Journal of Applied Automation Technologies
Real-Time Edge Computing Framework for lloT-Driven Industrial Automation

Grzegorz Gnat" " and Urszula Fafara?

1 Faculty of Automation Technology, University of Applied Sciences in Pila, Pila, 64-920, Poland
2 Faculty of Electrical and Automatic Control, University of Silesia in Katowice, Katowice, 40-007, Poland
*Corresponding author: grzegorz.g@wsz-pila.pl

Abstract. As the industrial automation environment changes, people will need to perform real-time data analysis and make
quick decisions. This paper proposes a highly scalable edge computing platform to meet the demanding requirements of the
Industrial Internet of Things (IloT) for high-load workloads, device diversity, and low-latency access. In this framework,
prediction, resource-aware scheduling, and dynamic task offloading are the three levels. In the experiments, an industrial-
grade hardware testing platform will be used to test all environments. According to the above results, the proposed system
achieves an end-to-end latency of less than 20 milliseconds, a 25% increase in peak load throughput, and a 46% reduction in
bandwidth consumption for edge-to-cloud transmission compared to traditional methods. The system performs well under
resource constraints and is relatively resilient to network and device failures. This article provides theoretical support and
practical examples to help establish intelligent, reliable, and efficient industrial automation at the network edge. The above
results can be used for the development of future autonomous industrial platforms and next-generation digital factories.

Keywords: Edge Computing, Industrial Internet of Things, Real-Time Scheduling, Resource Management, Automation Systems

Received on 25 January 2025, Accepted on 09 July 2025, Published on 15 July 2025

Copyright © 2025 Author(s), licensed to JAAT. This is an open access article distributed under the terms of the
CC BY-NC-SA 4.0, which permits copying, redistributing, remixing, transformation, and building upon the
material in any medium so long as the original work is properly cited.

Introduction

With the rapid development of the Industrial Internet of Things (lloT) and next-generation automation
technologies, many fields have undergone significant changes on a global scale. Due to the application of
widespread sensors, distributed actuators, and interconnected embedded systems, manufacturing workshops
and other critical infrastructures will generate a large amount of time-sensitive, high-capacity, and diverse data
[1]. With the development of society, the demand for flexible production systems that are adaptable, have low
equipment failure rates, and can quickly respond to changes in market demand has increased [2]. Currently, the
ability to process real-time data and support intelligent decision-making is an important component of future
industrial competitiveness and stability [3]. Edge computing is increasingly being used to apply computing,
storage, and intelligent positioning closer to on-site devices, thereby improving response speed, reducing
bandwidth consumption, and supporting mission-critical applications that require low latency and high reliability
[4]. As the global digital transformation and Industry 4.0 initiatives continue to advance, edge computing
architectures are increasingly being regarded as strategic assets, as they provide a pathway to resilient supply
chains for autonomous manufacturing, predictive maintenance, and more [5]. With the development of
embedded artificial intelligence and microelectronics technology, edge devices are rapidly becoming
widespread. These devices can now also achieve real-time automation and data-driven optimization at the
network edge [6]. With the continuous development of edge intelligence, the demand for high-speed and
reliable edge industrial data management, analysis, and application is increasing [7].

In the actual application of industrial edge computing, there are still many issues. Generally speaking,
manufacturing environments often change due to variations in network, resource conditions, various devices,
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and workloads [8]. Traditional cloud-based or centralized automation systems often encounter communication
bottlenecks, making it impossible to provide deterministic, low-latency responses under high load or failure
conditions [9]. In distributed edge environments, the inefficiency of task scheduling, real-time resource control
during high demand periods, and slow response to frequently changing operational conditions are currently the
main technical issues. Current edge frameworks are often constrained by fixed schedules, making it difficult to
flexibly allocate workloads. This leads to low latency, high system throughput, and efficient resource utilization
[10]. A good system should be secure, have good data protection, and comply with all relevant regulations to
accommodate high-risk applications. The aforementioned reasons indicate that lloT-based automation requires
new structures and algorithms to meet the demands of real-time performance, high reliability, and large-scale
development.

This paper will conduct a comprehensive study on the real-time edge computing framework for industrial
automation based on loT technology to address the aforementioned issues. In order to meet the high demands
of complex industrial workflows for low latency, high reliability, and adaptive operations, this study adopts a
small-scale and flexible system architecture that supports the application of resource-aware scheduling and
dynamic task offloading algorithms. Optimize the system and algorithms, and develop new pathways for various
operational environments to increase throughput, enhance energy efficiency, and more stably manage workload
fluctuations. The above results have been extensively validated Through experiments, indicating that modern
industrial edge solutions are both practical and feasible. This article aims to lay the foundation for intelligent,
fast, and robust industrial automation in the era of the Internet of Things, based on the comprehensive issues,
unresolved problems, and practical outcomes of current trends.

Literature Review

Evolution of Edge Computing in Automation

With the rise of the Industrial Internet of Things (lloT), more and more factories are connecting together, and
intelligent production platforms are emerging [11]. The new production sites' requirements for real-time
analysis and adaptability cannot be met by the initial automation infrastructure, which is based on older
programmable logic controllers and rigid network structures [12]. As inter-machine communication increases,
decentralized intelligence and low-latency processing become necessary to reduce the distance between
actuators, sensors, and control logic [13]. New Industrial Internet of Things (lloT) systems currently use a large
number of different edge nodes. These edge nodes support a universal communication model to enhance
flexibility and compatibility in complex applications [14]. By containerizing microservices and edge gateways,
the flexibility of system deployment and maintenance can be improved without interrupting critical production
processes [15].

Task Scheduling Techniques for Industrial loT

Due to resource heterogeneity and workload fluctuations, industrial 10T task scheduling requires timely and
accurate coordination [16]. Early static scheduling methods using priority lists or fixed resources are not suitable
for the constantly changing conditions of industrial production [17]. Dynamic and adaptive scheduling
frameworks are relatively new, utilizing system feedback and resource conditions to improve efficiency and
speed [18]. Distributed scheduling allows multiple edge nodes to share workloads and improve the system's
network fault tolerance capability [19]. Distributed implementation needs to consider the balance between
global optimization and local response speed [20]. Offloading complex tasks to more powerful devices or cloud
platforms can improve energy efficiency and meet the requirements for a certain level of low latency in edge
computing [21].

Performance Bottlenecks in Real-Time Applications

Despite some progress in design and algorithms, real-time edge computing in industrial automation still faces
many performance issues that need to be addressed [22]. Ultra-low latency has not been achieved because a
large number of industrial l1oT applications lead to high data congestion and communication delay fluctuations
[23]. Critical industrial processes, including extensive robot control and rapid defect detection, require real-time
and accuracy. Otherwise, if edge resources are insufficient or network conditions are unstable, the system may
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not operate properly [24]. Large-scale systems increase coordination issues and are more prone to failures,
which can lead to chain reactions or unacceptable delays [25]. In order to ensure the stability, efficiency, and
safety of the next generation of industrial automation, it is necessary to develop and use highly reliable
architectures, scalable scheduling algorithms, and intelligent fault handling mechanisms.

Framework and Algorithmic Methods

Architecture Overview

In the new edge computing model, the main requirements for industrial automation include excellent real-time
performance, broad support for various devices, and outstanding load adaptability under various load conditions.
For critical systems with high real-time requirements, traditional cloud-based architectures are centralized and
have poor round-trip latency performance. This design decentralizes intelligence at the edge to improve control
loop speed and data propagation efficiency.

The system has three logical layers, from bottom to top: the physical layer, which includes actuators and
industrial sensors in the factory environment; the edge layer, which consists of smart edge nodes made up of
embedded accelerators and multi-core processors; and the cloud layer, used for global process optimization,
large-scale in the edge layer of the first new architecture, there is an orchestration engine. This engine can
control resource-aware scheduling and adaptive task offloading. The engine continuously gathers resource data
and traffic information, and then allocates computing tasks based on this data.

The physical layer connects to the edge layer Through high-speed industrial protocols to send continuous data
streams and event-driven interrupts. After applying the Al model locally, the edge controller will process the
received signals and filter out noise. Then, it will be transmitted over the network. Only abnormal patterns or
aggregated state vectors will be uploaded to the cloud asynchronously, and control commands will be returned
to the actuators at shorter intervals based on edge-to-cloud feedback.

At each level, there is a relatively reliable security module. The edge layer can independently handle login, data
integrity verification, and communication encryption. The distributed state management subsystem can ensure
system stability and switching in the event of partial network failures. Essentially, this design supports
containerized software deployment and over-the-air upgrade models, thereby reducing operational friction
during the industrial system upgrade process.

Compared to traditional structures, this approach reduces control latency, limits bandwidth usage, and can
quickly address new local issues. Figure 1 shows the overall structure and connection methods of the edge
computing industrial automation architecture.
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Figure 1. Edge Computing Architecture for Industrial Automation.
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Resource-Aware Scheduling Algorithms

In order to fully utilize the distributed industrial edge platform, real-time scheduling is crucial. The scheduling
scheme clearly simulates the distribution of heterogeneous resources in the industrial Internet of Things and
the arrival of random jobs. Processing units, memory, and local energy budgets are all included in the fixed
resource vector of each edge node. The occurrence of control or analysis tasks follows a non-homogeneous
Poisson process, and changes in the environment and demand can affect the arrival interval of events.

In the case of strict real-time deadlines and constrained computations, the scheduling objectives combine
system-wide task delays and energy consumption. In the decision engine, the resource monitor predicts the
future state of the edge nodes. In the online optimization algorithm, this estimate is used to solve a constrained
minimization problem at each decision step:

Let L,, represent the total processing latency for edge node n, E,, the energy consumed per task, and w;, w,
trade-off weights. The cost function to minimize is:

d= Z WyLn + W3 Ey) Eq.(1)

under real-time and resource availability constraints.

Subject to capacity constraint:

tn

Z T < Gy Eq.(2)

i=1
where 13,; is the resource demand of task i at node n, C,, the total capacity.

For deadline adherence:

Vi, Ly + Qni < D; Eq.(3)
where Q,; denotes edge queuing delay for task i, and D; its hard deadline.

The expected queue evolution across all edge nodes is

Qn(t +1) = max{0, Qu(t) + A, (t) — un(t)} Eq.(4)
with 4,,(t) the arrival rate and p, (t) the service rate at node n.

For multi-resource fairness, a convex allocation function is introduced, ensuring that allocation a,; for each
resource dimension does not starve critical tasks:

min Z ¢(a,;) subject toz Ay < Cy Eq.(5)
a
7

i

with ¢ () a logarithmic fairness penalty.

The final scheduling decision at time step t is given by the optimal assignment matrix:

$*(t) = arg minJ(S; R(®), P(t) Eq.(6)
where J is the global cost function dependent on the assignment strategy S, predicted resource states f?(t),

and dynamic resource price vector P(t). The solution is produced by an iterative approximation method that
alternately refines predictions and resource price multipliers until convergence is achieved.

The above formula is used to construct a hybrid decision-making engine. In order to achieve energy efficiency
and fairness, the engine combines short-term greedy optimization to handle urgent tasks with long-term utility
balance. Clearly model the uneven distribution of resources and workload peaks to ensure reliable real-time
operation and high scheduling accuracy under overload conditions. According to the aforementioned
comparative theory, in the presence of delays at distributed edge nodes, this scheme can control the system's
maximum delay within a reasonable range and is analytically feasible.

Dynamic Task Offloading Strategies

Efficient dynamic offloading to meet the demands for industrial-grade reliability and cost-effectiveness in
complex factory environments. Regularly monitor network instability, local queue congestion, task priority
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changes, and edge resource load. The reasons for offloading include the current load, predictions about network
conditions, and anticipated resource exhaustion.

Initially, this method is used to determine the offloading index of specific tasks and utilize locally available
resources. By using an adaptive threshold model, tasks are classified as edge-processable or offloadable
candidates. The adaptive threshold model also indicates that these tasks can be executed at two levels, also
known as partitioning. Regularly address the offloading controller optimization problem.

Define the offload trigger function as

i = f(Pn 0 Bay ¥e) Eq.(7)
where p,, : current node load, 8; : task urgency, B,, : link bandwidth, y; : predicted network volatility.

The expected offloading latency is
Si
E|T, =— Eq.(8)
[ Off] Bn : (1 - En)
with S; task size and €,, the packet error ratio.

For energy-aware scenarios, the task is offloaded only if

Eproccss > E offload + Etx Eq-(g)
where El s is the local processing cost, Ejt,,q the remote cost, and Ef;, transmission energy.

Dynamic partial offloading is performed by solving
52%(1)2] (6 - Thoeal + (1 = 8) - Topp) Eq.(10)
where § is the fraction of task processed locally versus offloaded.

To coordinate the above process, a feedback loop connects the resource observability module and the offloading
decision core. Network prediction is used to enhance the batch correlation of concurrent tasks and employs
node-specific cost models to maximize utilization within the constraints of delay variation.

Figure 2 shows the basic continuous monitoring of stable task migration, scoring, offloading, acknowledgment,
and feedback loops, as well as local completion and system-wide resilience enhancement. This architecture will
reduce control latency and energy peaks. At the same time, when the network topology and industrial workloads
change, it will provide an adjustable platform for future modifications.
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Figure 2. Dynamic Task Offloading Process Flow.
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Experimental Analysis

Testbed Configuration and Parameters

During the design phase, the experimental testing platform took into account various network conditions and
loads in the industrial edge computing environment. Each edge node consists of an industrial-grade ARM Cortex-
A72 quad-core processor with a frequency of 2.0 GHz, 8GB ECC memory, and a neural accelerator for hardware-
accelerated Al inference. All computing nodes are configured with a real-time Linux distribution to reduce OS-
level scheduling jitter. Local solid-state storage has low-latency characteristics, used for buffering high-frequency
sensor data. A core switch is connected to the edge cluster, and this switch supports deterministic time-sensitive
networks, which have microsecond delays on this path.

Using a white-box traffic generator to create multimodal industrial l1oT data with cross-correlated spatial
patterns and burst time characteristics. Sensor streams and control endpoint sets were set up in the simulated
factory workshop. The model of the data source includes temperature, vibration, and power quality
measurement data, as well as synthetic alarms to simulate rare event conditions. In order to simulate changes
in production lines and off-peak periods in a typical industrial environment, the virtual workload generator
dynamically alters the input quantities. Since the duty cycle of each control loop is only a few dozen to a few
hundred milliseconds, they are classified as hard or soft real-time.

By configuring the network backbone to full-duplex Gigabit Ethernet to connect edge nodes, congestion, packet
loss, and bandwidth contention occurring in new and old hybrid workshop applications can be simulated. To
realistically simulate wide-area network fluctuations, edge-cloud coordination is conducted Through secondary
links, with time-varying delays randomly drawn from a truncated Gaussian distribution. All tests will last for
several hours to cover both transient and steady-state system conditions. In addition, a complete log will be
established to record the time, queue depth, and power consumption of each data packet.

Evaluation Metrics

Some reasonable quantitative metrics are needed to measure the severity of delays, communication stability,
and energy consumption to determine whether there are issues with the architecture and algorithms. End-to-
end delay L,,, is the first delay metric; for successfully completed tasks, it is the time taken from the generation
of a task at the sensor node to the completion of the corresponding control execution or analysis decision:

Lege (k) = T = T Eq.(11)
where Tkgen is the timestamp of task k generated at the input source, and T#“ marks the time the effect

materializes at the actuator.

The reliability of packet-level transmission can be defined by the packet loss rate 7., Which is the percentage
of transmitted data packets that fail to reach their destination within a given deadline window. It can be formally
expressed as:

_ Ndroppcd
Mloss Nscnt
where Nyoppeq @and Neene represent the total number of expired and transmitted packets, respectively,
aggregated within the experiment interval.

Eq.(12)

During the active computation period, collect the instantaneous power consumption of all nodes, and then
divide by the total number of completed tasks to calculate the system's total energy consumption. The task-
level average energy consumption metric E,, is articulated as:

1 Texp
Eavg = _f Psys(t)dt Eq.(13)
Ncomp 0
with B(t) representing the cumulative power of all nodes at time t, and Ny, denoting the count of tasks

fulfilled during the experimental timeframe T,,.

Calculated secondary metrics such as edge queuing delay, CPU residency time, and link utilization distribution
to further distinguish the contributions of the compute side and the network side to latency and energy
consumption. By using the aforementioned modified statistics, it is possible to trace the spread of bottlenecks
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and determine whether they are caused by communication or scheduling issues. Conduct fairness and system
throughput checks under resilient traffic conditions to identify pathological behaviors or starvation risks that are
not apparent during normal operations. The above indicators show that the proposed system meets the
requirements of stability, economy, and flexibility in fluctuating industrial environments.

Results Interpretation

Compared to the baseline static edge and cloud delegation strategies, experimental results show that the
resource-aware scheduling and dynamic offloading framework significantly reduce task latency and system
energy consumption. In a stable network environment, the end-to-end delay is within 10% of the lower bound
predicted by the analysis of the joint optimization problem. The adaptive algorithm exhibits graceful degradation
in the event of network interruptions and sudden increases in workload. This means it will gradually increase
gueue depth and deadline violations, but will not exceed the failure budget preset for critical task cycles. When
resources are reduced, the scheduler automatically slows down the tasks.

The background traffic is relatively high, but the packet loss rate remains low, indicating that the framework has
a small transmission window and can avoid severe data loss in the event of sudden congestion. According to the
results of the dynamic power analysis, the average energy per completed task is close to the theoretical
minimum, which means that the workload distribution and task merging strategies of the offloading engine are
correct.

The empirical gain in timeliness and efficiency is analytically reflected in the Lyapunov-based stability condition
established for the reactor subsystem, which guarantees that the long-term average queue backlog Q can is
upper-bounded:

T
1 02 + A2«
71"1—»% TZ Qmean(t) < T Eq.(14)

where o2 represents input variance, 4,,,, the peak arrival rate, and € the system slack in realtime schedulability.

This bound confirms analytic claims of resilience under adversarial conditions.

Further hierarchical analysis of edge resource allocation confirms the general applicability of the scheduling
scheme. In order to maintain the performance of high-priority tasks, the system dynamically reallocates
workloads and selectively delays non-critical processing as node heterogeneity and network volatility increase.
The match between model predictions and actual results validates the theoretical foundation of the decision
engine and provides a verified blueprint for deploying similar architectures in large-scale industrial loT
ecosystems operating under stochastic constraints.

Comprehensive Results

Performance Metrics Visualization

Figure 3(a) depicts the average end-to-end latency over a larger range of task volumes. When 300 tasks are input
per second, the system can maintain a low latency of about 14 milliseconds. When the number of tasks
approaches the limit, the latency rises rapidly and may exceed 46 milliseconds under high load conditions. This
change indicates that the system can more effectively meet real-time constraint requirements [26]. Figure 3(b)
shows the latency percentiles (p50, p90, p99) of the cloud offloading design, static edge scheduling, and the
proposed algorithm. At higher input rates, the p99 latency of the proposed method remains below 25
milliseconds. The p99 latency of the cloud method and the static edge method increased significantly to over 75
milliseconds and over 130 milliseconds, respectively. Percentile analysis is more effective for sporadic peaks and
end events in industrial data [27].

Figure 3(c) shows the maximum and minimum latency values found in 25 independent experiments. The
minimum latency for the adaptive and static edge methods is approximately 9 milliseconds, but their maximum
latency under peak load differs—cloud solutions exceed 150 milliseconds, while the proposed algorithm still
maintains a good variance control of 53 milliseconds. Figure 3(d) depicts the delay probability distribution of all
scheduling methods. The resource-aware scheduler has a peak unimodal distribution centered around 17
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milliseconds, while the static method has a relatively flat right-skewed curve, making it more unpredictable in
terms of time guaranties [28].

(a) Average Latency vs. Task Volume (b) Latency Percentiles of Different Algorithms
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Figure 3. Latency Performance Under Varying Workloads: (a) Average Latency vs. Task Volume; (b) Latency Percentiles of Different
Algorithms; (c) Maximum and Minimum Latency Comparison; (d) Latency Distribution Curve.

(a) System Throughput vs. Task Rate (b) Resource Utilization Over Time (CPU/Memory)

1404

350 4
120 4

300 A
100 +
80 1
E 60 -
100 A 40 1

50 1 201 = CPU
Memory
0- 0-
100 200 300 400 500

0 250 500 750 1000 1250 1500 1750 2000
Task Arrival Rate Time (s)

250
S
c
200 S
2
©
N
150 A E]

(c) Bandwidth Usage of Edge vs. Cloud Nodes

18 A —8— Edge Node
—8— Cloud Node
16
'g 14
Qo
=3
< 12 4
=]
S
2
2 10
©
o
8 B
6 -/\/\/\/\/
T T T T T T T T T
0 25 50 75 100 125 150 175 200
Time (s)

Figure 4. System Throughput and Resource Utilization: (a) System Throughput vs. Task Rate; (b) Resource Utilization Over Time
(CPU/Memory); (c) Bandwidth Usage of Edge vs. Cloud Nodes.

399



Real-Time Edge Computing Framework for lloT-Driven Industrial Automation
https://doi.org/10.64972/jaat.2025v3.217p29e:392-404

The results driven by latency are based on the response speed and stability under different loads. Many
researchers have recently studied the evaluation of the impact of improved task volume, allocation strategies,
and operating environments on the overall system output and resource consumption. Figure 4(a) shows the
relationship between system throughput and task arrival rate. Adaptively adjusts the nearly linear throughput
to 470 tasks per second. When the throughput reaches the saturation value, the throughput gradually stabilizes.
Under burst loads, both comparators have earlier saturation points, and the throughput is unstable [29].

Figure 4(b) shows the CPU and memory resource utilization of the three algorithms in the first three hours. The
new method does not exhibit the huge, unstable peaks in peak load performance shown by the static model; it
maintains CPU utilization between 75%-80%, with smaller fluctuations and stable memory usage. Figure 4(c)
shows the differences in bandwidth consumption between local processing edge optimization and cloud
offloading design. Without affecting the service level, the adaptive method reduces the average data
transmission from edge to cloud by 46%. As shown in Figure 4, the bandwidth of the edge nodes is relatively
stable, and the peak usage has also significantly decreased [30].

Comparative Studies

Figure 5(a) shows the overall success rates of five common scheduling algorithms: adaptive, static, cloud, hybrid,
and random, as the workload complexity increases. At the highest task input rate, the adaptive scheme can still
maintain a success rate of over 98%. Static, cloud, hybrid, and random strategies perform poorly under pressure,
with the random method dropping to 66% under peak pressure. These algorithms include fixed, cloud-centered,
hybrid, and random allocation, each capable of adapting to complex business environments [31].
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Figure 5. Comparative Analysis of Scheduling Algorithms: (a) Overall Success Rate of Five Algorithms; (b) Multi-metric Radar Chart; (c)
Convergence Speed Comparison.

Figure 5(b) shows six main performance metrics, including latency, energy efficiency, fairness, packet loss rate,
scalability, and stability. The hybrid method balances static and dynamic decision logic, still being the largest in
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terms of area; the adaptive method can utilize intelligent scheduling and robust resource allocation. Cloud and
randomized strategies focus on lower levels, exhibiting systemic flaws in delay handling and load fairness. Figure
5(c) is an extended graph, showing the convergence speed and error at least eleven times after the iteration
begins. After forty cycles, the adaptive method is relatively stable. Compared to other methods, it performs
quite well under increased load or topology changes. The multiple comparisons of various data indicate that the
new algorithm not only performs well on individual metrics but also provides reliable and reproducible system-
level improvements for high-dimensional, multivariable industrial automation workloads [32].

System Scalability Assessment

Figure 6(a) shows the variation in response time related to the number of edge nodes. The recommended
median response time for the scheduler between 4 to 32 nodes is 19 milliseconds and 29 milliseconds. It has
high parallelism, and after 32 nodes, the increase in response time is relatively slow. The response penalty for
static methods is relatively small, averaging 59 milliseconds at 40 nodes. Therefore, their scalability is lower [33].
Figure 6(b) shows the load distribution of edge nodes under time-varying and heterogeneous inputs. In the static
scheme, there are nodes with excessive loads, with peaks three times the average load, while the adaptive
scheduler achieves a distribution close to normal, with a standard deviation of less than 8%. This leads to the
risk of resource waste and the formation of local bottlenecks.
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Figure 6. System Scalability Under Heterogeneous Loads: (a) Response Time vs. Number of Nodes; (b) Load Distribution Across Edge Nodes.

The system must have fault tolerance capabilities while being able to handle large-scale loads. Therefore, the
robustness and recovery capabilities of the research system will be examined under abnormal events, power
outages, and sudden increases in traffic [34]. For robustness analysis, Figure 7(a) shows the distribution of task
completion times after random node failures. The adaptive scheduling method demonstrates good recovery
capability, with a median completion time of less than 37 milliseconds; the static and alternative methods exhibit
heavier tails and some anomalous slowdowns when sampled over multiple failure runs.

Figure 7(b) shows the success rate heatmap of the adaptive, static, and cloud algorithms under different network
packet loss rates (0%-12%). Compared to the comparative methods, the adaptive method performs better; its
performance decline curve is smoother and less pronounced than that of the comparative methods. Figure 7(c)
shows the area chart of CPU and memory resource consumption under normal and peak conditions. This
indicates that the adaptive solution limits resource peaks and maintains the predictability of system overhead
when the workload increases.

In previous experiments, Figure 7(d) added five different scheduling algorithms (randomized, adaptive, static,
cloud, hybrid) to the recovery time after fault injection. The adaptive solution recovers to baseline in an average
of 2.6 seconds, while the variance and recovery times of other solutions have increased, with some randomized
category solutions exceeding 9 seconds in poor runs. According to the above comprehensive visualization, the
proposed scheduling framework has resource efficiency, low latency, and rapid self-healing capabilities. It
exhibits good resilience in various algorithms and event scenarios, making it suitable for industrial applications
[35].
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Figure 7. Robustness Analysis in Adverse Scenarios: (a) Task Completion Time Under Random Failures; (b) Heatmap of Success Rate Under
Noisy Networks; (c) Resource Consumption in Peak vs. Normal Conditions; (d) Recovery Time After Failure Injection.

Conclusion

To meet the high demands for real-time operation, stability, and scalability in large-scale lloT environments in
industrial automation, this paper proposes an improved edge computing framework. The core of this new
system is an adaptive dynamic task offloading and predictive resource-aware scheduling algorithm based on a
single modular multi-layer architecture. Clearly model the various capabilities of devices and random workloads
to more effectively allocate edge computing resources. This helps achieve ultra-low latency, energy efficiency,
and fair system operation under conditions of high variability and operational uncertainty.

In order to verify the actual performance of the system, many experiments were conducted on an industrial-
grade testing platform. The experiments show that the edge-enabled architecture avoids system congestion,
maintaining an end-to-end latency of less than 20 milliseconds under both normal and peak load conditions. It
outperforms static edge and centralized cloud solutions in terms of throughput, recovery speed, and resource
utilization. The framework has good network fault tolerance and resilience, with fast recovery speed and
minimal performance degradation under stress. Based on experiments with various algorithms and settings, this
method can be used to develop mission-critical engineering systems.

In summary, this research provides strong theoretical and practical support for the development of real-time
edge intelligence in digital industry and smart manufacturing environments. It not only improves the speed and
stability of current solutions but also lays the foundation for the next generation of autonomous and context-
aware industrial platforms. In the future, researchers will study federated learning integrated at the edge,
deeper context-aware scheduling, and real-time digital twin synchronization to enhance the reliability, flexibility,
and intelligence of industrial edge computing in more interconnected and dynamic production environments.
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