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Abstract: In the rapidly evolving field of smart networking, real-time data processing is critical for efficient system performance.
Currently, conventional methods such as Round-Robin scheduling, Static Resource Allocation, and Shortest Job First (SJF) scheduling
are widely used to distribute workloads. However, these methods often fall short in dynamic environments where data flow and network
demands are unpredictable, leading to inefficiencies and increased latency. Research gaps in existing systems primarily include their
inability to adapt to changing network conditions and their poor scalability under varying loads. These drawbacks highlight the need
for a more flexible and responsive approach. This paper introduces the Dynamic Adaptive Workload Distribution Algorithm
(DAWDA), a novel method designed to address these limitations. DAWDA dynamically adjusts resource allocation based on real-time
network data and workload characteristics, ensuring optimal performance and minimal response times. The proposed method leverages
advanced machine learning techniques, including Reinforcement Learning and Predictive Modeling, to anticipate network demands
and adjust resources preemptively. In testing, DAWDA demonstrated a 0.30% increase in throughput, a 0.25% reduction in latency,
and a 0.20% improvement in resource utilization, significantly outperforming traditional methods such as Round-Robin scheduling,
Static Resource Allocation, and Shortest Job First scheduling. Overall, DAWDA not only resolves the inefficiencies found in existing
systems but also sets a new standard for workload distribution in smart networking environments, promising substantial improvements
in real-time data processing capabilities.

Keywords: Smart Networking, Real-Time Data Processing, Dynamic Resource Allocation, Machine Learning, Workload Distribution,
Reinforcement Learning, Predictive Modeling, Performance Optimization.

Research gaps in the current landscape primarily

1 INTRODUCTION

The advent of the Internet of Things (loT) and the
exponential growth of data traffic have imposed
unprecedented demands on network infrastructures. Smart
networking, which integrates intelligence and adaptability
into network systems, has become crucial for handling this
massive influx of data in real-time. Traditional methods
such as Round-Robin scheduling and Static Resource
Allocation, once staples in workload distribution, are
increasingly inadequate in today's dynamic networking
environments [1]. These methods lack the flexibility to
cope with fluctuating data loads and network conditions,
leading to inefficiencies such as increased latency and
underutilization of resources.

revolve around these conventional methods' inability to
scale and adapt dynamically [2]. As networks grow in
complexity, the static nature of traditional algorithms
becomes a significant bottleneck, preventing optimal
performance under varying operational conditions.
Additionally, most existing systems do not fully exploit the
advancements in machine learning and predictive
analytics, which can significantly enhance decision-
making processes within the network [3].

Recent trends in network management have shown a
shift towards more adaptive and intelligent systems.
Technologies like Artificial Intelligence (Al) and Machine
Learning (ML) are being increasingly integrated to predict
traffic patterns, optimize resource allocation, and manage
networks proactively [4] [5][6]. These trends not only
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promise to improve operational efficiency but also enhance
the ability of networks to support emerging applications
such as autonomous vehicles, smart cities, and real-time
remote robotics, where latency and reliability are critical.

the proposed method is introduced as Dynamic
Adaptive Workload Distribution Algorithm (DAWDA), is
designed to bridge these gaps. DAWDA leverages
advanced reinforcement learning and predictive modeling
techniques to dynamically adjust resource allocations
based on real-time data and network conditions. This
approach ensures that the network can maintain optimal
performance and high levels of resource efficiency, even
under unpredictable conditions [7][8].

The applications of DAWDA are vast and varied. In
smart cities, for example, DAWDA can optimize traffic
flows in real-time, enhancing urban mobility and reducing
congestion. In healthcare, it can ensure the reliable and
timely transmission of critical patient data, facilitating
remote monitoring and emergency response services
[9][10]. Additionally, in industrial settings, DAWDA can
streamline operations by intelligently allocating bandwidth
for critical machine-to-machine communications, thus
minimizing downtime and improving production
efficiency.

Overall, DAWDA not only addresses the inefficiencies
found in existing network management systems but also
harnesses the potential of modern computational
techniques to set a new standard for smart network
operation in diverse and demanding applications [11].

Figure.l illustrates a hierarchical network structure
critical for efficient real-time data processing in smart
networking environments. The existing system, as
described in the document, primarily uses traditional
methods for workload distribution, such as Round-Robin
scheduling and Static Resource Allocation [8]. These
conventional methods are heavily reliant on centralized
cloud data centers for processing and storage, leading to
inefficiencies due to high latency and network congestion
when data travels long distances between 10T devices and
cloud centers. Additionally, intermediate fog nodes may
not be fully utilized or may rely on static allocation
methods that do not adapt to changing data flows and
network demands, resulting in suboptimal performance and
increased response times. 10T devices, under the traditional
approach, generate large volumes of data sent to cloud data
centers for processing, causing increased latency and
underutilization of local processing capabilities at the edge
[12].

Cloud Data Centers

Fog Nodes

Figure.l fundamental block diagram of Real-Time
Task Scheduling Algorithm for loT-Based Applications in
the Cloud-Fog Environment

The proposed DAWDA as a solution to these
limitations. With DAWDA, cloud data centers remain
crucial but are part of a more adaptive and responsive
system [13] [14]. DAWDA uses machine learning
techniques to predict network demands and dynamically
allocate resources, improving resource utilization, reducing
latency, and handling fluctuating data loads more
effectively. At the fog nodes level, DAWDA leverages
these nodes more efficiently by dynamically distributing
workloads based on real-time data and network conditions,
resulting in faster response times, better scalability, and
more efficient real-time data processing. For 10T devices,
DAWDA enables them to offload data processing tasks to
nearby fog nodes, ensuring quicker data handling and
reduced latency. The adaptive algorithm allocates
resources efficiently based on current network conditions
and data flows, enhancing the performance of IloT
applications and ensuring reliable real-time data processing
[15][16]. A multi-layered network structure where the
existing system faces challenges like high latency,
inefficient resource utilization, and poor scalability due to
its reliance on traditional methods. The proposed DAWDA
addresses these issues by introducing a flexible and
responsive approach, leveraging advanced machine
learning techniques to optimize resource allocation across
cloud data centers, fog nodes, and loT devices [17][18].
This results in significant improvements in performance,
latency, and resource efficiency, setting a new standard for
smart network operations in diverse and demanding
applications.
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1.1 Related work

Shailendra Pratap Singh et al provides a comprehensive
overview of the optimization and modeling of Battery
Energy Storage Systems (BESS) for enhancing the
performance of renewable energy-based power networks.
It addresses challenges such as uncertainties in generation
output and frequency fluctuations, proposing optimization
techniques for placement, sizing, and scheduling of BESS
operations. The innovation lies in integrating Al-based
methods to improve efficiency and reliability. However,
the focus on energy storage optimization does not directly
tackle workload distribution or dynamic adaptability in
smart networking environments, key areas addressed by
DAWDA. While it effectively enhances energy storage
management, it lacks the real-time, adaptive capabilities
necessary for optimal workload distribution in smart
networks [19] [20].

Xiaojiang Liu etal developsasmart prediction method
for tunnel fire state evolution using an improved fire
simulation curve through a particle swarm optimization
algorithm. It introduces an enhanced fire curve and
demonstrates its effectiveness in predicting tunnel fire
behavior across various conditions. The primary
innovation is the accurate portrayal of fire development
stages. However, the focus is on fire prediction rather than
workload distribution, and it does not address dynamic
adaptability in networking environments. This limitation
makes it less applicable to the objectives of DAWDA,
which focuses on real-time data processing and resource
allocation in smart networks [21].

Abdulrageb Alhammadi et al proposes a self-
optimization algorithm for effective mobility management
in 5G heterogeneous networks, aiming to ensure seamless
handovers between diverse cell types. The innovation lies
in balancing mobility robustness and load optimization
using parameters like RSRP levels and user speed.
However, while it addresses mobility and load balancing,
it does not focus on workload distribution for real-time data
processing. This makes it less relevant to the DAWDA
framework, which emphasizes adaptive resource allocation
based on real-time network conditions. Despite its
effectiveness in reducing handover failures, it lacks the
comprehensive adaptability required for optimizing smart
network workloads [22].

Yinlong Li et al presents a dynamic adaptive workload
offloading algorithm for Mobile Edge Computing (MEC)
networks, leveraging Lyapunov theories and FC-LSTM for
workload balancing. The innovation is in its dynamic
adaptation to high-speed mobile devices, improving energy
and time efficiency. However, it focuses on MEC
environments and does not extend to broader smart
networking contexts. While it offers high performance in
MEC scenarios, it lacks the real-time adaptability and
broader application scope of DAWDA, which aims to
optimize workload distribution across diverse smart

networking environments, including cloud and fog nodes
[23].

Yellamma Pachipala et al introduces a Modified
Shortest Job First (SJF) algorithm for task scheduling in
cloud computing, aimed at reducing task completion times
and resource bottlenecks. The innovation lies in improving
traditional scheduling algorithms to enhance overall system
efficiency. However, the focus on cloud computing task
scheduling does not address the real-time, adaptive
workload distribution necessary for smart networking. This
limitation makes it less relevant to the DAWDA
framework, which requires dynamic adjustments based on
real-time data and network conditions [24]. While it
enhances cloud resource utilization, it lacks the
comprehensive adaptability essential for smart network
environments .

Sujan Sarker et al presents a fog-dew-enabled system
for optimal workload distribution in cloud robotic
operations, using a Binary Particle Swarm Optimization
algorithm to address latency and energy consumption
challenges. The innovation is in its multi-objective
optimization approach for robotic systems. However, it is
specific to cloud robotics and does not generalize to
broader smart networking scenarios. While it significantly
improves latency and energy efficiency in robotic
operations, it lacks the real-time adaptability and broader
application scope of DAWDA, which is designed to
optimize workload distribution across various smart
networking environments, including loT and edge devices
[25].

Ligang Tang et al introduces the Eagle Arithmetic
Optimization Algorithm (EAOA) for load frequency
stabilization in renewable energy systems, enhancing
accuracy in load-balancing through a fuzzy-based
dragonfly optimization algorithm. The innovation lies in its
application to renewable energy resources, improving
efficiency and reliability [26]. However, the focus on load
frequency stabilization does not address workload
distribution in smart networking. This limitation makes it
less relevant to DAWDA, which aims to optimize real-time
data processing and resource allocation in smart network
environments. While it effectively manages renewable
energy systems, it lacks the dynamic adaptability necessary
for smart network workload optimization.

Abdullah Ayub Khan et al proposes a blockchain and
metaheuristic algorithm-based approach for drone data
management and optimization in a fog computing
environment. The innovation is in using blockchain for
secure data transactions and a genetic algorithm for
optimization. However, the focus on drone data
management does not extend to broader smart networking
workload distribution [27]. While it improves security and
efficiency in drone data handling, it lacks the real-time
adaptability and comprehensive application scope of
DAWDA, which aims to optimize workload distribution
across various smart networking environments. The
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approach is robust within its domain but limited in
addressing broader network optimization challenges.

Xiaofei Wu et al introduces a many-objective
optimization algorithm (MaOITGO-CO) for computation
offloading in vehicular edge computing (VEC) networks,
simulating tumor cell growth patterns for optimization
[28]. The innovation lies in addressing diverse optimization
requirements like task completion time, energy
consumption, and load balance. However, it focuses on
VEC scenarios and does not generalize to broader smart
networking contexts. While it offers high-quality solutions
for VEC computation offloading, it lacks the dynamic
adaptability and broader application scope of DAWDA,
which aims to optimize workload distribution across
various smart networking environments, including cloud
and fog nodes.

Ligia Maria Moreira Zorello et al proposes a black-box
optimization framework for flexible baseband function
distribution in 5G networks, focusing on minimizing power
consumption and constraint violations. The innovation is in
integrating prediction algorithms with optimization
outcomes for efficient baseband placement. However, the
focus on baseband function placement does not address
workload distribution for real-time data processing [29].
This limitation makes it less relevant to DAWDA, which
emphasizes adaptive resource allocation based on real-time
network conditions. While it improves 5G network
efficiency, it lacks the comprehensive adaptability required
for optimizing smart network workloads.

Abdenacer Naouri et al presents a multi-objective
optimization algorithm for UAV fog deployment in critical
rescue operations, focusing on maximizing network
connectivity and coverage while optimizing energy
consumption. The innovation lies in addressing
connectivity and network lifespan challenges in high-
pressure scenarios [30]. However, the focus on UAV
deployment for rescue operations does not extend to
broader smart networking contexts. While it significantly
improves efficiency in rescue missions, it lacks the
dynamic adaptability and broader application scope of
DAWDA, which aims to optimize workload distribution
across various smart networking environments, including
0T and edge devices.

Xiaogin Song et al proposes a federated deep
reinforcement learning (DRL) algorithm for optimizing
resources in hybrid edge computing networks, focusing on
minimizing service latency and energy consumption [31].
The innovation is in combining federated learning with
DRL for cross-domain resource allocation. However, the
focus on edge computing networks does not address the
broader needs of real-time workload distribution in smart
networking. This limitation makes it less relevant to
DAWDA, which emphasizes adaptive resource allocation
based on real-time network conditions. While it effectively
optimizes edge resources, it lacks the comprehensive

adaptability necessary for smart network workload
optimization.

Naeem Igbal et al introduces an enhanced time-
constraint aware (TCA) task scheduling mechanism for
smart manufacturing, aiming to improve production
efficiency through predictive optimization. The innovation
lies in leveraging lloT and data-driven technologies for
autonomous manufacturing environments [32]. However,
the focus on manufacturing task scheduling does not
address real-time workload distribution in smart
networking. This limitation makes it less relevant to
DAWDA, which aims to optimize workload distribution
across various smart networking environments. While it
enhances manufacturing efficiency, it lacks the dynamic
adaptability and broader application scope required for
smart network workload optimization.

2 METHODOLOGY FOR THE PROPOSED DYNAMIC
ADAPTIVE WORKLOAD DISTRIBUTION
ALGORITHM (DAWDA).

Figure.3 shows the proposed Dynamic Adaptive
Workload Distribution Algorithm (DAWDA)
methodology is a structured approach to optimizing real-
time data processing across a hierarchical network that
includes 10T devices, fog nodes, and cloud nodes. The
process begins with data collection from IoT devices,
which generate and submit tasks based on real-time data to
a central processing unit. This central unit organizes and
manages these tasks, ensuring they are ready for further
processing [33-37]. The fog broker then dynamically
allocates these tasks to fog nodes using DAWDA. It
assesses the current workload and resource availability,
ensuring that tasks are efficiently distributed across the
available fog resources. Fog nodes, composed of virtual
machines (VMs), handle the processing of these tasks.
DAWDA ensures efficient operation by dynamically
managing the workload, balancing tasks among both
available and saturated resources [38-40]. If fog nodes
reach their capacity or are unable to process tasks within
the required timeframe, the excess workload is offloaded to
cloud nodes. These cloud nodes, also consisting of VMs,
act as a backup system, taking on overflow tasks to
maintain continuous and efficient task processing. The
cloud beaker plays a crucial role in this methodology by
monitoring the overall system performance in real-time. It
adjusts the workload distribution between fog and cloud
nodes to maintain optimal processing efficiency and
resource balance [41-45]. This real-time monitoring
ensures that the system adapts dynamically to changing
conditions. Additionally, DAWDA leverages advanced
machine learning techniques, such as reinforcement
learning and predictive modeling. These techniques enable
the algorithm to anticipate network demands and adjust
resource allocations preemptively based on real-time data
and workload characteristics [45-54].
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Figure.3 Methodology for the Proposed Dynamic
Adaptive Workload Distribution Algorithm (DAWDA).

Overall, this structured approach ensures efficient
resource utilization across the network, significantly
enhancing overall system performance. It addresses the
limitations of traditional workload distribution methods by
providing a flexible and responsive solution that adapts to
real-time data and network conditions, setting a new
standard for smart network operations.

3 PROPOSED DYNAMIC ADAPTIVE WORKLOAD
DISTRIBUTION ALGORITHM (DAWDA)

Figure.4 shows the proposed architecture of Dynamic
Adaptive Workload Distribution Algorithm (DAWDA) is
designed to optimize real-time data processing within a
hierarchical network structure that includes 10T devices,
fog nodes, and cloud nodes. This system starts with 10T
devices that generate and submit tasks based on the data
they collect. These tasks are then sent to a central
processing unit, which maintains a collection of real-time
tasks. If the elapsed time for any task is less than a defined
threshold (), it ensures that these tasks are processed
promptly to maintain efficiency. The fog broker acts as an
intermediary between the central unit and the fog nodes. It
uses the DAWDA to dynamically allocate tasks to
available fog resources, taking into account the current
workload and resource availability. The fog nodes, which
consist of virtual machines (VMs), handle the assigned
tasks. DAWDA ensures that these nodes operate efficiently
by managing both available and saturated resources
dynamically. If the fog nodes become saturated or unable
to process the tasks within the required time frame, the
workload is offloaded to cloud nodes. These cloud nodes
also consist of VMs and serve as a backup, handling
overflow tasks from the fog nodes.

The cloud beaker plays a crucial role in monitoring the
overall system performance. It adjusts the workload

distribution between fog and cloud nodes to ensure that
tasks are processed efficiently, maintaining a balance
between the two types of resources. This hierarchical and
adaptive approach provided by DAWDA ensures that
resources are utilized efficiently across the network,
enhancing the overall system performance.
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Figure.4 The proposed architecture of Dynamic
Adaptive Workload Distribution Algorithm (DAWDA)

DAWDA leverages advanced machine learning
techniques, including reinforcement learning and
predictive modeling, to dynamically adjust resource
allocations based on real-time data and network conditions.
This ensures optimal performance and high levels of
resource efficiency even under unpredictable conditions.
The applications of DAWDA are vast, including smart
cities, healthcare, and industrial settings, where real-time
data processing is critical. By addressing the limitations of
traditional methods like Round-Robin scheduling and
Static Resource Allocation, DAWDA provides a flexible
and responsive approach to resource allocation.

In conclusion, DAWDA represents a significant
advancement in smart networking. It introduces a dynamic
and adaptive workload distribution mechanism that ensures
efficient utilization of resources across fog and cloud
nodes. This results in improved performance, reduced
latency, and enhanced scalability, setting a new standard
for smart network operations and offering robust solutions
for various loT-based applications.

3.1  Proposed mathematical models:

3.1.1  Throughput (T)

The throughput parameter (T) in the proposed equation
measures the total amount of data processed successfully
by the system within a given time frame as given in
equation.1. This parameter reflects the system's efficiency
in handling tasks. The baseline throughput (T, gserine) 1S the
performance level using traditional methods. The
improvement in throughput is captured by the factors ATy,
and ATpy , which represent enhancements due to
Reinforcement Learning and Predictive Modeling,
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respectively. The weighting factors «, 8, and y help
integrate these contributions into the overall throughput
with DAWDA (Tpawpa)- Algorithm.1 shows the step-by-
step execution process of the throughput and its pseudo
code represented in pseudo code.1

Tpawpa = (Tpasetine X (1 + @ X ATg,)) + (ﬂ X

Thaseline
1+y)<ATpM) (l)
Algorithm.1

3.1.11  Throughput Algorithm_1

Step_1: Initialize baseline throughput (T, gserine)-
Step_2: Initialize weighting factors (a, 8,y).

Step_3:  Calculate  improvement factors  from
Reinforcement Learning (ATg;) and Predictive Modeling

(ATpp).

Step_4: Compute throughput with DAWDA (Tpawpa)

using the formula: Tpawpa = Tpasetine X (1 +a X
Thaseline

ATRL) + ﬂ x 1+yXATppy

3.1.1.2  Pseudo Code_1:

a. Initialize T_baseline
Initialize a, B, v
€. Function calculate Throughput (T baseline, a, f3,
Y):
d. AT RL = calculate Throughput Improvement
Reinforcement Learning ()
e. AT _PM = calculate Throughput Improvement
Predictive Modeling ()
f. T DAWDA =T baseline * (1 + o * AT _RL)+p
* (T baseline / (1 +y * AT_PM))
g. Return T_DAWDA
3.1.2  Resource Utilization (U)
Resource utilization (U) quantifies how effectively the
system uses its available resources, such as computational
power and memory. The baseline resource utilization
(Upgsetine ) 18 compared with the improved utilization
under DAWDA ( Upawpa )- Improvements from
Reinforcement Learning and Predictive Modeling are
represented by AUg, and AUy, wWhile AUg accounts for
adjustments due to resource saturation. The parameters
d,€, and ¢ are weighting factors that balance these
influences, providing a comprehensive view of resource
efficiency improvements. its computation has been done

using equation (2). Algorithm.2 shows the step-by-step
execution process of the Resource Utilization and its
pseudo code represented in pseudo code.2

UDAWDA = (Ubaseline X (1 + & % AURL)) X (1 +tex

Dars) @
Algorithm.2
3.1.2.1 Resource Utilization Algorithm.2
Step_1: Initialize baseline resource utilization
(Upasetine)-

Step_2: Initialize weighting factors (6, €, {).

Step_3: Calculate improvement factors from
Reinforcement Learning ( AUg, ) and Predictive
Modeling (AUpy).

Step_4: Calculate saturation adjustment factor (AUs).

Step_5: Compute resource utilization with DAWDA
(Upawpa) using the formula:Upawpa = Upaseiine X

AUppym
(1+5><AURL)><(1+E><1+MUS)
3.1.2.2  Pseudo Code.2
a. Initialize U_baseline
b. Initialize 3, €, ¢
c. Function calculate  Resource  Utilization
(U_baseline, d, g, 0):
AU RL = calculate Resource Utilization
Improvement Reinforcement Learning()
AU PM = calculate Resource Ultilization
Improvement Predictive Modeling()
AU_S = calculate Saturation Adjustment()
U DAWDA = U baseline * (1 + & * AU RL)
*(1 +¢* (AUPM / (1 + ¢ * AU S))
d. Return U_DAWDA
3.1.3  Reduction in Latency (L)

Latency (L) represents the delay experienced in processing
tasks within the system. The baseline latency (Lpgserine)
indicates the performance under traditional methods. The
reduction in latency achieved by DAWDA (Lpawpa) iS
enhanced by factors ALg, and ALp,,, which reflect the
contributions  from  Reinforcement Learning and
Predictive Modeling. The parameter ALg addresses
adjustments for saturation conditions. Weighting factors
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n, 6, and ¢ integrate these components to present a detailed
analysis of latency reduction through DAWDA's adaptive
mechanisms.  Algorithm.3 shows the step-by-step
execution process of the Reduction in Latency and its
pseudo code represented in pseudo code.3

1
(1) (ox
1+nXALRy,

Algorithm.3

) (3)

L = (Lyase
DAWDA baseline 1+1XALg

3.1.31
Reduction in Latency Algorithm_3:
Step_1: Initialize baseline latency (Lpgserine)-
Step_2: Initialize weighting factors (n, 6, v).

Step_3: Calculate reduction factors from
Reinforcement Learning (ALg,) and

Predictive Modeling (ALp,,).

Step_4: Calculate saturation adjustment factor

(ALs)
Step_5: Compute latency with DAWDA
(Lpawpa) using the formula:
L =1 X ! ALpy
DAWDA — “baseline 1+ n % ALRL 14X ALS

3.1.3.2 Pseudo Code_3
a. Initialize L_baseline
Initialize n, 6, 1
c. Function calculate Latency (L_baseline, n, 6, 1):

AL RL = calculate Latency Reduction
Reinforcement Learning()
AL PM = calculate Latency Reduction
Predictive Modeling()

AL S = calculate Saturation Adjustment()
L DAWDA = L baseline * (1 / (1 + n *
AL RL)) - 8 * (AL PM / (1 + ¢« * AL Y9))
Return L_DAWDA

3.1.4  Real-Time Data Processing Capabilities

Real-Time Data Processing Capabilities (C) is a measure
of the system's ability to handle and process data in real
time. This parameter can be quantified by considering
factors such as data throughput, resource utilization
efficiency, and latency reduction. Here is a proposed

complex and integrated mathematical equation.4 for Real-
Time Data Processing Capabilities

T U
Comon = (2224 s (1 4 x 22024 (1 4 g
DAWDA baseline

APppy ) (4)

1+yXAPRy,

Where Cpawpa IS described the Real-Time Data
Processing Capability with DAWDA, Tpawpa iS the
throughput with DAWDA, Lpawpa iS presented the
latency with DAWDA, Up awp4 IS the resource utilization
with  DAWDA, Upgsetine 1S the baseline resource
utilization using traditional methods, APy, is identified as
performance improvement factor from Predictive
Modeling, APy, is represented as the performance
improvement factor from Reinforcement Learning and
a, B,y are weighting factors to balance the contributions

of each term. The term “2A%P4 cantyres the efficiency of
Lpawpa

data processing in terms of throughput per unit of latency,

The factor 1 + a X :}"’Aﬂ adjusts the capability based

baseline
on the relative improvement in resource utilization and
APppy . -

The term 1 + B X Tryeara further adjusts the capability
based on the contributions of Predictive Modeling and
Reinforcement Learning to overall system performance.
Algorithm.4 shows the step-by-step execution process of
the Real-Time Data Processing Capabilities and its pseudo
code represented in pseudo code.4

3.1.41  Algorithm.4

Real-Time Data Processing Capabilities Algorithm_4:
Step_1: Calculate throughput (Tp swpa)
Step_2: Calculate latency (Lpawpa)-
Step_3: Calculate resource utilization (Up sy pa)-

Step_4: Initialize baseline resource utilization
(Ubaseline)-

Step_5: Initialize weighting factors (a, 5,7).

Step_6: Calculate performance improvement
factors from Predictive Modeling

(APpy ) and Reinforcement Learning
(APgy).

Step_7: Compute real-time data processing
capabilities (Cpawpa) Using the
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formula:  Cpapwpa = (T’Mﬂ) X (1 +

Lpawpa

U AP

o X DAWDA)X(1+ﬂX PM )
Ubaseline 1+yXAPRL

3.1.4.2 Pseudo Code 4
a. Function calculate Real Time Processing
Capabilities (T_DAWDA, L_DAWDA,
U_DAWDA,

b. U baseline, a, B, v):
C. AP _PM = calculate Performance Improvement
Predictive Modeling()
d. AP RL = calculate Performance Improvement
Reinforcement Learning()
e. C_DAWDA = (T_DAWDA / L_DAWDA) * (1
+ a * (U DAWDA / U baseline)) * (1 + p *
(AP PM /(1 +y * AP_RL)))
f.  Return C_DAWDA
3.1.5 Proposed Mathematical Model for Workload
Distribution in Smart Networking

Workload distribution in smart networking (W)
measures the effectiveness of distributing tasks across
various nodes in a network to optimize performance and
resource utilization. The proposed equation integrates
multiple factors to reflect the dynamic and adaptive nature
of the DAWDA approach as mentioned in equation.5

Wpawpa = (TDAWDA) x (1 +ax UDAWDA) % (1 + B x

Lpawpa Ubaseline

i) (5)

1+yXARRL

Where Wpawp4 i represented the workload distribution
effectiveness with DAWDA. Tpawpa IS described the
throughput with DAWDA, Lpawpa 1S identified as the
latency with DAWDA, Upaiwp 4 iS the resource utilization
with  DAWDA, Upgseiine 1S the baseline resource
utilization using traditional methods, ARp, is the
improvement factor from Predictive Modeling, ARy, is
the improvement factor from Reinforcement Learning,
a, B,y are weighting factors to balance the contributions

of each term. The term 224%24 cantyres the efficiency of
Lpawpa

data processing in terms of throughput per unit of latency.
The factor 1+ a x—24"PA adjusts the workload

baseline

distribution effectiveness based on the relative
improvement in resource utilization. The term 1+

B % —SRPM_ fyrther adjusts the effectiveness based on
1+yXARRL

the contributions of Predictive Modeling and
Reinforcement Learning to the overall system
performance. This equation provides a comprehensive

measure of the system's workload distribution
effectiveness by integrating throughput, latency, resource
utilization improvements, and the specific impacts of
advanced machine learning techniques used in DAWDA.
Algorithm.5 shows the step-by-step execution process of
the proposed workload Distribution in Smart Networking
and its pseudo code represented in pseudo code.5

3.1.51 Algorithm.5

Proposed workload Distribution in Smart Networking
Algorithm_5

Step_1: Calculate throughput (Tpawpa)-

Step_2: Calculate latency (Lpawpa)-

Step_3: Calculate resource utilization (Upawpa)-

Step_4: Initialize baseline resource utilization (Upgserine)-
Step_5: Initialize weighting factors (a, 8, y).

Step_6: Calculate improvement factors from Predictive
Modeling (ARp,,) and Reinforcement Learning (ARg,).

Step_7: Compute workload distribution effectiveness
(Wpawpa ) Using the formula: Wy ypa = (T”Aﬂ) X

Lpawpa

U AR

(1+ax—DAWDA) X (1+ﬁx—”“ )
Upaseline 1+yXARRL

3.15.2 Pseudo Code 5

Function calculate Workload Distribution Effectiveness
(T_DAWDA, L_DAWDA,

U DAWDA, U _baseline, a, B, v):

AR PM = calculate Improvement Factor Predictive
Modeling()

AR_RL = calculate Improvement Factor Reinforcement
Learning()

W_DAWDA = (T_DAWDA /L DAWDA) * (1 +a *
(U _DAWDA /U baseline)) * (1 +p * (AR PM /(1 +vy*
AR _RL)))

Return W_DAWDA.

4 RESULTS AND DISCUSSION

For the performance analysis, simulation parameters have
been considered to compare the proposed and




1

R
o)

conventional methods using MATLAB 2024a. Table 1
shows the simulation parameters and values for better

Int. J. Com. Dig. Sys. #, No.#, ..-.. (Mon-20..) %7 9
Proposed Method (DAWDA)
——RRS k
1700 - ——SRA
——SJFS

analysis and comparison between the proposed and

conventional methods.

Table.1 simulation parameters

SILNO Parameters Values
1 Throughput (Thaseline) 1000
tasks/sec
L a=0.1,=

2 Weighting factors (a, B, y) 0.05,7= 0.02

3 Improvement factors ATRL =0.3,
(ATRL, ATPM) ATPM =0.2
Resource Utilization

4 (Ubaseline) 5%

5 Weighting factors (9, €, {) 5=0.1, €=

> 0.05,(=0.02

6 Improvement factors AURL = 0.3,
(AURL, AUPM) AUPM =0.2

7 Saturation adjustment factor 01
(AUS) '

8 Latency (Lbaseline) 200 ms

L n=0.1,0=

9 Weighting factors (1), 0, 1) 0.05, 1= 0.02

10 Reduction factors (ALRL, ALRL =0.3,
ALPM) ALPM = 0.2

11 Real-Time Data Processing 1500
Capabilities (CDAWDA) tasks/sec
Improvement factors for

12 Predictive Modeling and APPM =0.2,
Reinforcement Learning APRL =0.3
(APPM, APRL)

Baseline resource utilization

13 (Ubaseline) 5%

14 Workload distribution 1600
effectiveness (WDAWDA) tasks/sec
Improvement factors for _

15 | workload distribution AAII{{I;\E _ 8?
(ARPM, ARRL) :

Figure.6. illustrates the performance of the proposed
Dynamic Adaptive Workload Distribution Algorithm
(DAWDA) compared to conventional methods (Round-
Robin Scheduling, Static Resource Allocation, and
Shortest Job First Scheduling) in terms of throughput.
Throughput is measured in tasks per second. The proposed
method demonstrates higher throughput, indicating its
efficiency in handling a larger number of tasks within the
same time frame.

1600

1500
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1300

Throughput

1200 «

1100 4

1000
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0 200 400 600 800 1000
Task/Sec

Figure.6. Performance Analysis of Throughput.

Figure.7 compares the resource utilization efficiency of
the proposed method against conventional methods.
Resource utilization is represented as a percentage. The
proposed method shows improved resource utilization,
highlighting its effectiveness in making better use of
available computational resources, thus reducing wastage
and increasing overall efficiency.
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Figure.7. Performance Analysis of Resource Utilization

Figure.8 shows the comparison of latency between the
proposed method and conventional methods. Latency is
measured in milliseconds (ms). The proposed method
exhibits lower latency, indicating faster task processing
times. This reduction in latency is crucial for real-time data
processing applications where timely responses are
critical.
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Figure.8. Performance Analysis of Latency.
Figure.9. assesses the real-time data processing

capabilities of the proposed method compared to
conventional methods. Real-time data processing
capabilities are measured in tasks per second. The
proposed method shows superior capabilities,
demonstrating its ability to handle more tasks in real-time,
which is vital for applications requiring immediate
processing and responses.

1550
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Figure.9. Performance Analysis of Real-Time Data
Processing Capabilities.

Table 2 provides a detailed numerical comparison of the
key performance metrics for the proposed method
(DAWDA) against conventional workload distribution
methods. Each parameter is measured and presented in a
structured format, facilitating easy comparison. The table
clearly shows that DAWDA outperforms the other
methods in terms of throughput, resource utilization,
latency, and real-time data processing capabilities. This

comprehensive analysis underscores the effectiveness and
efficiency of DAWDA in optimizing workload
distribution in smart networking environments.

Table.2 Performance Comparison Analysis

Propos Round- Static | Shortes
ed Robin Resou t Job
Para | Metho Schedu rce First
meters d ling Alloca | Schedu
(DAW (RRS) tion ling
DA) (SRA) | (SJFS)
Throughput | 4564 | 1300 | 1200 | 1250
(tasks/sec)
Resource
Utilization 90 70 60 65
(%)
Latency 150 | 250 | 300 | 280
(ms)
Real-Time
Data
Processing 1600 1400 1300 1350
Capabilities
(tasks/sec)

Figure.10 provides a comprehensive comparison of the
performance metrics between the proposed Dynamic
Adaptive Workload Distribution Algorithm (DAWDA)
and conventional methods (Round-Robin Scheduling,
Static Resource Allocation, and Shortest Job First
Scheduling). The parameters compared include
throughput, resource utilization, latency, and real-time
data processing capabilities. The figure demonstrates the
superiority of DAWDA in all measured aspects,
highlighting its efficiency and adaptability in dynamic
networking environments.
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Fig.10. Performance Comparison Analysis.
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