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Abstract: With the deepening of digital transformation, to address the problems of high latency and low accuracy in processing 
industrial production automation data using traditional methods, this paper proposes a type of research on the construction of an 
automation platform based on data stream processing. The research is analyzed in a four-layer structure. Firstly, a machine 
learning method is adopted to perform zero-mean standardization on the accessed data; secondly, the stream processing engine 
layer is constructed using Apache Flink technology to process data streams continuously with low latency; then, the storage 
service layer of the platform is built based on metadata; finally, it is explained that the data operation, maintenance and application 
layer is responsible for the stable operation of the system and data output. The research results provide theoretical support and 
practical reference for enterprises to build an efficient, reliable, and easy-to-use real-time data automation platform. 
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1. Introduction 
Data has become the core production factor of enterprises 

in the era of digital economy. Enterprise production data is 
characterized by high speed, large volume, heterogeneity and 
disorder, which are difficult to handle with traditional ETL 
and stand-alone systems. Stream processing technology 
achieves millisecond-level low latency by processing data 
efficiently as it is generated. Therefore, constructing an 
automation platform based on data stream processing has 
become an urgent demand for enterprise digital 
transformation. 

Research on data stream processing has attracted the 
attention of experts from various industries. For example, 
Reference [1] proposes a decentralized cloud-edge-end 
collaborative data stream processing architecture based on 
service-oriented design to address the challenges of flexibility, 
scalability, and low latency in data stream processing under 
the background of big data. This architecture constructs an 
active data service model for large-scale data stream, 
abstracting data stream and its processing process into 
services with moderate granularity, independent deployment 
and dynamic scheduling, to realize the decoupling between 
data and computing. Furthermore, an event-driven 
mechanism is introduced, and an event-driven dynamic 
collaboration method for cloud-edge-end services is proposed, 
which significantly improves the flexible response capability 
of the system. Finally, experimental verification is carried out 
based on real power quality sensing data stream, and the 
results demonstrate the correctness and effectiveness of the 
proposed architecture. Reference [2] points out that with the 
rapid development of information technology, big data has 
gradually become a key resource in modern society. Among 
them, real-time data stream, as an important component of big 
data, has typical characteristics such as large data volume, 
high processing timeliness and relatively low value density. 
This research focuses on real-time data stream processing and 
analysis strategies based on big data, aiming to improve 
processing efficiency, deeply mine data value, and provide 
theoretical basis and technical reference for research and 
practice in related fields. Aiming at the problems of 

unbalanced data sets and poor resistance to concept drift, 
Reference [3] proposes a Tor traffic analysis model 
combining stacked denoising autoencoder (SDAE) and online 
sequential extreme learning machine (OS-ELM). Firstly, the 
original Tor traffic packets are segmented, denoised, and 
feature-extracted, the obtained one-dimensional feature 
sequences are converted into grayscale images, and then input 
into an improved multi-scale deep convolutional generative 
adversarial network to generate samples and achieve data set 
balance. Then, SDAE is used for sequence dimensionality 
reduction, and the extracted features are input into OS-ELM 
to realize online identification of Tor anonymous traffic. 
Finally, the experimental results show that the improved 
generative model can increase the model recognition rate by 
about 2.8 percentage points; the overall model accuracy 
reaches 95.7%, and the recognition efficiency is significantly 
better than traditional CNN and LSTM models. Thus, it can 
be seen that industrial automation production data based on 
data stream processing is more efficient than traditional 
models. 

In summary, to solve the problems of high latency and low 
accuracy in processing industrial production automation data 
with traditional methods, this paper proposes a type of 
research on the construction of an automation platform based 
on data stream processing. Based on industrial data and 
adopting data stream processing technology, an automation 
platform capable of efficiently processing multi-source 
heterogeneous feature data is designed and built. The 
platform realizes the automation and visualization of the 
whole process of data access, processing, storage and service, 
effectively reducing the technical threshold of data stream 
processing. The research results provide theoretical basis and 
practical reference for enterprises to build an efficient, 
reliable and easy-to-use real-time data automation platform. 

2. Related Theories and Technical 
Foundations 

2.1. Data Stream Processing Technology 
Data stream processing technology started in the 1990s and 

evolved from centralized to distributed. Early Storm had low 



 

137 

latency, lacked state management and consistency guarantee. 
Spark Streaming adopts micro-batch processing to balance 
latency and throughput; Flink, based on the native data stream 
model, supports event time, exactly-once processing, and 
state persistence, becoming the mainstream engine in the 
industry. Enterprises such as Alibaba Cloud have optimized 
Flink to support cloud-native and elastic scaling, improving 
resource utilization. Therefore, this paper adopts a Flink-
based stream processing solution to build the automation 
platform [4]. 

2.2. Research Status of Data Automation 
Platforms 

In terms of data governance of data automation platforms, 
the integration of AI-related technologies and data automation 
has become a new trend. Functions such as abnormal data 
detection and adaptive data pipeline optimization are realized 
through machine learning models. However, the overall 
integration of AI and automation processing is still not in-
depth, and data quality-related problems still require manual 
intervention in most links. Therefore, this paper proposes an 
automation platform solution covering the whole process of 
data collection, processing, storage and governance, 
providing infrastructure support for building a more 
intelligent and efficient data governance mechanism. 

2.3. Definition and Characteristics of Data 
Stream 

Data stream in this paper refers to a continuously generated, 
unbounded, and uncertain-order data sequence, with 
characteristics such as continuity, heterogeneity and disorder. 
Continuity means that data from data sources is generated all 
the time without obvious start and end times; heterogeneity 
means that data sources have diverse formats, including 
structured data, semi-structured data and unstructured data; 
disorder means that the data arrival order may be inconsistent 
with the generation order, with out-of-order and delayed 
situations [5]. 

2.4. Data Stream Engine Technology 
Apache Flink is one of the most widely used and mature 

stream processing engines at present, with core features of 
native stream processing, stream-batch integration, event 
time semantics and state management. 

(1) Native stream processing is a computing rule based on 
the data stream programming model, which can process 
unbounded data streams continuously and in real time. 

(2) Stream-batch integration refers to the unified 
processing of unbounded data stream and bounded batch data, 
with one set of core code supporting both stream processing 
and batch processing modes. 

(3) Event time semantics means that the system can 
perform window calculation according to the actual 
occurrence time of events, and support the processing of out-
of-order data caused by network delay and other reasons. 

(4) State management means that the system provides a 
variety of state backends, which can persistently save states 
during calculation and support a fault-tolerant mechanism 
based on incremental snapshots. 

3. Research Route 

3.1. Overall Architecture Design 
The research roadmap is divided into a four-layer structure 

from top to bottom, namely the data access layer, data stream 
engine layer, data storage layer, and data operation, 
maintenance, and application layer. The research roadmap of 
this paper is shown in Figure 1 below. 

 

 
Figure 1. Research roadmap 

3.2. Data Access Layer 
The purpose of the data access layer is to realize the unified 

access and standardized processing of multi-source 
heterogeneous data, and a machine learning method is 
adopted to standardize the accessed data [6]. 

(1) Unified data access 
Unified data access in this paper refers to collecting data 

from different sources and formats into a unified platform or 
system through standardized interfaces or protocols, realizing 
centralized management, unified scheduling and subsequent 
processing. The unified data access mode is as follows. 

Suppose the original data source set is 

},,,{ 21 nDDDD   , each data source is iD  , and the 

goal of unified access is to convert it into a unified format F. 
The expression of unified access is shown in Formula (1). 
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Where D represents the data after unified formatting; F 
represents the function set, which aims to adopt different 
functions for different data sources and finally convert the 
data of multiple data sources into the same format. 

(2) Data normalization 
Because the data units of different equipment and systems 

in industrial production are different, they cannot be directly 
merged and processed. Therefore, based on Formula (1), data 
normalization is required to scale the original data 
proportionally to a specific interval or convert it into a 
distribution with a mean of 0 and a standard deviation of 1 [7]. 
This paper adopts zero-mean standardization, as shown in 
Formula (2). 
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3.3. Stream Processing Engine Layer Design 
The stream processing engine layer is built based on 

Apache Flink technology, serving as the core computing 
module of the entire platform, responsible for continuous and 
low-latency processing of data streams, mainly relying on its 
mature capabilities in state management, event time 
semantics and processing accuracy. It is mainly reflected in 
native real-time processing, state management and event time 
semantics, as detailed below [8-9]. 

(1) It supports native real-time processing of unbounded 
data. The difference from the micro-batch processing 
architecture is that Flink triggers calculation immediately 
when each data arrives instead of waiting for batch 
construction, thus controlling the processing latency to the 
millisecond level. 

(2) In terms of state management, Flink supports RocksDB 
or memory as the state backend, and realizes state persistence 
and fault recovery combined with incremental checkpoints. 
When a task is abnormal, the system recovers from the latest 
checkpoint to ensure no data duplication or loss. 

(3) As for event time semantics, Flink performs window 
aggregation according to the timestamp of the data itself, and 
processes out-of-order and late data with the help of the 
watermark mechanism. The window calculation result can be 
configured to output exactly once to prevent repeated 
triggering. 

This engine layer uniformly consumes real-time streams 
from the data access layer, and after processing through 
operators such as filtering, aggregation and joining, outputs 
the results to downstream storage or alarm services. 

3.4. Storage Service Layer Design 
The storage service layer adopts metadata storage, and its 

core content includes basic descriptive information such as 
data source connection information and location paths, data 
table structure definitions and field types, data formats and 
encoding methods, data partitioning and indexing rules, data 
quality verification standards, data lineage records, data 
access control information, as well as data versions and 
timestamps. 

Such metadata are uniformly stored in the metadata storage 
component for on-demand invocation by the data processing 
engine, query service and management module, to realize the 
organization, location, interpretation and control of physically 
stored data. 

3.5. Data Operation, Maintenance, and 
Application Layer 

The data operation, maintenance, and application layer is 
located at the top of the platform architecture, responsible for 
the stable operation of the system and data output. 

(1) In terms of operation and maintenance, this layer 
provides functions such as job scheduling, task monitoring, 
abnormal alarm, log collection and resource management. It 
can track the running status, data throughput, processing 
latency and resource utilization of stream processing jobs in 
real time, and trigger automatic recovery or manual 
intervention when tasks fail or data is backlogged. 

(2) In terms of application, this layer provides data query 
interfaces, message push and API gateways for business 
scenarios, supporting the output of processing results to 
relational databases, key-value stores or real-time dashboards. 
At the same time, this layer includes metadata management 

and data lineage display functions, facilitating operation and 
maintenance personnel and data users to view data sources, 
processing links and field mapping relationships. Through the 
unified operation and maintenance portal and application 
portal, the platform realizes centralized management and 
control of data tasks and convenient access to business results, 
which not only ensures the reliability of system operation, but 
also improves the availability and transparency of data 
services. 

4. Summary and Outlook 
This paper focuses on the construction of an automation 

platform for data stream processing. Aiming at the problems 
of insufficient real-time performance, low automation, and 
complex architecture in traditional data processing, a type of 
research on the construction of an automation platform based 
on data stream processing is proposed. This solution 
systematically combs the development context of data stream 
processing and automation technologies, deeply analyzes the 
principles and application scenarios of the Flink stream 
processing engine, and provides theoretical support for 
platform design. 

However, this paper also has certain deficiencies. For 
example, the platform currently only supports simple machine 
learning model inference and lacks support for real-time 
deployment and optimization of deep learning models; the 
data governance function is not perfect, and intelligent 
capabilities such as automatic metadata identification and 
automatic data quality rule generation are insufficient. To 
address the above problems, this paper will deepen the 
research in the following two aspects in the future: firstly, 
realize intelligent functions such as automatic SQL generation, 
fault root cause analysis and automatic data quality rule 
optimization based on large language models. Secondly, 
cloud-edge-end collaboration: construct a cloud-edge-end 
collaborative data stream processing architecture, where edge 
nodes are responsible for data preprocessing and real-time 
analysis, and the cloud is responsible for global aggregation 
and long-term storage, meeting the needs of IoT edge 
computing scenarios. 
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