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Abstract

Recently, due to the expansion of the logistics industry, demand for logistics automation equipment is
increasing. The modern logistics industry is a high—tech industry that combines various technologies. In
general, as various technologies are grafted, the complexity of the system increases, and the occurrence
rate of defects and failures also increases. As such, it is time for a predictive maintenance model
specialized for logistics automation equipment. In this paper, in order to secure the operational safety and
reliability of the parcel loading system, a predictive maintenance platform was implemented based on the
Naive Bayes—LSTM(Long Short Term Memory) model. The predictive maintenance platform presented in
this paper works by collecting data and receiving data based on a RabbitMQ), loading data in an InMemory
method using a Redis, and managing snapshot DB in real time. Also, in this paper, as a verification of the
Naive Bayes—LSTM predictive maintenance platform, the function of measuring the time for data
collection/storage/processing and determining outliers/normal values was confirmed. The predictive
maintenance platform can contribute to securing reliability and safety by identifying potential failures and
defects that may occur in the operation of the parcel loading system in the future.
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[Figure 1] Concept of parcel loading system
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[Figure 5] Platform architecture of predictive maintenance for parcel loading system
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[Figure 6] Main function flow diagram of predictive
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<Table 1> Main function of predictive maintenance platform for logistics loading system

Classification Function

Contents

Data request per minute

— Equipment data generation through batch scheduler
— Data request with RabbitMQ

Receive Data
Generate

— Receive data with RabbitMQ SW
— Storing data in Redis SW (InMemory)

equipment data )
Save data per minute

— Equipment Snapshot request via Batch Scheduler
— Save requested Snapshot data to DB

Data merge per hour

— Data requests per minute per equipment stored in DB
— Data per minute — Save to DB after converting hour data

Request notice data

— notice request through API from algorithm server
— notice request through RabbitMQ SW

Generate notice . .
Receive notice data

— Receiving notices via Web Socket
data — After receiving an notice, it is stored in the notice history DB

Received notice web service

— Receive notice message via Web Socket
— Received notice message displayed on the web main screen
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[Figure 7] Fault and defect detection web for parcel loading
system
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