9±.02 96.1±.01 97.4±.02
B2 94.5±.05 96.3±.03 94.5±.05 96.8±.02 96.5±.01
B3 95.1±.04 94.6±.05 95.1±.04 97.1±.03 97.1±.01
Our 97.9±.01 96.8±.02 97.9±.01 98.6±.01 98.1±.01

deployed IIoT systems. It was a part of our broader vi-
sion to develop a secure, fault-tolerant, and reliable smart
and connected industrial infrastructure. The primary ob-
jective of this study was to release our preliminary col-
lected datasets for the advancement of IIoT fault genera-
tion and the integration of multitask learning in fault de-
tection. However, it was essential to acknowledge that au-
tomatic fault detection encompasses a wide range of use
cases that were not specifically addressed in this research.
However, in real-world scenarios, IIoT systems often en-
counter a significant number of missing values resulting
from internet connectivity issues or power interruptions,
which were not explicitly tackled in this study. However, in
this paper, we did not consider the edge computing which
also poses future challenge that will be addressed.
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