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Abstract: The need for intelligent predictive maintenance (PdM) systems that provide data privacy and operational 
efficiency has been made clear by Industry 4.0 and smart manufacturing. The scalability of traditional, 

centralized learning models is constrained by bandwidth, high communication costs, limited scalability, and 
data security, especially on Industrial Internet of Things (IIoT) platforms. This study addresses these 
challenges by proposing a lightweight and distributed predictive maintenance framework based on split 
learning (SL) that employs the sample convolution and interaction network (SCINet) to identify faults in 

distributed AC motor systems. In our system, each motor uses four sensors (vibration, current, temperature, 
and ambient) that capture real-time data, which is processed on-site, and only intermediate representations are 
sent to a cloud server where the model is trained. With the deep neural network (DNN) divided into edge 
devices and cloud, we can minimize the exposure of raw data, as well as the communication overhead. 

Experimental results exhibit that the proposed framework achieves 99.35 per cent accuracy as well as 0.0022 
loss in the classification of the five types of failures (normal, overcurrent, misalignment, stop rotation, and 
heavy load), which is better than centralized training (99.04 per cent accuracy and 0.0216 loss), wh ile  reducing 

communication overhead and computational burden on edge devices. The major contributions are: a privacy-

conserving SL architecture that does not require the exchange of raw data, feature extraction using SCINet to 
better model temporal dependencies, and bandwidth saving through data transmission through compression. 
The experimental findings prove that SL not only improves fault detection but also meets the key IIoT 
requirements, namely, data security, computational efficiency, and real-time performance. The paper offers a 

scalable solution to intelligent maintenance in Industry 4.0 that can be extended further in the future by the 
introduction of hybrid federated-split learning to cross-factory collaboration. 

1 INTRODUCTION 

The rapid evaluation of the Industrial Internet of 
Things (IIoT) has significantly transformed the 

modern industrial systems by enabling continuous 
monitoring, intelligent automation, and data-driven 
decision making [1]. The Fourth Industrial 
Revolution (Industry 4.0) has introduced artificial 
intelligence (AI) and the Industrial Internet of Things 
(IIoT) to the industry. One of the keys to such 

transformation can be represented by predictive 
maintenance (PdM), which utilizes real-time sensor 
readings along with machine learning to predict 
prospective equipment breakdowns before they 
happen. In contrast to the traditional reactive 
maintenance or preventive maintenance, PdM 

maximizes the efficiency of operations, minimizes 
downtimes, and helps to increase the service life of 

machinery [2]. Nevertheless, there are urgent 
problems of the widespread deployment of PdM in 
IIoT systems: (1) the possibility of data privacy risks 
related to centralized cloud-based learning, (2) the 
high communication cost of transmitting raw sensor 
data over distributed networks [3], and (3) scalability 

becomes limited as the number of connected 
machines increases. More importantly, transmitting 
raw industrial data raises significant privacy and 
security concerns, particularly in distributed 
manufacturing environments. These limitations 
hinder the practical deployment of real-time 

predictive maintenance systems in industrial  
settings [4], [5]. 
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To resolve these challenges, privacy-preserving 
alternatives have been proposed based on the 
distributed learning paradigm, including federated 
learning (FL) and split learning (SL). FL supports the 

network-wide shared training of models without the 
transmission of raw data, but it experiences high 
communication overhead and heterogeneity  
issues [6]. Conversely, SL splits deep neural networks 
into clients and servers, and only intermediate 
activations (so-called smashed data) are transmitted, 

which reduces the consumption of bandwidth and 
improves privacy, reduces communication cost, and 
lowers computational burden on resource-constrained 
edge devices [7].  

Recent work on the Sample Convolution and 
Interaction Network (SCINet) [8] demonstrates 

superior performance in capturing multi-resolution 
temporal dependencies, making it ideal for IIoT fault 
detection. Combining model updates from several 
devices may be a long and resource-intensive 
procedure.  Furthermore, it remains crucial to conduct 
further research to ensure the FL process is secure and 

resilient, especially against hostile attacks.  High 
communication costs and potential security flaws at 
the split points pose additional difficulties for SL.  
Data privacy and computational efficiency are two 
benefits of split learning, which divides a machine 
learning model across many parties.  Sensitive data 

stays localized by spreading model components, 
reducing privacy issues related to centralized data 
collection.  Additionally, by dividing the training task 
among several devices, SL can increase computing 
efficiency.  Conversely, federated learning focuses on 
using decentralized data to train models without 

sharing raw data. This method ensures data privacy 
while facilitating shared model creation. 
Nevertheless, Federated Learning may encounter 
increased communication costs and difficulties 
related to handling data that is unevenly  
distributed [9], [10]. 

This paper aims to propose a split learning system 
based on SCINet for predictive maintenance in real-
time industrial Internet of Things (IIoT) systems. The 
key idea is that the combination of SCINet and the 
split learning environment is not intended to post hoc 
the novelty of the combination itself, but instead to 

take advantage of the hierarchical temporal property 
extraction ability of SCINet to enhance the fault 
detection accuracy and model efficiency with respect 
to privacy-constrained models. The main objectives 
of this study are: 

1) Design a distributed lightweight Predictive
Maintenance System: This is a predictive

maintenance system that comprises several

distributed benchmark machines. Four sensors 
(current, vibration, object temperature, and 
ambient temperature) are fitted in every client 
(AC motor) to allow monitoring the health and 

operating condition of the machine as well. 
The data is spread across three machines, and 
the split learning model based on SCINet is 
trained collaboratively, where at the client 
side, local feature extraction takes place, and 
the cloud server completes the model. This 

system design improves system privacy, 
scalability, and predictability. 

2) Minimize communication overhead compared
to centralized learning approaches.

3) Privacy-Preserving Architecture: A split deep
neural network (DNN) is proposed, in which

an edge device (AC motors) processes raw
sensor data on-the-fly and only sends the
compressed feature activation to the cloud
server. This will avoid the exposure of raw
data and will guarantee the confidentiality of
data in the course of distributed training.

Experimental evaluation demonstrates that the 
proposed approach achieves high fault classification 
performance while significantly reducing 

communication load and maintaining real-time 
operation. The main contributions of the work can be 
summarized as follows:  

1) Implemented a predictive maintenance
algorithm on AC motor benchmark sensors.

2) Use a split learning (SL) architecture to

integrate with IoT devices within the
manufacturing environment to obtain
lightweight, bandwidth-efficient, and improve
the training and performance.

3) Comparative performance analysis against
centralized approaches.

2 METHODOLOGIES 

Split learning is a notable innovation in the field of 
federated learning, a collaborative machine learning 
method in which a local client and a centralized server 
jointly learn a global model while simultaneously 
safeguarding decentralized data. Local client is often 
used in this framework to refer to the user-owned 

data-generating devices, including Internet of Things 
(IoT) devices. The fundamental input of split learning 
is the ability to train the model using distributed data 
sources without necessarily transmitting the raw data, 
which improves data privacy and reduces 
communication overhead. 
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2.1 Split Learning 

Split learning is an alternative to distributed deep 
learning that enables multiple parties to build ML 
models collaboratively without disclosing their raw 
data. Desegregation training: data terminals store all 

information on site and send model updates to other 
terminals to address privacy concerns and reduce data 
storage costs [11]. Split learning splits up a deep 
neural network into several parts, where each part is 
trained on different clients. In the meantime, the 
training set may exist on a supercomputing machine 

or may be separated and distributed among multiple 
clients for collaborative model training [12]. Then, 
the industrial partners that are training clients of the 
deep neural network cannot see each other's data. To 
push a deep neural network, there are ways of 
encoding the input into a different space and sending 

it up [13], [14]. The Privacy Protections and User 
Privacy are two cornerstones of Split Learning (SL). 
It does so via an interactive learning algorithm based 
on the fed-in local data and therefore without the 
necessity to share classifiers directly. In this context, 
security and privacy are one of the major challenges 

of implementing SL systems, as supported also by 
the previous literature [15], [16]. SCINet adopts the 
encoder-decoder architecture. The encoder is a 
pyramidal convolutional network that learns dynamic 
temporal connections across resolutions using 
multiple ranges of convolutional filters. 

Its HTCBs could also enable the effective 
extraction of multi-scale temporal features of time-
series T sensor data at the client side [17]. With the 
initial layers of SCINet running on edge devices, each 
client could contribute with local temporal patterns of 
raw sensor signals and generate compacted 

intermediate activations for transmission to the cloud 
server. This hierarchy structure favours the 
distributed split learning framework in that: 

1) Capturing both short-term and long-term
temporal dependencies, which improves fault
detection accuracy.

2) Reducing the size of data transmitted to the
server, thereby enhancing communication

efficiency while preserving privacy.

It means that the cloud server can do more jobs of 
higher-level feature integration and classification and 
reduce the computational burden at the edge. In sum, 

the hierarchical organization of SCINet makes the 
distributed feature extraction efficient and effective, 

which allows the given split learning framework to 
deliver robust predictive maintenance with privacy 
protection and a low communication cost. As 
illustrated in Figure 1a, the fundamental component, 

SCI-Block, reduces the number of samples of an input 
data or a feature by down-sampling to two sub-
sequences, then applying a bank of convolutional 
filters to each sub-sequence to identify and extract 
unique but useful features of each portion of the data. 
During down-sampling, we use interactive learning to 

recover lost information between the two sequences. 
The structure of SCINet implements multiple SCI-
Blocks, which form a binary tree arrangement [18]. 

Multiple SCI-Blocks are implemented using the 
SCINet structure, creating a binary tree arrangement 
(Fig. 1b). The recovery of significant time points is 

facilitated by the local and global understanding of 
the time series given by each SCI-Block in this 
architecture. A fully connected network decoder 
merges the decoded information with the original 
data input and then predicts the new sequence shape 
formed after convolution operations, down-sampling 

processes, and sequence structure interaction. 
Stacked SCINet training takes multi-layer stacked 
networks as the starting step and then adopts 
intermediate 7supervision for a network architectural 
design shown in Figure 1c.  

As shown in Figure 1, the input feature F is split 

into  two sub-sequences, F odd and F even, which 
interact iteratively within the SCI-Block. These sub-
sequences do not convey all the information in the 
main sequence but are time-resolved less well. Next, 
we extract F even and F odd features by convoluting with 
different kernels: Because the kernels are 

independent, the retrieved characteristics would also 
form unique but helpful temporal relationships with 
improved representation skills. In order to minimize 
potential data degradation due to down-sampling, we 
suggest a novel interactive learning approach. The 
two-component sub-sequences can exchange 

information in both directions thanks to this tactic. 
This is accomplished by letting the sub-sequences 
discover affine transformation parameters among 
themselves. There are two stages to the interactive 
learning process shown in Figure 1a. Using two 
unique one-dimensional convolutional modules, the 

sequences Feven and Fodd are first projected to the 
hidden states. These concealed representations are 
then separately converted into formats appropriate for 
element-wise interaction. Finally, an element-wise 
product (by (1)). 
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Figure 1: The overall architecture of the Sample Convolution and Interaction Network (SCINet).  

Feven and Fodd are efficiently scaled by this method, 

in which learned neural network modules are used to 
extract the scaling factors from one another. 

2.2 Deep learning Neural Networks 

Table 1 shows the hyperparameters for the suggested 
DNN model. There are five layers in the model. The 
output layer is equal to the number of classes, which 
is also five, and the input layer is equal to the input 

feature [18]. 

Table 1: Hyperparameters of the proposed lightweight 
model. 
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2.3 Multi-Class Performance Metrics 

 

 
 

3 PRELIMINARIES  

Predictive maintenance, which tracks equipment 
condition and anticipates issues using IIoT and data 
analysis, enables proactive maintenance. This study 

develops a machine learning and IIoT-based 
predictive maintenance solution. 
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3.1 Sensors 

3.2 Dataset Implementation 

Table 2: Class counts and sizes. 
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Figure 2: Dataset distribution. 

Figure 3: The distribution of the five datasets after balance.

4 PROPOSED SYSTEM DESIGN 
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5 RESULTS AND DISCUSSION  

Table 3: Number of parameters per layer in the neural 
network and its implications for cut layer selection. 

No. Parameters 

One layer 0 

Two layers 2,500 

Three layers 5,000 

Four layers 7,500 

Five layers 10,000 

Six layers 12,500 
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Table 4: Sensor specifications. 

Figure 4: The design and implementation of the proposed system. 
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Figure 5: Confusion metrics: a) without SL, b) with SL. 

Table 5: Classification report a-without SL, b-with SL. 
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Table 6: Compare results between the client model and the split model.

Figure 6: Performance metrics without split (without SL): a) Accuracy, b) precision, c) recall. d) loss. 

Figure 7: Performance metrics with a split (with SL). a) Accuracy b) Loss. 
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6 CONCLUSIONS 
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