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ABSTRACT 
Industrial Big Data Streams (IBDS) play a pivotal role in the digital transformation of industries, 
aligning with the special issue's emphasis on computational innovations to manage high-velocity, 
high-volume data. Traditional approaches to stream processing often fall short in addressing the 
challenges posed by the dynamic nature, heterogeneity, and real-time demands of IBDS 
environments, leading to inefficiencies in scalability, adaptability, and resource utilization. To 
overcome these limitations, this study introduces an Adaptive Stream Processing Framework 
(ASPF), which integrates distributed computing, machine learning, and dynamic resource allocation 
to process IBDS with low latency and high throughput. Complementing ASPF, a Dynamic 
Hierarchical Decision Strategy (DHDS) ensures multi-level decision-making for optimal resource 
distribution and real-time adaptation. The ASPF leverages predictive analytics and anomaly 
detection to enhance operational insights, while the DHDS employs distributed consensus and 
reinforcement learning to dynamically balance workloads and maintain system resilience. 
Simulation results demonstrate a 25% improvement in data processing efficiency and a 20% 
reduction in energy consumption compared to conventional methods, underscoring the 17 potential 
of this hybrid framework to revolutionize industrial data systems. 

Keywords: Industrial Big Data Streams, Distributed Computing, Real-time Processing, Anomaly 
Detection, Adaptive Decision-making 
 

1. Introduction 

The rapid proliferation of industrial big data streams, driven by advancements in Internet of Things 
(IoT) devices, sensors, and industrial automation, necessitates the development of efficient parallel 
computing methods to handle massive, high-velocity data [1]. This challenge is further complicated 
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in agile low-code development environments, which emphasize rapid application delivery with 
minimal hand-coding [2]. Such environments are crucial for democratizing technology by enabling 
non-expert users to create and deploy data-intensive applications [3]. However, ensuring 
computational efficiency, scalability, and real-time processing capabilities in these low-code 
platforms is non-trivial. Efficient parallel computing methods can address these challenges by 
optimizing resource utilization, improving processing speeds, and enabling real-time analytics, thus 
meeting the growing demands of modern industrial systems [4]. By combining the flexibility of low- 
code platforms with the computational power of parallelism, businesses can achieve higher 
productivity, operational agility, and faster decision-making [5]. 

In the early stages of industrial big data processing, rule-based systems and conventional parallel 
processing techniques were employed to handle static datasets and simple stream processing tasks 
[6]. Rule-based systems used predefined rules to process incoming data streams, often with the aid 
of batch processing frameworks like Apache Hadoop. These methods were capable of handling large 
volumes of data by distributing tasks across multiple nodes in a cluster. Parallel processing 
techniques, such as MapReduce, were utilized to split data into smaller chunks and execute 
computations in parallel, significantly improving processing speed for batch jobs. However, these 
approaches had several limitations, particularly in the context of industrial big data streams [7]. 
Rule-based systems lacked the flexibility to adapt to changing data patterns, while traditional 
parallel processing frameworks struggled with real-time data streams, as they were optimized for 
batch operations rather than low-latency processing. Moreover, these methods required significant 
programming expertise and infrastructure setup, making them unsuitable for agile low-code 
environments [8]. 

As industrial big data streams grew in complexity and velocity, stream processing frameworks 
such as Apache Spark Streaming, Apache Flink, and Apache Kafka emerged as more efficient 
alternatives [9]. These frameworks enabled real-time data ingestion and parallel processing by 
dividing data into small batches or processing each data point individually in a distributed 
environment [10]. Machine learning (ML) models were also integrated into these frameworks to 
extract actionable insights, such as anomaly detection, predictive maintenance, and trend 
forecasting. Unlike traditional methods, these approaches offered better adaptability and scalability, 
as they could dynamically adjust to fluctuating data loads and evolving industrial requirements [11]. 
However, implementing ML models in industrial environments required significant domain 
expertise and was computationally expensive, especially when dealing with high-dimensional data 
streams [12]. Furthermore, these frameworks often lacked native support for low-code platforms, 
requiring extensive customization and programming, which limited their adoption in agile 
development environments. Despite these challenges, stream processing frameworks and ML 
techniques provided a solid foundation for managing and analyzing industrial big data streams in 
real time [13]. 

The advent of deep learning and edge computing further advanced the state-of-the-art in 
industrial big data processing [14]. Deep learning models, such as convolutional neural networks 
(CNNs), recurrent neural networks (RNNs), and graph neural networks (GNNs), offered unparalleled 
accuracy in processing complex data streams, such as sensor readings, images, and network logs 
[15]. Edge computing complemented these models by bringing computational power closer to data 
sources, reducing latency and bandwidth consumption while enabling real-time analytics [16]. 
Frameworks such as TensorFlow Lite and PyTorch Mobile allowed the deployment of pretrained 
deep learning models on edge devices, thereby enhancing the speed and scalability of industrial 
systems [17]. While these advancements were transformative, their integration into low-code 
environments remained a significant challenge. Deep learning models were computationally 
intensive and required specialized hardware, which conflicted with the lightweight, user-friendly 
nature of low-code platforms. Furthermore, the lack of interpretability in deep learning models often 
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hindered their application in mission-critical industrial processes that demanded transparency and 
trustworthiness. Nonetheless, deep learning and edge computing represented a major leap forward 
in the parallel processing of industrial big data streams. 

Building on the limitations of previous approaches, we propose an efficient parallel computing 
framework specifically designed for industrial big data streams in agile low-code development 
environments. This framework leverages a hybrid approach that integrates lightweight stream 
processing algorithms, federated learning for distributed model training, and containerized 
microservices for modular deployment. By utilizing federated learning, the framework ensures data 
privacy and reduces computational overhead by training models locally on edge devices and 
aggregating results centrally. The modular architecture, implemented through containerization, 
allows seamless integration with low-code platforms, enabling non-experts to build and deploy 
applications efficiently. The framework incorporates explainable AI (XAI) techniques to improve the 
interpretability of deep learning models, making them suitable for mission-critical industrial 
applications. 

We summarize our contributions as follows: 
The hybrid approach combines federated learning, containerized microservices, and explainable 

AI, ensuring privacy, scalability, and interpretability in low-code environments. 
The proposed methodology is optimized for real-time processing, supporting high-velocity data 

streams and dynamic industrial workflows with minimal resource consumption. 
Preliminary experiments demonstrate significant improvements in processing speed, model 

accuracy, and deployment time compared to existing methods, making it a practical solution for 
industrial applications. 

2. Related Work 

2.1. Parallel Computing for Big Data Streams 

Parallel computing techniques have been fundamental in addressing the computational challenges 
posed by industrial big data streams [18]. These streams, characterized by their high velocity, 
volume, and variability, require efficient real-time processing to extract actionable insights. 
Traditional batch processing frameworks, such as Hadoop, have been widely used in big data 
analytics; however, their limitations in handling real-time streams have shifted the focus to more 
agile frameworks like Apache Spark and Flink [19]. These systems leverage in-memory computing 
and advanced parallelism to reduce latency and ensure scalability. Apache Flink, for example, 
introduces event-driven architectures that enable low-latency, distributed data stream processing 
[20]. Its ability to execute both stateful and stateless computations in parallel provides significant 
advantages in dynamic industrial environments. Recent advances in parallel computing include 
hybrid approaches that combine distributed memory and shared memory paradigms for enhanced 
performance. Techniques such as multi-threaded stream processing are being integrated with 
distributed frameworks to handle the computational demands of feature extraction and anomaly 
detection in real-time streams. GPU-based parallel computing has gained traction for accelerating 
machine learning tasks within big data pipelines. Research highlights the use of CUDA and OpenCL 
frameworks to process high-dimensional industrial data streams efficiently. GPU clusters are being 
employed to execute deep learning models in parallel, thereby enabling rapid decision- making in 
complex industrial scenarios [21]. Load balancing and fault tolerance remain critical research areas 
in parallel computing for big data streams. Adaptive scheduling algorithms dynamically allocate 
tasks across computing nodes based on workload variability, ensuring consistent performance. 
Fault-tolerant mechanisms, such as checkpointing and replication, are increasingly integrated into 
parallel processing frameworks to enhance reliability in large-scale industrial systems. Furthermore, 
edge computing paradigms are emerging as complementary approaches, distributing computation 
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closer to data sources to alleviate the burden on centralized servers while maintaining real-time 
processing capabilities. 

2.2. Agile Development in Low Code Platforms 

Low code development environments have revolutionized software engineering by enabling rapid 
prototyping and deployment with minimal manual coding [22]. In the context of industrial big data, 
low code platforms allow domain experts to develop data processing and visualization applications 
without extensive programming expertise. These platforms provide pre-built components, such as 
data connectors, machine learning modules, and visualization tools, which can be seamlessly 
integrated into industrial workflows [23]. Notable examples include platforms like Mendix, 
OutSystems, and Microsoft PowerApps, which offer drag-and-drop interfaces and support for 
custom scripting when required. Agile methodologies align well with the capabilities of low code 
platforms, enabling iterative development cycles and faster delivery of functional solutions. 
Research has explored how low code environments support continuous integration and continuous 
delivery (CI/CD) pipelines, facilitating the deployment of updates in dynamic industrial settings. 
Automation in testing and deployment processes ensures that applications can be scaled and 
adapted as data stream characteristics evolve. The integration of DevOps practices within low code 
environments has been shown to enhance collaboration between development and operations 
teams, further accelerating the application lifecycle. Recent studies highlight the challenges of 
implementing computationally intensive tasks, such as real-time data analytics and machine 
learning, in low code environments [24]. To address these challenges, researchers are exploring the 
incorporation of high-performance computing (HPC) modules into low code platforms. These 
modules enable seamless access to distributed computing resources, such as cloud-based clusters 
and GPUs, directly from low code interfaces. Furthermore, advancements in serverless computing 
are being leveraged to execute parallel tasks without requiring developers to manage underlying 
infrastructure. 

2.3. Efficient Stream Processing Frameworks 

Stream processing frameworks tailored for industrial big data streams focus on optimizing resource 
utilization, latency, and scalability [25]. Frameworks like Apache Kafka, Apache Storm, and Google 
Dataflow have been widely adopted for their ability to process data in real-time while ensuring fault 
tolerance. Kafka, in particular, serves as a robust messaging system that supports high-throughput 
data ingestion and integration with parallel computing frameworks such as Spark Streaming and 
Flink [26]. These combinations enable the development of end-to-end stream processing pipelines 
that can handle complex industrial workflows. Efficient stream processing in industrial 
environments requires a balance between computational efficiency and the adaptability of the 
system [27]. Sliding window and tumbling window models are commonly used to process 
continuous data streams, with computational optimization achieved through partitioning and 
parallelism. Researchers have explored techniques such as stream partitioning based on workload 
patterns to improve system efficiency. Dynamic partitioning, which adjusts resource allocation in 
response to data stream variability, has proven effective in maintaining performance under 
fluctuating workloads. The integration of machine learning within stream processing frameworks is 
another active research area [28]. Streaming ML libraries, such as Spark MLlib and Flink ML, enable 
on-the-fly model training and inference, supporting use cases like predictive maintenance and 
anomaly detection in industrial systems. Efficient methods for model update and versioning in 
streaming environments ensure that analytics pipelines remain accurate and relevant despite 
changes in data distribution. Edge computing is also being incorporated into stream processing 
frameworks to support distributed industrial systems. By processing data closer to its source, edge 
computing reduces latency and improves system responsiveness. Techniques such as hierarchical 
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processing, which combines edge and cloud resources, have been shown to optimize resource 
utilization and scalability [29]. 

3. Method 

3.1. Overview 

Industrial Big Data Streams (IBDS) represent a cornerstone of modern industrial systems, enabling 
real-time monitoring, optimization, and decision-making across large-scale operations. With the 
advent of advanced manufacturing, Internet of Things (IoT) devices, and sensor-based monitoring 
systems, industrial environments generate vast amounts of continuous, high-velocity data streams. 
Managing and deriving actionable insights from these data streams is pivotal for enhancing 
productivity, reducing downtime, and fostering innovation in sectors such as manufacturing, energy, 
transportation, and healthcare. 

This section introduces our methodology for addressing the critical challenges posed by IBDS, 
focusing on scalability, adaptability, and accuracy in processing high-frequency data flows. The 
proposed methodology revolves around integrating advanced machine learning models, distributed 
computing frameworks, and domain-specific strategies for industrial systems. We outline the 
contributions of our approach as follows: In Section 3.2, we formalize the problem of Industrial Big 
Data Stream management by defining the key data characteristics, such as volume, velocity, and 
variability. This formalization incorporates mathematical modeling of streaming data and system 
constraints, which form the basis for the proposed solutions. In Section 3.3, we present a novel 
computational framework designed for processing and analyzing IBDS in real time. This framework 
leverages a hybrid of adaptive learning algorithms and high-performance data stream processing 
techniques to ensure efficient and robust performance under dynamic industrial conditions. In 
Section 3.4, we introduce an innovative strategy that combines data fusion, hierarchical 
decision-making, and anomaly detection to enhance the system's capability in predictive 
maintenance and operational optimization. This strategy aims to maximize resource utilization 
while minimizing energy consumption and downtime. 

3.2. Preliminaries 

Industrial Big Data Streams (IBDS) pose unique challenges and opportunities due to their scale, 
velocity, and complexity. This subsection formalizes the problem of IBDS processing, laying the 
mathematical and theoretical groundwork for the proposed methodologies. The focus is on modeling 
the characteristics of industrial data streams, capturing the constraints of real-time environments, 
and outlining key objectives such as efficient processing, scalability, and predictive capabilities. 

An industrial big data stream can be defined as a continuous sequence of data points generated by 
a collection of M  heterogeneous sources, such as sensors, IoT devices, and operational logs. Each 
data source  1, 2, ,m M   produces data at time t , denoted as: 

  ,1 ,2 ,( ) ( ), ( ), , ( )m m m m dx t x t x t x t   (1) 

where d  represents the dimensionality of the data produced by source m . The aggregated data 
stream ( )tX  from all sources at time t  is expressed as: 

 
1

( ) ( )
M

m
m

t x t


X  (2) 

Key properties of ( )tX  include: Data arrives at rates mR  that vary per source, with typical rates in 
industrial systems ranging from kilobytes to gigabytes per second. The cumulative data volume over 
a time horizon T  is given by: 
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Data formats, resolutions, and statistical distributions differ across sources, introducing 
challenges in integration and analysis. Many industrial applications exhibit temporal dependencies, 
where the current state of the system depends on past states. These dependencies can be modeled 
using: 

  ( ) ( ), , ( ) ( )m m m mx t f x t t x t k t t     ò  (4) 

where f  is an unknown function capturing temporal dynamics, k  is the order of dependency, and 
( )m tò  represents noise. 

The objective of IBDS processing is to efficiently transform raw data streams ( )tX  into actionable 
insights while satisfying real-time constraints. Let F  denote the set of all possible transformations, 
including filtering, aggregation, and predictive modeling. A transformation T F  is defined as: 

 ( ( )) ( )t y tT X  (5) 

where ( )y t  represents the desired output, such as system states, anomaly scores, or predictive 
metrics. The system must meet the following constraints: The time to process ( )tX  into ( )y t  must 
not exceed a predefined threshold  , i.e., 

 sinproces gt    (6) 

The processing system must handle increasing M  and mR  without significant degradation in 

performance. The error between predicted outputs ( )y t  and true outputs ( )y t  must be minimized: 

 ( ( ), ( ))y t y t L ò  (7) 

where L  is a loss function, such as mean squared error or cross-entropy, and ò is the acceptable 
error margin. 

In practice, IBDS are often divided into overlapping or non-overlapping windows for processing. 
Let tW  represent a window of data over the interval [ , ]t t   , where   is the window size. The 
windowed data stream is expressed as: 

   { ( ), ( 1), , ( )}tW t t t   X X X X  (8) 

Windowing enables the application of batch processing techniques while approximating real-time 
operation. 

The choice of   introduces a tradeoff: Small   ensures low latency but may miss long-term 
dependencies. Large   captures more context but increases latency and computational 
requirements. 

A critical task in IBDS is predictive modeling, which forecasts future states or detects anomalies. 
Predictive models are constructed as functions g  mapping historical data to future states: 

 ( ) ( ( ), ( 1), , ( ))y t g t t t k     X X X  (9) 

Anomaly detection involves identifying deviations from expected behavior. Let ( )t  and ( )t  
represent the expected mean and covariance of the system state. The anomaly score at time t  is 
defined as: 

 1( ) ( ( ) ( )) ( ) ( ( ) ( ))A t x t t t x t t    •  (10) 

A threshold   is used to flag anomalies: 

 ( )  detA t Anomaly ected   (11) 
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3.3. Adaptive Stream Processing Framework (ASPF) 

To address the challenges of Industrial Big Data Streams (IBDS), we propose the Adaptive Stream 
Processing Framework (ASPF), a novel computational model designed for high-throughput, 
low-latency, and scalable processing of data streams (As shown in Figure 1). The ASPF integrates a 
hybrid approach, combining machine learning, distributed computing, and dynamic resource 
allocation to effectively handle the velocity, volume, and heterogeneity of IBDS. The model 
dynamically adapts to varying system demands and ensures robust performance under industrial 
conditions. 

3.3.1. Dynamic Multi-Scale Windowing for Data Streams. The ASPF introduces a novel dynamic 
multi-scale windowing mechanism designed to address the unique challenges posed by high-velocity 
and heterogeneous data streams in industrial settings (As shown in Figure 2). Unlike traditional 
fixed windowing approaches, where the window size   remains static regardless of the underlying 
data dynamics, the proposed mechanism dynamically adjusts the window size in real-time to 
account for data variability, arrival rates, and system processing capabilities. This adaptability 
ensures the efficient capture of temporal correlations within the data while minimizing information 
redundancy and loss. Formally, the window size at any time t , denoted as t , is computed as: 

  ( ), ,t t tt    F X  (12) 

where F  is a learnable function dependent on ( )tX , the preprocessed data stream, t , the 

statistical variance of the data at time t , and t , the data arrival rate. Specifically, t  captures the 
volatility of the incoming data and is computed as: 

  
1

1
2

1
1

1
( )

t

t

t t
i tt

i 





 

  
  X  (13) 

where 1t   represents the mean value of the data in the previous window of size 1t . Meanwhile, t  
reflects the data arrival intensity, defined as: 

 
 

1

( )
t

t
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







X

 (14) 
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Fig. 1. Adaptive Stream Processing Framework (ASPF) for Multi-Scale Industrial Data Streams 
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Fig. 2. Dynamic Multi-Scale Windowing Mechanism with Multi-Scale Convolutional Attention 

The framework integrates large-scale and small-scale input features, leveraging Swin Transformer 
Blocks across hierarchical stages with patch merging and upsampling mechanisms. It combines 
feature extraction, dynamic multi-scale processing (TIF modules), and reinforcement 
learning-driven optimization for efficient industrial big data stream processing. Key operations 
include convolution, skip connections, adaptive pooling, and reshaping for scalable and robust 
system performance. 
where  Count ( )tX  is the total number of data points received during the last window. These 

metrics are integrated into the windowing function F , enabling the system to dynamically adapt to 
fluctuating data streams. Once the window size t  is determined, the data stream ( )tX  is 

segmented into overlapping sliding windows, each represented as tW : 

     ( ), ( 1), , 1t tW t t t         X X X X  (15) 

To prevent information loss and maintain temporal continuity, the sliding windows are designed 
with an overlap ratio  , where   controls the fraction of overlap between consecutive windows. 
The start time of the next window is defined as: 

 (1 )next tt t        (16) 

This overlapping mechanism ensures the smooth propagation of temporal features across 
windows, particularly in scenarios with abrupt data shifts. To optimize F  for different industrial 
environments, a learning-based approach can be employed, where F  is parameterized as a neural 
network or regression model trained on historical data patterns. By incorporating features such as 

t , t , and other contextual signals (e.g., domain-specific constraints), the windowing function 
becomes capable of adapting to diverse scenarios. This adaptability is particularly beneficial for 
applications where data streams exhibit nonstationary behaviors, such as in manufacturing process 
monitoring or IoT sensor networks. The proposed dynamic multi-scale windowing mechanism, 
therefore, provides a flexible and efficient solution, enabling the ASPF to maximize information 
retention while minimizing computational overhead. 

3.3.2. Hybrid Predictive and Anomaly Detection Model. The ASPF introduces a hybrid model that 
seamlessly integrates predictive modeling using recurrent neural networks (RNNs) with a 
statistical-learning-based anomaly detection framework, ensuring both accurate forecasting and 
robust anomaly detection under dynamic industrial environments. The predictive component 
utilizes the temporal dependencies captured in the feature space  tF W , extracted from sliding 

windows tW  of preprocessed data streams ( )tX . The predictive model forecasts future system states 
( )y t    as: 

    ( ) ty t g F W    (17) 

where g  is an RNN parameterized by learnable weights  . The feature space  tF W  includes a 

combination of temporal, statistical, and domain-specific attributes, derived as: 

       ,t t tF W W W  X  (18) 

where   denotes the feature extraction function, and  tW  includes contextual information, such 

as external factors or domain constraints. The RNN is optimized using stochastic gradient descent to 
minimize a loss function L , such as mean squared error or cross-entropy, depending on the 
prediction task: 
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  *

1

1
arg min ( ), ( )

N

ii
i

y t y t
N



    L  (19) 

where  iy  and iy  are the predicted and actual values for the i -th instance, respectively. 
Complementing the predictive model, the anomaly detection module employs a 
statistical-learning-based framework that analyzes deviations in the feature space  tF W . By 

assuming a multivariate Gaussian distribution for  tF W , the anomaly score ( )A t  is computed as: 

      1( ) t t t t tA t F W F W    
•

 (20) 

where t  and t  represent the mean vector and covariance matrix of the feature distribution, 
dynamically updated based on recent data: 

        
1 1

1 1
,

1

n n

t i t i t i t
i i

F W F W F W
n n

  
 

    
  •

 (21) 

Here, n  denotes the number of recent sliding windows used for statistical estimation. Anomalies 
are flagged if the anomaly score exceeds a predefined threshold   : 

 ( )A t   (22) 

To enhance the sensitivity of anomaly detection, the threshold   is dynamically adjusted using a 
percentilebased approach or domain-specific heuristics, depending on the data variability and 
industrial requirements. By integrating the predictive and anomaly detection components, the 
hybrid model provides a dual advantage: forecasting future trends and identifying unexpected 
deviations simultaneously. For instance, while the predictive RNN component identifies future 

system states ( )y t   , the anomaly detection module flags situations where the current data 
distribution deviates from the learned patterns. Furthermore, the two components share 
information through a feedback mechanism, where the anomaly detection results influence the 
predictive model's training. Specifically, anomalies flagged by the detection module are weighted 
differently during training, preventing the predictive model from overfitting to anomalous patterns. 
The feedback loop is formalized as an update to the loss function: 

  
1

1
( ) ,

N

aug i ii
i

w y y
N




 L L  (23) 

where iw  is an anomaly-sensitive weight, defined as: 

 
 
 

i
i

i

ifA t
w

ifA t

 
 
   

 (24) 

with    controlling the relative importance of anomalous data points during model training. 

3.3.3. Reinforcement Learning-Driven Feedback Optimization. To adaptively optimize system 
performance and enhance decision-making capabilities, the ASPF incorporates a reinforcement 
learning (RL)-based feedback loop. This framework dynamically selects optimal actions ( )a t  to 
adapt to evolving data patterns, environmental conditions, and system demands. The RL agent 
operates in a Markov Decision Process (MDP) setting, where the system's state at time t , denoted as 
s( )t , is represented by key variables capturing the predictive outputs, anomaly scores, and extracted 
feature space: 

    ( ) ( ), ( ), ts t y t A t F W  (25) 



RESEARCH ON EFFICIENT PARALLEL COMPUTING METHODS 4715 

 

The action ( )a t , selected from a discrete or continuous action space A , defines the operational 
adjustment, such as resource allocation, threshold adjustment, or model parameter tuning. The 
agent selects the action by maximizing the state - action value function ( ( ), )Q s t a : 

 ( ) arg max ( ( ), )aa t Q s t a A  (26) 

where ( ( ), )Q s t a  predicts the expected cumulative reward for executing action a  in state ( )s t . The 
reward function ( ( ), )s t aR  is designed to capture multiple optimization objectives, such as 
minimizing prediction errors, maximizing anomaly detection accuracy, and reducing system latency. 
Formally, the reward at time t  can be expressed as: 

 1 2 3ˆ( ( ), ) ( ( ), ( )) ( ( )) ( ( ))s t a y t y t A t a t         R L I C  (27) 

3.3.4. Dynamic Multi-Scale Windowing for Data Streams. The figure illustrates the integration of 
FFASP output, grasp input, and region of interest (RoI) alignment into a unified 256-dimensional 
feature space. This is achieved using a combination of convolutional operations (Conv: 1x1), MS-CAM 
(Multi-Scale Convolutional Attention Module), and element-wise operations (multiplication, and 
concatenation). The right module demonstrates the MS-CAM design, including global average 
pooling, point-wise convolutions, ReLU activations, and a sigmoid-based attention mechanism to 
adaptively emphasize significant features for dynamic data streams. 
where L  is the prediction loss (e.g., mean squared error), ( ( ))A tI  is an anomaly reward term that 
increases when anomalies are accurately detected (e.g., a precision metric), and (a( ))tC  is the cost 
associated with the action ( )a t , such as computational overhead or resource utilization. The weights 

1 2,  , and 3  balance these objectives. The RL agent employs a policy (s( ))t  to determine the 
probability distribution over actions in a given state. This policy is iteratively improved through a 
temporal difference learning method, such as Q-learning or a deep reinforcement learning approach 
like Deep Q-Networks (DQN). For DQN, the Q-function is approximated using a neural network 
parameterized by   : 

  ( ( ), ) ( ( ), ) max ( 1),
a

Q s t a s t a Q s t a 


      A
RE  (28) 

where [0,1]   is the discount factor that balances immediate and future rewards. The network 
parameters   are updated by minimizing the loss between the predicted Q-value and the target 
value: 

     2

1
1

1
( ) , max ,

N

RL i i i i
a

i

Q s a Q s a
N    

      
A

L R  (29) 

To ensure adaptability in real-time applications, the feedback loop integrates with the predictive 
model's parameter updates. The reinforcement learning agent influences the gradient-based updates 
of the predictive model by providing dynamically optimized adjustments. Specifically, the updated 
parameters 1t   of the predictive model are computed as: 

  1 ( ( ), ( )) ( ( ), ( ))t t y t y t Q s t a t              L  (30) 

where   controls the influence of the RL agent on the model update process. 

3.4. Dynamic Hierarchical Decision Strategy (DHDS) 

To complement the Adaptive Stream Processing Framework (ASPF), we propose the Dynamic 
Hierarchical Decision Strategy (DHDS), a novel approach that integrates multi-level decision-making 
and adaptive optimization to enhance the real-time responsiveness and robustness of Industrial Big 
Data Stream (IBDS) processing (As shown in Figure 3). The DHDS is designed to handle the 
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complexities of dynamic industrial environments, such as fluctuating data streams, resource 
constraints, and evolving operational requirements. 

 

Fig. 3. Dynamic Hierarchical Decision Strategy (DHDS) for Multi-Level IBDS Processing 

The DHDS integrates a three-layer decision-making framework: Local Optimization, Intermediate 
Coordination, and Global Adaptation. The top section illustrates the multi-stage processing pipeline, 
which incorporates DWT (Discrete Wavelet Transform), SFFB (Scott-Frequency Fusion Block), WTB 
(Wide Transformer Block), and CFC (Cross Frequency Conditioner) modules for hierarchical feature 
extraction and reconstruction via IDWT (Inverse DWT). The lower section highlights 
feedback-driven optimization, with modules such as FLDF (Fine-Level Decision Framework) and 
HDFB (Hierarchical Decision Fusion Block) enabling adaptive decision-making based on real-time 
resource utilization and predictive outputs. Multi-level feedback loops refine global and local system 
performance, ensuring robust, low-latency IBDS processing. 

3.4.1. Hierarchical Multi-Level Decision-Making Framework. The DHDS introduces a hierarchical 
decision - making framework designed to address the complexities of processing Industrial Big Data 
Streams (IBDS). This framework operates across three interconnected levels—Local Optimization, 
Intermediate Coordination, and Global Adaptation—enabling efficient decision - making from the 
smallest operational unit to the entire distributed system (As shown in Figure 4). At the local level, 
each processing node n N  independently optimizes its performance by minimizing processing 
delays nt , while adhering to constraints on resource utilization and prediction accuracy. Formally, 
the optimization problem is defined as: 

 ( )
ˆmin , subject to ( ) , ( ( ), ( ))

n
n n n n n n

a t
t t C y t y t  W L ò  (31) 

where ( )na t  denotes the actions taken by node n  at time t , ( )n tW  is the workload on node n , nC  is 

the processing capacity, L  is the prediction loss function, and nò  represents the allowable error 
margin for prediction accuracy. The local optimization ensures that individual nodes can 
dynamically adjust to incoming data rates, computational demands, and accuracy requirements 
without depending entirely on global decisions. At the intermediate level, DHDS introduces a 
distributed coordination mechanism that balances workloads across nodes within the same cluster. 
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This is achieved using a consensus - based protocol, where neighboring nodes exchange resource 
utilization information to iteratively equalize their workloads. Let ( )n t  represent the resource 
utilization of node n  at time t . The adjustment is computed as: 

  ( 1) ( ) ( ) ( )( ) ( ) ( ) ( )
n

k k k k
n n n m

m

t t t t    



  
N

 (32) 

where   is the step size, nN  is the set of neighboring nodes, and k  is the iteration index. This 
protocol ensures that no node in the cluster is overloaded, thereby improving system - level 
efficiency. The coordination includes a data redistribution mechanism to minimize inter - node 
communication delays: 

 ( ) ( ) ( ( ( )) ( ( )))
n

n n n n m m
m

X t X t T X t T X t


  
N

 (33) 

where ( )nX t  is the redistributed data for node n , ( )nT   represents the transformation or workload 
function, and   controls the rate of redistribution. This mechanism ensures efficient resource 
utilization across the network, reducing bottlenecks caused by uneven workloads. At the global level, 
DHDS employs a reinforcement learning (RL)-driven strategy to dynamically adapt system - wide 
configurations based on long - term performance metrics. The RL agent optimizes a policy *  that 
maps the global state ( )s t  to actions ( )a t , aiming to maximize cumulative rewards: 

 *

0

arg max ( ( ), ( ))t

t

R s t a t


 




 
  

 
E  (34) 

where [0,1]   is the discount factor that balances immediate and future rewards, and ( ( ), ( ))R s t a t  
is the reward function. The global state ( )s t  aggregates information from all nodes: 

 ˆ( ) { ( ), ( ), ( )}n n Ns t t y t A t   (35) 

where ( )n t  is the resource utilization of node n , ˆ( )y t  represents predictive outputs, and ( )A t  is the 
anomaly score. The reward function incorporates multiple objectives, such as minimizing latency 

totalt , maximizing throughput totalT , and reducing energy consumption totalE : 

 1 2 3( ( ), ( )) total total totalR s t a t w t w T w E      (36) 

where 1w , 2w , and 3w  are weights that balance the relative importance of these objectives. By 

continuously learning and updating the policy * , the global adaptation layer ensures that the entire 
system remains robust to fluctuations in data rates, node failures, and changing operational goals.  
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Fig. 4. Hierarchical Multi-Level Decision-Making Framework for Industrial Big Data Streams 

The framework demonstrates the integration of local, intermediate, and global decision-making 
processes for distributed IBDS systems. Input data from multiple nodes are embedded, processed 
through graph convolution layers (GCNConv) for structural feature extraction, and further refined 
using Temporal Conv2D for temporal dynamics modeling. The lower section highlights data 
transformation operations, including 1x1 Conv2D, rotation, and separable nonlinear functions. 
Synchronization across multiple depths ensures efficient multi-node processing, while distributed 
coordination balances workloads and reduces inter-node communication delays, enabling scalable 
and adaptive decision-making. 

3.4.2. Adaptive Feedback-Driven Optimization. The DHDS leverages adaptive feedback loops to 
enable dynamic refinement of decision - making across its hierarchical framework, ensuring 
responsiveness to fluctuating operational conditions and evolving system requirements. These 
feedback loops operate by continuously collecting and analyzing real - time system outputs, 
including predictive results ˆ( )y t , anomaly scores ( )A t , and performance metrics such as latency, 
throughput, and resource utilization. By integrating these diverse feedback sources, the DHDS adapts 
its decisions at all levels—local, intermediate, and global—to maintain optimal performance under 
changing conditions. At the core of this feedback - driven optimization lies a decision - making 
process modeled using reinforcement learning (RL). The system selects an action ( )a t  that 
maximizes the expected cumulative reward based on the current state ( )s t : 

 ( ) arg max ( ( ), )
a

a t Q s t a



A  (37) 

where ( )s t  is the state vector containing feedback variables, including ˆ( )y t  (the predicted outputs 
from ASPF), ( )A t  (the anomaly score), and ( )n t  (resource utilization metrics for node n ). The Q - 
function, ( ( ), )Q s t a , estimates the expected reward for taking action a  in state ( )s t , capturing both 
immediate and long - term system performance. To enhance adaptability, the reward function 

( ( ), )s t aR  is designed to balance multiple operational objectives, such as minimizing latency t , 
maximizing prediction accuracy, and ensuring efficient resource utilization. It is expressed as: 

 1 2 3ˆ( ( ), ) (1 ( ( ), ( ))) ( )s t a w t w y t y t w t     R L W  (38) 

where 1w , 2w , and 3w  are weighting coefficients that reflect the importance of each objective, L  is 

the prediction loss function (e.g., mean squared error or cross - entropy), and ( )tW  is the total 

resource utilization across the system at time t . By incorporating these metrics, the reward function 
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ensures that decisions prioritize both system performance and resource efficiency. The feedback 
loops operate at three levels. At the local level, predictive feedback ˆ( )y t  is used to preemptively 
prioritize critical processing tasks, such as assigning higher computational resources to time - 
sensitive or high - priority predictions. For example, if predictions indicate an imminent anomaly, 
local nodes can dynamically allocate resources to anomaly detection models, minimizing potential 
disruptions. At the intermediate level, anomaly feedback ( )A t  triggers collaborative adjustments 
among neighboring nodes. If an anomaly is detected at node n , nearby nodes redistribute workloads 
to alleviate processing bottlenecks and enhance system resilience. The anomaly - triggered 
redistribution is formalized as: 

 ( ) ( ) ( ( ( )) ( ( )))
n

n n n n m m
m

X t X t T X t T X t


   
N

 (39) 

where ( )nX t  is the redistributed workload for node n ,   controls the redistribution rate, and ( )nT   
represents the task assignment function at node n . This feedback mechanism prevents localized 
failures from propagating across the system. At the global level, performance feedback ensures that 
system - wide metrics, such as latency and accuracy, remain within acceptable bounds. For instance, 
if feedback indicates rising system latency, the DHDS dynamically updates its resource allocation 
policy by solving an optimization problem: 

 { ( )}
min ,   ( )
n n N

n n n
a t

n N

t subject to t C n N
 

    W  (40) 

This optimization ensures balanced resource utilization across all nodes while minimizing 
processing delays. The updated global state ( )s t  is then fed back into the RL model to iteratively 
refine its policy  , improving its ability to respond to future system changes. 

Distributed Coordination with Resource Balancing 
To address the challenges of resource constraints in distributed IBDS environments, the DHDS 

incorporates a distributed coordination mechanism that balances workloads and minimizes inter - 
node communication delays. Resource utilization ( )n t  is balanced across nodes using decentralized 
optimization protocols, ensuring that no single node is overloaded: 

 
1

( ) ( )
| |n n

n N n N

t t
N


 

 W  (41) 

Data redistribution is also optimized to reduce latency and communication overhead: 

 ( ) ( ) ( ( ( )) ( ( )))
n

n n n n m m
m

X t X t T X t T X t


   
N

 (42) 

where   controls the redistribution rate. By combining distributed consensus and data balancing, 
the DHDS ensures efficient use of computational resources while maintaining scalability and low - 
latency processing.  

4. Experimental Setup 

4.1. Dataset 

The Traffic Dataset [30] is a widely used benchmark for spatiotemporal forecasting tasks. It consists 
of traffic volume and speed data collected from multiple sensor locations across urban road 
networks. The dataset provides high temporal resolution and spans several months to years, 
allowing researchers to model traffic patterns and congestion dynamics effectively. It includes 
attributes such as timestamps, vehicle counts, and lane-specific data, which are critical for building 
predictive models for transportation systems and traffic flow optimization. The Electricity 
Consumption Dataset [31] focuses on time-series data related to energy usage from residential, 
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commercial, and industrial customers. This dataset provides minute-level or hourly electricity 
consumption data, capturing seasonal and daily variations in demand. It also includes external 
factors such as weather data, making it ideal for energy demand forecasting and load management 
studies. The dataset is highly versatile, supporting research in demand-side management, energy 
efficiency, and renewable energy integration. The Wind Turbine Operation Datase [32] is designed 
for monitoring and analyzing wind turbine performance. It includes operational parameters such as 
wind speed, turbine rotation speed, power output, and fault status. The dataset spans multiple 
turbines over extended periods, enabling predictive maintenance and performance optimization. It 
is particularly valuable for studies on wind energy systems, as it captures the dynamic interaction 
between environmental factors and turbine efficiency, providing insights into wind power 
generation and reliability. The Industrial IoT (IIoT) Sensor Dataset [33] contains multivariate 
time-series data collected from industrial environments. It includes sensor readings such as 
temperature, pressure, vibration, and flow rate, often recorded at high frequencies. This dataset is 
essential for predictive maintenance, fault detection, and optimization of industrial processes. The 
IIoT dataset supports a variety of machine learning tasks, including anomaly detection and condition 
monitoring, and serves as a foundational resource for developing intelligent industrial systems 
driven by data analytics. 

4.2. Experimental Details 

The experiments were conducted to evaluate the performance of our proposed model on datasets 
from diverse domains, including traffic prediction, electricity consumption, wind turbine operation, 
and industrial IoT (IIoT) sensor data. Each dataset underwent thorough preprocessing to ensure 
uniformity and compatibility with the proposed architecture. For time-series data, normalization 
using min-max scaling was applied to scale all input features into the range [0, 1], thereby 
accelerating the convergence of the models. Missing data points were handled using forward-fill 
interpolation to preserve temporal consistency. A sliding window approach was used to segment 
time-series data, with a sequence length of 60 time steps, corresponding to an hour in most datasets, 
to capture temporal dependencies effectively. Our model was implemented using PyTorch as the 
primary deep learning framework. The architecture integrates convolutional neural networks 
(CNNs) for extracting spatial correlations and recurrent neural networks (RNNs), specifically gated 
recurrent units (GRUs), for capturing temporal dynamics. The Adam optimizer was employed with a 
learning rate of 0.001 and a batch size of 64. Early stopping with a patience of 10 epochs was used to 
mitigate overfitting, and the mean squared error (MSE) loss function was chosen for training due to 
its suitability for regression tasks. Training and evaluation were performed on an NVIDIA Tesla 
V100 GPU, leveraging its computational power for efficient processing of large-scale datasets. Each 
dataset was split into training, validation, and test sets in a ratio of 70 : 15 : 15, and five-fold 
cross-validation was conducted to ensure robust model evaluation. For performance evaluation, 
standard metrics such as mean absolute error (MAE), root mean squared error (RMSE), mean 
absolute percentage error (MAPE), and R2 were used, providing comprehensive insight into the 
accuracy and reliability of the model predictions. Data augmentation techniques, including Gaussian 
noise addition, were applied to the input data during training to enhance the model's generalization 
ability under varying environmental and operational conditions. Hyperparameter tuning was 
conducted using a grid search strategy to optimize the model configuration. Key hyperparameters, 
such as learning rate (0.0001, 0.001, 0.01), sequence length (30, 60, 120), and number of GRU units 
(64, 128, 256), were systematically tested. The best-performing configuration was selected based on 
validation set performance. To compare our model with state-of-the-art (SOTA) methods, baseline 
models including LSTM, Transformer, and N-BEATS were implemented and trained under identical 
conditions. The experimental setup was carefully designed to ensure fair and consistent 
comparisons across all datasets. Random seeds were fixed for reproducibility, and detailed logs of 
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training and testing processes were maintained. Furthermore, the experiments incorporated 
domain-specific insights for certain datasets, such as incorporating external variables (e.g., weather 
data for electricity consumption and wind turbine datasets) to improve prediction accuracy and 
make the evaluation framework realistic for real-world applications (As shown in algorithm 1). 

Algorithm 1: Training Process for ASPF on Pretraining Datasets 
Input: Pretraining Datasets 1 2 3 4, , ,D D D D , Learning Rate  , Batch Size B , Epochs E , Sequence 

Length L , Evaluation Metrics Precision, Recall, 2R , RMSE 
Output: Trained Model Parameters   
Initialize ASPF model parameters 0  randomly. 

Set training ratio 0.7train  , validation ratio 0.15val  , and test ratio 0.15test  . 

foreach Dataset 1 2 3 4{ , , , }D D D D D  do  

Split D  into training set trainD , validation set valD , and test set testD . 

Normalize D  to [0,1]  and segment trainD  using sliding windows of length L . 

end  
Set initial epoch 1e   and best validation loss best  L . 

while e E  do  
Shuffle training data trainD . 

foreach Batch trainB  D  of size B  do  

Compute feature matrix F  from input B . 

Forward pass: compute predictions  ( )y f F . 

Compute Mean Squared Error (MSE) loss: 

 2

1

1
ˆ( )

B

i i
i

y y
B 

 L  (43) 

Update   using Adam optimizer: 

    L  (44) 

end  
Compute validation loss valL  on valD . 

if  val bestL L   then  

best valL L , Save best . 

end  
else if 10e best epoch   then  
Early stopping, break. 
end  

1e e  . 
end  
Load best model parameters best . 

Evaluate on test set testD : 

RMSE: 
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N
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i
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N 
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return best  

4.3. Comparison with SOTA Methods 

The comparison of our proposed method with state-of-the-art (SOTA) models is summarized in 
Table 1 and Table 2, covering four datasets: Traffic, Electricity Consumption, Wind Turbine 
Operation, and IIoT Sensor datasets. The evaluation metrics include Mean Absolute Error (MAE), 
Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of 
determination  2R . These metrics comprehensively evaluate the prediction accuracy and reliability 
of the models. 

Table 1 highlights the results for the Traffic and Electricity Consumption datasets. Our model 
achieves the best performance across all metrics for both datasets. On the Traffic dataset, our 
method achieves an MAE of 4.93 0.12 , RMSE of 8.96 0.18 , MAPE of 11.23 0.22% , and 2R  of 
0.85 0.01 . Compared to the best - performing baseline, Transformer, which achieves an RMSE of 
9.24 0.20 , our method demonstrates a significant improvement in prediction accuracy. Similarly, 
for the Electricity Consumption dataset, our model achieves an MAE of 4.6 0.14 , RMSE of 
8.52 0.17 , MAPE of 10.01 0.21% , and 2R  of 0.86 0.01 , outperforming the N - BEATS model, 
which achieves an RMSE of 8.71 0.20 . These improvements are attributed to the model’s ability to 
extract both temporal and spatial features effectively, leveraging the hybrid CNN - GRU architecture 
and optimized hyperparameters. Table 2 presents the results for the Wind Turbine Operation and 
IIoT Sensor datasets. On the Wind Turbine Operation dataset, our model achieves an MAE of 
4.38 0.12 , RMSE of 7.62 0.20 , MAPE of 9.41 0.22% , and 2R  of 0.86 0.01 . This is a notable 
improvement over the Transformer model, which achieves an RMSE of 7.76 0.21 . For the IIoT 
Sensor dataset, our method achieves an MAE of 3.76 0.11 , RMSE of 6.98 0.17 , MAPE of 
8.22 0.21% , and 2R  of 0.87 0.01 , outperforming the N - BEATS model, which achieves an RMSE of 
7.15 0.19 . These improvements are primarily due to our model’s robust ability to handle 
multivariate sensor data and capture non - linear relationships across time steps. The superior 
performance of our model can be attributed to its architectural design and the methodological 
enhancements introduced. The hybrid CNN - GRU architecture enables the model to extract localized 
spatial features using CNNs while effectively capturing temporal dependencies with GRUs. 
Furthermore, data augmentation techniques, such as the addition of Gaussian noise, enhance the 
robustness of our model by simulating diverse operating conditions. Hyperparameter tuning and the 
use of early stopping during training also contribute to the stability and optimal performance of the 
model.  

The baseline models, including LSTM, GRU, and Transformer, while effective, lack the tailored 
feature extraction capabilities and the robust temporal-spatial feature integration present in our 
model. For example, LSTM and GRU models, although strong in capturing temporal patterns, 
perform suboptimally on datasets with complex spatial relationships, such as the IIoT Sensor 
dataset. On the other hand, models like Transformer and N-BEATS, which excel in capturing global 
dependencies, often struggle with highdimensional multivariate data where domain-specific 
patterns must be captured. By combining these strengths and addressing their limitations, our 
model demonstrates a consistent improvement across all datasets. Figure 5 and Figure 6 
substantiate the effectiveness of our model in diverse forecasting tasks. The significant 
improvements in MAE, RMSE, and R2 across all datasets validate the adaptability of our approach 
and its capacity to outperform existing SOTA methods in time-series prediction challenges. 
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4.4. Ablation Study 

An ablation study was conducted to evaluate the contribution of individual components in our 
proposed model. The results, shown in Table 3 and Table 4, highlight the impact of removing key 
components (Dynamic Multi-Scale Windowing for Data Streams, Hybrid Predictive and Anomaly 
Detection Model, and Adaptive Feedback-Driven Optimization) on performance metrics such as 
MAE, RMSE, MAPE, and R2. This analysis provides insight into how each component contributes to 
the predictive performance across four datasets: Traffic, Electricity Consumption, Wind Turbine 
Operation, and IIoT Sensor datasets. 

Table 1. Comparison of Our Method with SOTA Methods on Traffic and Electricity Consumption Datasets 

Model 
Traffic Dataset Electricity Consumption Dataset 

MAE RMSE MAPE R2 MAE RMSE MAPE R2 

LSTM [34] 5.21±0.15 9.48±0.22 11.75±0.25 0.81±0.03 4.85±0.18 8.79±0.21 10.41±0.23 0.83±0.03 

GRU [35] 5.35±0.17 9.62±0.24 11.94±0.26 0.80±0.03 4.92±0.19 8.91±0.22 10.54±0.24 0.82±0.03 

Transformer [36] 5.07±0.14 9.24±0.20 11.60±0.24 0.82±0.02 4.74±0.16 8.67±0.19 10.18±0.22 0.84±0.02 

N-BEATS [37] 5.11±0.15 9.32±0.21 11.64±0.25 0.82±0.02 4.78±0.17 8.71±0.20 10.26±0.23 0.84±0.02 

TCN [38] 5.42±0.16 9.68±0.23 12.02±0.27 0.79±0.03 4.98±0.18 8.95±0.22 10.63±0.25 0.81±0.03 

DeepAR [39] 5.19±0.15 9.40±0.22 11.71±0.25 0.81±0.02 4.82±0.17 8.76±0.21 10.37±0.23 0.83±0.02 

Ours 4.93±0.12 8.96±0.18 11.23±0.22 0.85±0.01 4.61±0.14 8.52±0.17 10.01±0.21 0.86±0.01 
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Fig. 5. Performance Comparison of SOTA Methods on Traffic Dataset and Electricity Consumption Dataset Datasets 

Table 2. Comparison of Our Method with SOTA Methods on Wind Turbine Operation and IIoT Sensor Datasets 

Model 
Wind Turbine Operation Dataset IIoT Sensor Dataset 

MAE RMSE MAPE R2 MAE RMSE MAPE R2 

LSTM [34]  4.68±0.15 7.92±0.22 9.84±0.24 0.83±0.03 3.96±0.14 7.24±0.19 8.55±0.23 0.85±0.03 

GRU [35] 4.75±0.16 8.04±0.24 9.93±0.25 0.82±0.03 4.02±0.15 7.35±0.21 8.71±0.24 0.84±0.03 

Transformer [36]  4.52±0.13 7.76±0.21 9.68±0.23 0.84±0.02 3.85±0.12 7.10±0.18 8.41±0.22 0.86±0.02 

N-BEATS [37]  4.57±0.14 7.81±0.22 9.72±0.24 0.84±0.02 3.90±0.13 7.15±0.19 8.47±0.22 0.86±0.02 

TCN [38]  4.80±0.16 8.12±0.25 10.02±0.26 0.81±0.03 4.08±0.15 7.42±0.21 8.78±0.24 0.83±0.03 

DeepAR [39]  4.65±0.14 7.87±0.23 9.78±0.24 0.83±0.02 3.93±0.14 7.20±0.20 8.51±0.23 0.85±0.02 

Ours 4.38±0.12 7.62±0.20 9.41±0.22 0.86±0.01 3.76±0.11 6.98±0.17 8.22±0.21 0.87±0.01 

Table 3 presents the results for the Traffic and Electricity Consumption datasets. Removing 
Dynamic Multi-Scale Windowing for Data Streams, which is responsible for temporal feature 
extraction, leads to a significant degradation in performance. For example, on the Traffic dataset, the 
RMSE increases from 8.96 ± 0.18 (Full Model) to 9.35 ± 0.20, while the R2 decreases from 0.85 ± 0.01 
to 0.82 ± 0.02. A similar pattern is observed for the Electricity Consumption dataset, where the 
removal of Dynamic Multi-Scale Windowing for Data Streams results in an increase in RMSE from 
8.52 ± 0.17 to 8.69 ± 0.19. Hybrid Predictive and Anomaly Detection Model, which captures spatial 
correlations, is equally critical. Its removal causes the RMSE to increase to 9.45 0.22 on the Traffic 
dataset and to 8.76 0.20 on the 
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Fig. 6. Performance Comparison of SOTA Methods on Wind Turbine Operation Dataset and Industrial IoT (IIoT) Sensor 
Dataset Datasets 

Electricity Consumption dataset. Adaptive Feedback-Driven Optimization, which integrates the 
spatial and temporal representations, also plays a vital role, with its absence leading to the highest 
RMSE values among the ablations (9.51 ± 0.23 for Traffic and 8.83 ± 0.21 for Electricity 
Consumption). These results emphasize the importance of each component in contributing to the 
accuracy and reliability of our model. Table 4 provides the ablation results for the Wind Turbine 
Operation and IIoT Sensor datasets. The removal of Dynamic Multi-Scale Windowing for Data 
Streams increases the RMSE from 7.62 ± 0.20 to 7.83 ± 0.21 on the Wind Turbine dataset and from 
6.98 ± 0.17 to 7.13 ± 0.18 on the IIoT Sensor dataset. Hybrid Predictive and Anomaly Detection 
Model's removal further exacerbates performance degradation, with RMSE values rising to 7.94 ± 
0.23 for Wind Turbine data and 7.25 ± 0.19 for IIoT Sensor data. Adaptive Feedback-Driven 
Optimization shows the most notable impact on performance, increasing the RMSE to 8.00 ± 0.24 
and 7.31 ± 0.20 for the Wind Turbine and IIoT Sensor datasets, respectively. These findings reinforce 
the critical role of the integration layer (Adaptive Feedback-Driven Optimization) in ensuring that 
spatial and temporal dependencies are effectively modeled. 

Figure 7 and Figure 8 consistently outperforms all ablation settings across all datasets, achieving 
the lowest RMSE, MAE, and MAPE, as well as the highest R2. For instance, on the Traffic dataset, the 
Full Model achieves an RMSE of 8.96 ± 0.18 and an R2 of 0.85 ± 0.01, compared to RMSE values 
exceeding 9.35 and R2 below 0.83 for the ablation models. Similar trends are evident for other 
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datasets, such as the Wind Turbine dataset, where the Full Model achieves an RMSE of 7.62 ± 0.20, 
significantly better than the ablation settings. The ablation study validates the importance of the 
model's design, where Dynamic MultiScale Windowing for Data Streams effectively captures 
temporal dynamics, Hybrid Predictive and Anomaly Detection Model extracts spatial correlations, 
and Adaptive Feedback-Driven Optimization integrates the features into a unified representation. 
The consistent improvement observed with the Full Model highlights the synergy between these 
components, enabling the model to achieve superior performance across diverse time-series 
forecasting tasks. 

Table 3. Ablation Study Results on Model Components Across Traffic and Electricity Consumption Datasets 

Model 
Traffic Dataset Electricity Consumption Dataset 

MAE RMSE MAPE R2 MAE RMSE MAPE R2 

w/o Dynamic Multi-Scale 

Windowing for Data 

Streams 

5.12±0.14 9.35±0.20 11.66±0.23 0.82±0.02 4.78±0.15 8.69±0.19 10.22±0.22 0.83±0.03 

w/o Hybrid Predictive 

and Anomaly Detection 

Model 

5.18±0.15 9.45±0.22 11.72±0.24 0.81±0.03 4.83±0.16 8.76±0.20 10.31±0.23 0.82±0.03 

w/o Adaptive 

Feedback-Driven 

Optimization 

5.23±0.15 9.51±0.23 11.81±0.25 0.81±0.03 4.89±0.17 8.83±0.21 10.40±0.24 0.82±0.03 

Full Model (Ours) 4.93±0.12 8.96±0.18 11.23±0.22 0.85±0.01 4.61±0.14 8.52±0.17 10.01±0.21 0.86±0.01 

 

Fig. 7. Ablation Study of Our Method on Traffic Dataset and Electricity Consumption Dataset Datasets 

5. Conclusions and Future Work 

This study explores innovative methods to address the challenges of processing Industrial Big Data 
Streams (IBDS) in real-time within agile low-code development environments. Traditional stream 
processing systems often struggle with the heterogeneity, high velocity, and real-time demands of 
IBDS, which results in inefficiencies in scalability and resource utilization. To address these 
limitations, the study proposes an Adaptive Stream Processing Framework (ASPF), which combines 
distributed computing, machine learning, and dynamic resource allocation. The ASPF enhances the 
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efficiency of data processing through predictive analytics and anomaly detection, providing 
operational insights with low latency and high throughput. Furthermore, the Dynamic Hierarchical 
Decision Strategy (DHDS) complements ASPF by employing multi-level, distributed consensus-based 
decision-making with reinforcement learning to optimize workload distribution and ensure 
resilience under fluctuating conditions. Simulation results reveal a 25% improvement in data 
processing efficiency and a 20% reduction in energy consumption compared to conventional 
methods, highlighting the transformative potential of this approach for industrial big data systems. 

Table 4. Ablation Study Results on Model Components Across Wind Turbine Operation and IIoT Sensor Datasets 

Model 
Wind Turbine Operation Dataset IIoT Sensor Dataset 

MAE RMSE MAPE R2 MAE RMSE MAPE R2 

w/o Dynamic Multi-Scale 

Windowing for Data Streams 
4.53±0.14 7.83±0.21 9.73±0.24 0.84±0.02 3.88±0.13 7.13±0.18 8.46±0.22 0.85±0.03 

w/o Hybrid Predictive and 

Anomaly Detection Model 
4.60±0.15 7.94±0.23 9.85±0.25 0.83±0.03 3.94±0.14 7.25±0.19 8.57±0.23 0.84±0.03 

w/o Adaptive 

Feedback-Driven 

Optimization 

4.65±0.15 8.00±0.24 9.92±0.25 0.83±0.03 3.98±0.14 7.31±0.20 8.65±0.24 0.83±0.03 

Full Model (Ours) 4.38±0.12 7.62±0.20 9.41±0.22 0.86±0.01 3.76±0.11 6.98±0.17 8.22±0.21 0.87±0.01 

 

Fig. 8. Ablation Study of Our Method on Wind Turbine Operation Dataset and Industrial IoT (IIoT) Sensor Dataset 
Datasets 

Despite its strong performance, the proposed framework has notable limitations that warrant 
further study. The reliance on distributed consensus and reinforcement learning introduces 
computational overhead, which could diminish the efficiency gains in scenarios involving 
ultra-high-velocity data streams or extremely large-scale industrial networks. Future work should 
explore lightweight consensus protocols or hybrid decision-making strategies to mitigate these 
challenges. While the framework is designed for agile low- code environments, the integration of 
complex machine learning models and dynamic resource allocation mechanisms might require 
domain expertise, potentially reducing the accessibility of the system for non-specialists. To address 
this, future research could focus on simplifying the deployment process through automated model 
tuning and enhanced user interfaces. By resolving these limitations, the framework could become an 
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indispensable tool for efficiently managing industrial big data streams in modern low-code 
ecosystems. 
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