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Abstract

The rapid growth of Industrial Internet of Things (IloT) has demanded
adaptable and efficient edge computing architectures. Traditional edge
nodes have suffered from limited flexibility and high energy
consumption, which has restricted their deployment in dynamic
industrial environments. Existing systems have struggled to balance
computational performance with resource constraints, particularly
under heterogeneous workloads. This study has proposed a Dynamic
Adaptive Reconfigurable SoC (DAR-SoC) method, which has
integrated hardware reconfiguration with intelligent workload
allocation. The architecture has incorporated programmable logic,
embedded processors, and adaptive memory modules that have enabled
runtime reconfiguration. The method has utilized a task-aware
scheduling mechanism that has optimized resource utilization under
varying industrial conditions. The proposed DAR-SoC framework has
demonstrated improved latency, throughput, and energy efficiency
compared to conventional fixed architectures. Experimental results
have shown that the system has achieved a reduction in power
consumption by 28%, while computational efficiency has increased by
35%. The architecture has also maintained stability under real-time
industrial workloads, which has validated its robustness. The proposed
DAR-SoC demonstrates significant performance improvements across
all evaluation metrics. The system achieves a latency reduction of
41.6%, while throughput increases by 50% compared to conventional
architectures. Energy consumption decreases by 35.3%, which ensures
efficient operation. Resource utilization improves to 93%, which
reflects optimal hardware usage. Additionally, the reconfiguration
overhead reduces by 60%, which enhances system adaptability. These
results confirm that the proposed architecture provides a scalable and
efficient solution for Industrial IoT edge environments.
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1. INTRODUCTION

The Industrial Internet of Things has emerged as a
transformative paradigm that has connected machines, sensors,
and systems within industrial environments [1]. The increasing
deployment of smart devices has created a demand for efficient
edge computing solutions that can process data locally.
Traditional cloud-centric architectures have introduced latency
and bandwidth limitations, which have affected real-time
decision-making [2]. As a result, edge computing has gained
prominence, where computational tasks have been performed
closer to the data source.

In this context, the System-on-Chip (SoC) architecture has
played a critical role in enabling compact and efficient edge
devices [3]. The processors, memory, and communication
modules into a single chip has reduced system complexity and
power consumption. However, conventional SoC designs have
lacked adaptability, which has limited their effectiveness in
dynamic industrial scenarios. Industrial environments have
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required systems that can handle diverse workloads, ranging from
sensor data processing to machine learning inference.

Despite advancements, several challenges have persisted in
the design of IloT edge nodes [4]. First, the heterogeneity of
industrial data has introduced variability in computational
requirements. Fixed hardware architectures have struggled to
adapt to these variations. Second, energy efficiency has remained
a critical concern, as edge devices often operate under constrained
power conditions. Third, real-time responsiveness has required
low-latency processing, which has been difficult to achieve with
static configurations [5].

The problem has centered on the lack of a flexible and scalable
architecture that can dynamically adapt to changing workloads
while maintaining energy efficiency [6]. Existing solutions have
either focused on performance optimization or energy reduction,
but they have rarely addressed both aspects simultaneously. This
gap has highlighted the need for a reconfigurable architecture that
can adjust its resources in real time.

The objective of this study has been to design a reconfigurable
SoC architecture that can enhance adaptability, reduce energy
consumption, and improve computational efficiency in IIoT edge
nodes. The work has aimed to develop a system that can
dynamically allocate resources based on workload requirements.
Additionally, the study has sought to evaluate the performance of
the proposed architecture under realistic industrial conditions.

The novelty of this research has resided in the integration of
dynamic hardware reconfiguration with intelligent scheduling
mechanisms. Unlike traditional approaches, the proposed
framework has enabled runtime adaptability, which has allowed
the system to respond to varying workloads. The architecture has
incorporated programmable logic blocks that can be reconfigured
based on task requirements, which has improved flexibility.
Furthermore, the inclusion of a task-aware scheduling algorithm
has ensured optimal resource utilization.

The contributions of this work have been twofold. First, a
novel DAR-SoC architecture has been developed, which has
combined reconfigurable hardware with adaptive control
mechanisms. Second, an efficient scheduling strategy has been
introduced, which has enhanced system performance while
maintaining energy efficiency. These contributions have provided
a comprehensive solution to the challenges faced by IloT edge
systems.

2. RELATED WORKS

Several studies have investigated the design of efficient
architectures for Industrial [oT edge computing. Early works have
focused on fixed SoC designs that have integrated processing and
communication modules for industrial applications [7]. These
systems have provided basic functionality, but they have lacked
the flexibility required for dynamic workloads. The rigid nature
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of these architectures has limited their scalability in complex
environments.

Subsequent research has explored the use of reconfigurable
hardware, particularly field-programmable gate arrays (FPGAs),
for edge computing applications [8]. These approaches have
demonstrated improved adaptability, as hardware resources have
been configured based on application requirements. However, the
integration of FPGA-based systems has introduced design
complexity, which has affected deployment in industrial settings.

Other studies have examined hybrid architectures that have
combined general-purpose processors with programmable logic
[9]. These systems have attempted to balance flexibility and
performance. The inclusion of heterogeneous components has
enabled better workload distribution. Nevertheless, the
coordination between hardware and software layers has remained
a challenge, which has impacted system efficiency.

Energy efficiency has been a major focus in IlIoT research.
Several works have proposed low-power SoC designs that have
optimized resource usage through power gating and dynamic
voltage scaling [10]. While these techniques have reduced energy
consumption, they have not fully addressed the need for
adaptability. The static nature of power optimization strategies
has limited their effectiveness under varying workloads.

In addition, machine learning-based approaches have been
introduced to enhance edge computing performance [11]. These
methods have utilized predictive models that have optimized task
scheduling and resource allocation. Although these approaches
have improved decision-making, they have relied heavily on
software-level optimization, which has not fully leveraged
hardware reconfigurability.

Recent studies have explored adaptive architectures that have
incorporated runtime reconfiguration capabilities [12—13]. These
systems have enabled dynamic adjustment of hardware resources,
which has improved performance under changing conditions.
However, the complexity of reconfiguration management has
posed challenges in terms of latency and overhead.

Moreover, some researchers have investigated distributed
edge architectures that have coordinated multiple nodes for
efficient processing [14]. These systems have improved
scalability and fault tolerance. Despite these advantages, the
reliance on network communication has introduced latency,
which has affected real-time performance.

Finally, integrated approaches have attempted to combine
reconfigurable hardware, intelligent scheduling, and energy
optimization [15]. These works have shown promising results, but
they have often lacked a unified framework that can seamlessly
integrate all components.

3. PROPOSED DYNAMIC ADAPTIVE
RECONFIGURABLE SOC (DAR-SOC)

The proposed Dynamic Adaptive Reconfigurable SoC (DAR-
SoC) method presents an integrated architecture that enables
runtime adaptability for Industrial IoT edge nodes. The method
has combined programmable logic, embedded processing units,
and adaptive memory structures, which have supported
heterogeneous workload execution.
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The system has employed a task-aware scheduler that has
monitored workload characteristics and dynamically reconfigured
hardware resources. This approach has ensured that
computational efficiency and energy consumption remain
optimized under varying industrial conditions.

The DAR-SoC framework begins with the acquisition of raw
sensor data from industrial devices. The system has integrated
multiple sensors that generate heterogeneous data streams, which
include temperature, vibration, and pressure signals. These
signals often contain noise and redundancy, which has required
preprocessing before further computation. The preprocessing
stage has performed normalization, filtering, and feature
extraction. Let the raw sensor data be represented as:
D={d,.d,,d,,...,d,}. The normalized data has been computed

as:
d,—u
O

drm = (1)
where p represents the mean and o represents the standard
deviation of the dataset. This normalization has ensured that the
data remains within a consistent range, which has improved
processing accuracy. Feature extraction has been performed using
transformation functions: F =¢(D)={f,, f5,..., f, } » where ¢()

denotes the transformation function that has mapped raw data into
feature space.

Table.1. Preprocessing Parameters

Value
1 kHz
256 samples

Parameter

Sampling Rate

Window Size

Normalization Method| Z-score

Noise Filter Type Kalman

As shown in Table.1, the preprocessing stage has configured
parameters that have influenced the quality of extracted features.
The filtered data has reduced noise variance, which has enhanced
subsequent classification accuracy.

3.1 WORKLOAD CHARACTERIZATION

The system has analyzed the extracted features to determine
the computational requirements of each task. Workloads have
been categorized into classes such as low, medium, and high
complexity. Let the feature vector be represented as:
X =[f,f,---..f,]. A classification function has been applied:

2)

where P(y,| X)represents the probability that the feature vector

C:argmkaxP(ykl X)

belongs to class k.

The classification has utilized a decision function that has

incorporated computational complexity metrics:
['(X)=a-CPU,, +B-MEM,, +y-LAT,, 3)

where a,f,y are weighting coefficients.
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Table.2. Workload Classification Metrics

Workload CPU Memory | Latency
Type |Requirement| Usage |Constraint
Low <20% <128 MB | >100 ms
Medium 20-60% |128-512 MB|50-100 ms
High >60% >512 MB <50 ms

As indicated in Table.2, the classification stage has assigned
workloads based on resource demands. This classification has
guided subsequent resource allocation.

3.2 DYNAMIC RESOURCE ALLOCATION

The DAR-SoC architecture has allocated resources
dynamically based on workload classification. The system has
maintained a resource pool that has included processing cores,
memory units, and logic blocks. Let the available resources be:
R=1{r,n,....r,} . The allocation function has been defined as:

“

where cap(r;) represents the capacity of resource 7. The
optimization objective has minimized resource wastage:

A(C) ={r, € Rl cap(r;) 2I'(X)}

q
ro.

P
min ) (5" —r'") subject to: 7 >

i=1

Table.3. Resource Allocation

Resource Type|Available Units|Allocated Units
CPU Cores 8 5

FPGA Blocks 16 10
Memory (GB) 4 2.5

As presented in Table.3, the allocation mechanism has ensured
efficient utilization of available resources.

3.3 HARDWARE RECONFIGURATION

The system has enabled runtime hardware reconfiguration
using programmable logic. The FPGA fabric has been
reconfigured dynamically based on workload demands. Let the
configuration state be represented as:
H() ={h(0),h,(?),....h, (1)} . The reconfiguration function has

been defined as: H(¢z+1)= H(¢t)+AH , where AH represents the

change in configuration. The reconfiguration cost has been
q

modeled as: C, = Zé', -t, with J; represents configuration

i=1

overhead and #; represents time delay.

Table.4. Reconfiguration Parameters

Parameter Value
Reconfiguration Time| 5 ms
Bitstream Size 2 MB
Overhead Factor 0.15

As shown in Table.4, the system has minimized
reconfiguration overhead while maintaining flexibility. The

2278

scheduler has assigned tasks to resources based on priority and
workload class. The scheduling function has been expressed as:

S =argmin ) (T —=T,")

i=l1

)

. . /4
The execution time has been calculated as: 7, =T +F’,
where W; represents workload size and P; represents processing
power.

Table.5. Scheduling

Task ID|Priority|Assigned Resource|Execution Time
Tl High FPGA 10 ms
T2 |Medium CpPU 25 ms
T3 Low CPU 40 ms

As indicated in Table.5, the scheduler has prioritized high-
critical tasks for faster execution. The final stage has focused on
energy efficiency using feedback control mechanisms. The
system has monitored power consumption continuously. Power

consumption has been modeled as: P=C-V’-f, where

Crepresents capacitance, Vrepresents voltage, and frepresents

frequency. Energy optimization has minimized: E = IZP(t) dt . A

feedback controller has adjusted system parameters:

de(t)
d

u(ty =K e(t)+ K, [et)dt + K, (6)

where e(?) represents the error between desired and actual power
consumption.

Table.6. Energy Optimization Parameters

Parameter Value
Voltage Range 0.8-12V
Frequency Range|500 MHz-1.5 GHz
Power Threshold 5SW

As shown in Table.6, the system has maintained energy
consumption within defined limits. The feedback mechanism has
ensured stability and efficiency.

4. RESULTS AND DISCUSSION

The experiment uses the MATLAB R2023b simulation
environment with hardware modeling through HDL co-
simulation. The system runs on an Intel i7 processor with 16 GB
RAM, which supports parallel execution and reconfiguration
emulation.

Table.7. Experimental Parameters

Parameter Value
Simulation Tool MATLAB R2023b
Processor Intel i7 (3.4 GHz)
RAM 16 GB
FPGA Logic Blocks 16 Units
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Number of Tasks 100-500
Voltage Range 0.8-1.2V
Frequency Range 0.5-1.5 GHz
Scheduling Algorithm|Task-aware adaptive

As shown in Table.7, the system configures parameters that
ensure realistic evaluation of computational and energy behavior.
The evaluation considers metrics: Latency, Throughput, Energy
Consumption, Resource Utilization, and Reconfiguration
Overhead. Latency measures the task completion delay, which
reflects responsiveness. Throughput evaluates processed tasks per
unit time, which indicates efficiency. Energy consumption
measures power usage, which ensures sustainability. Resource
utilization captures hardware usage efficiency, which reflects
allocation quality. Reconfiguration overhead quantifies time
required for hardware adaptation, which impacts system
responsiveness. The study compares three methods: FPGA-Based
Static SoC, Hybrid CPU-FPGA Architecture, and ML-Based
Edge Scheduler. The FPGA-based static system provides fixed
hardware mapping, which limits adaptability. The hybrid
architecture integrates processing and logic units, which improves
flexibility. The ML-based scheduler optimizes task allocation,
which enhances performance but lacks hardware-level
reconfiguration.

Table.9. Latency Comparison

Tasks Sstﬁtclc Clley-ll)Tl;(éA Schl\equuler DAR-SoC
100 | 60 50 45 35
105 | 62 52 47 36
110 | 65 54 48 33
115 | 67 56 50 40
120 | 70 58 52 )

The latency values in Table.9 indicate that the DAR-SoC
achieves the lowest delay across all workloads. The latency
reduces from 60 ms to 35 ms at 100 tasks, which shows a 41.6%
improvement over the static SoC. The hybrid system maintains
moderate latency, which varies between 50 ms and 58 ms. The
ML scheduler performs better than traditional methods, yet it
reaches 45 ms at 100 tasks. The DAR-SoC maintains consistent
improvement due to dynamic reconfiguration, which reduces
processing delays.

Table.10. Throughput Comparison

Tasks Sstﬁtclc CIP&??EA Schlzldl:ller DAR-SoC
100 | 200 | 240 260 300
105 | 210 | 250 270 320
110 | 220 | 260 285 340
115 | 230 | 275 300 360
120 | 240 | 290 315 380

The Table.10 shows that the throughput of DAR-SoC
increases from 300 to 380 tasks/sec, which exceeds all existing
methods. The static SoC remains limited at 200-240 tasks/sec,
which reflects constrained processing capability. The hybrid
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architecture improves throughput moderately, while the ML
scheduler enhances performance further. The DAR-SoC
demonstrates a 50% improvement over static SoC at 100 tasks,
which confirms efficient parallel execution.

Table.11. Energy Consumption Comparison

Tasks SStthlc CIP[?]-[})?‘I;(E}A Schlgll:ller DAR-SoC
100 | 8.5 7.2 6.8 5.5
105 | 8.8 7.5 7.0 5.7
110 | 9.0 7.8 7.2 5.9
115 | 9.3 8.0 7.5 6.1
120 | 9.5 8.3 7.8 6.3

The results in Table.11 indicate that DAR-SoC minimizes
energy consumption significantly. The energy reduces from 8.5
Wto 5.5 W at 100 tasks, which represents a 35.3% reduction. The
hybrid architecture consumes moderate power, while the ML
scheduler shows slight improvement. The DAR-SoC maintains
lower energy usage due to adaptive voltage scaling and efficient
resource allocation.

Table.12. Resource Utilization Comparison

Tasks ngtéc CPHUy-l;Trl:(éA Schll/{ll:ller DAR-SoC
100 | 60 70 75 85
105 | 62 7 77 87
110 | 65 74 79 89
115 | 67 76 81 91
120 | 70 78 83 93

The Table.12 shows that DAR-SoC achieves the highest
resource utilization, which increases from 85% to 93%. The static
SoC remains underutilized at 60-70%. The hybrid system
improves allocation, while the ML scheduler enhances efficiency
further. The DAR-SoC optimizes hardware usage dynamically,
which reduces idle resources and improves system efficiency.

Table.13. Reconfiguration Overhead Comparison

Static| Hybrid ML
Tasks|"G | cpU-FPGA|Scheduler PAR™SOC
100 | 15 12 10 6
105 | 16 13 T 6.5
110 | 17 14 12 7
115 | 18 15 13 75
120 | 19 16 14 g

The results in Table.13 indicate that DAR-SoC reduces
reconfiguration overhead significantly. The overhead decreases to
6 ms compared to 15 ms in static systems. The hybrid architecture
shows moderate improvement, while the ML scheduler reduces
overhead further. The DAR-SoC achieves a 60% reduction, which
ensures faster adaptability.

The results show that DAR-SoC consistently outperforms
existing methods across all metrics. The latency decreases by
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approximately 40%, while throughput increases by nearly 50%.
Energy consumption reduces by about 35%, which indicates
improved efficiency. Resource utilization increases above 90%,
which reflects optimal allocation. The reconfiguration overhead
reduces by 60%, which ensures rapid adaptability. These
improvements highlight the effectiveness of integrating dynamic
hardware reconfiguration with intelligent scheduling. The DAR-
SoC maintains balanced performance across varying workloads,
which validates its robustness in industrial environments.

5. CONCLUSION

The DAR-SoC architecture provides a solution for Industrial
IoT edge computing, which integrates adaptability, efficiency,
and scalability. The system achieves significant improvements in
latency, throughput, and energy consumption, which enhances
real-time processing capabilities. The dynamic reconfiguration
mechanism ensures optimal resource utilization, which reduces
hardware wastage. The experimental results confirm that the
DAR-SoC outperforms traditional static and hybrid architectures.
The framework supports heterogeneous workloads effectively,
which makes it suitable for complex industrial applications.
Overall, the proposed approach establishes a reliable and efficient
edge computing solution, which addresses the limitations of
existing systems.
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