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Abstract
To meet latency constraints, fog computing
takes computational assets to the network edge.
Blockchain and reinforcement learning are
increasingly being integrated into the Industrial
Internet of Things (IIoT) to enhance security and
efficiency. This study introduces a Reinforcement
Learning-based Resource Scheduling Approach
for Blockchain Networks in IIoT. Unlike previous
studies, which mainly focus on either blockchain
security or resource allocation, our approach
integrates reinforcement learning for dynamic
resource scheduling, improving efficiency while
minimizing latency. The methodology is illustrated
through a flowchart. Simulation results validate the
effectiveness in multiple scenarios. Future work
includes enhancing inter-node communication
reliability.
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1 Introduction
The exponential growth of the Internet of Things
(IoT) has introduced significant challenges in data
management, processing, and resource optimization.
With the increasing number of IoT devices generating
vast amounts of data, ensuring efficient task
scheduling and resource allocation is becoming
a critical concern. Traditional cloud computing
architectures struggle to meet the real-time processing
demands of Industrial IoT (IIoT) applications
due to inherent issues such as high latency [1],
network congestion, and centralized decision-making.
Consequently, the paradigm of fog computing has
emerged to bring computational resources closer
to the network edge, reducing response times and
enhancing scalability.

However, fog computing presents its own set
of challenges, particularly in optimizing resource
scheduling across multiple edge devices while
ensuring minimal latency and energy efficiency.
Existing solutions often rely on static scheduling
approaches, which fail to adapt to dynamic network
conditions and fluctuating workloads. Additionally,
blockchain technology has been proposed as a
promising solution to enhance security and trust
in IIoT networks. While blockchain ensures data
integrity and decentralized consensus, it introduces
computational overhead; meanwhile, the integration of
blockchainwith fog computing has been systematically
examined to identify open research challenges [2],
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and deep reinforcement learning has demonstrated
effectiveness in dynamic resource management for
mobile edge computing in IIoT environments [3],
making integrated and efficient resource management
even more critical.

To address these challenges, this study proposes the
Reinforcement Learning-Based Resource Scheduling
Approach for Blockchain Networks in IIoT. Unlike
traditional schedulingmethods that rely on predefined
rules or heuristics, the proposed approach leverages
reinforcement learning (RL) to dynamically allocate
resources based on real-time system conditions.
This approach enables adaptive decision-making,
optimizing task execution while balancing the
trade-off between performance, latency, and energy
consumption. Furthermore, IoT tasks vary across
different locations and could require different
computational resources.

As a result, task allocation decisions must be modified
in accordance with the task results. In general,
the active interface location is not static, and each
location produces several computing errands, which
are then offloaded to nearby edge servers (ESs). All
decisions on SR allocations must be made by the
ES boss. Estimating the potential position based on
upcoming SRs is difficult and unrealistic to optimise
in practise. As a result, an optimised approach
is necessary to make node-level resource allocation
decisions based on energy-efficient node selection
and the current state of the network, in order to
solve the SR allocation issue [4]. Furthermore, due
to limited battery power, energy usage between
different locations plays a critical role. More
energy consumption at the present location could
deplete energy for subsequent processes; dynamic
offloading and resource scheduling strategies have
been explored to address energy constraints in mobile
edge computing systems with energy harvesting
devices [5], making the development of a secure
and reliable online scheduling algorithm a difficult
task, particularly given the need for concealed node
management in dynamic wireless environments [6].
To address the aforementioned issues, a deep
reinforcement learning approach is devised for
formulating demand-driven task allocation decisions.
The key contributions of this study are summarized as
follows:

1. Intelligent Resource Scheduling - An RL-driven
strategy is introduced that dynamically allocates
computing resources within fog computing

infrastructures, which represent a key paradigm
addressing state-of-the-art research challenges in
edge intelligence [7], improving system efficiency
compared to static or heuristic-based scheduling
approaches in fog-cloud IoT environments [8].

2. Blockchain Integration for Secure Transactions
- The proposed framework ensures secure
and transparent resource allocation by
incorporating blockchain alongside deep
reinforcement learning-based task offloading,
mitigating security and efficiency risks in
IIoT environments [9], while simultaneously
maintaining energy-aware load balancing and
scheduling to improve resource utilization
efficiency in industrial IoT deployments [10].

3. Scalability and Adaptability - The proposed
method adapts to varying workload demands
and network dynamics through opportunistic
offloading strategies, making it suitable for
large-scale IIoT applications [11].

4. Performance Optimization - Through extensive
simulations, it is demonstrated that the proposed
method significantly reduces latency, enhances
resource utilization, and outperforms existing
scheduling techniques.

The remainder of this paper is structured as follows:
Section 2 reviews related work, highlighting gaps
in existing studies. Section 3 presents the system
framework, detailing the proposed architecture.
Section 4 describes problem formulation. Section
5 presents the proposed algorithm. Section 6
describes the comparison with previous studies.
Section 7 presents the methodology and reinforcement
learning model. Section 8 describes the dataset
and preprocessing steps. Section 9 evaluates the
performance through simulations. Section 10 discusses
the results. Finally, Section 11 concludes the paper,
outlines future research directions, and presents the
study’s limitations.

2 Related Work
This section describes the correlations between existing
research projects and their differences. Nevertheless,
scientists focus with diverse probability methods on
improving task distribution and asset scheduling in
IoT environments. The authors focus on dynamically
adjusting resource allocation according to task
demands.
In [12], performance and cost-efficient job scheduling
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is studied for Apache Spark in cloud computing
environments, where a deep reinforcement learning
approach is proposed to optimize resource utilization
and reduce monetary cost under Service Level
Agreement (SLA) constraints.

In [13], the Hierarchical Adaptive Federated
Reinforcement Learning (HAFedRL) framework is
proposed for robust resource allocation and task
scheduling in hierarchical IoT networks. At the
local edge host level, a primal-dual update-based
deep deterministic policy gradient (DDPG) method
is employed for effective individual task resource
management.

In [14], the article explores the application of
deep reinforcement learning to enhance reliable
transmissions in IoT networks, addressing challenges
also surveyed in the context of blockchain-enabled
IIoT systems [15]. It delves into problem formulation,
parameter selection, existing challenges, and potential
future research directions in this domain.

Reference [16] presents a reinforcement
learning-based approach for Directed Acyclic Graph
(DAG) task scheduling in edge–cloud collaboration
systems, aiming to optimize task execution efficiency
and resource utilization.

The study in [17] introduces a coalitional game-guided
reinforcement learning approach for peer-to-peer
resource trading in sliced Industrial Internet of Things
(IIoT) networks, focusing on enhancing resource
allocation efficiency and overall network performance.

They also focus on the development of new resource
strategies that satisfy multiple research objectives.
In [18], energy-efficient resource allocation is
studied for mobile-edge computation offloading,
demonstrating that joint optimization of computation
and communication resources can substantially
reduce energy overhead in distributed edge
environments. In [19], the authors propose a
maximal energy-efficient task scheduling scheme for
homogeneous fog networks, demonstrating that joint
optimization of energy consumption and scheduling
latency can significantly improve resource utilization.
Furthermore, the integration of blockchain into
industrial IoT environments has been systematically
reviewed, highlighting security and application
scenarios across Industry 4.0 [20]. In [21], a delay and
energy balanced task scheduling scheme is developed
for homogeneous fog networks, jointly optimizing
communication delay and energy consumption to

improve end-to-end task execution efficiency. In [22],
joint task offloading and resource allocation are
addressed for multi-server mobile edge computing
networks, providing an optimization framework that
balances computational load across distributed edge
servers.

In [23], the workload allocation problem is addressed
by jointly optimizing computational cost and
device energy consumption for task offloading
across multi-tier edge-cloud systems, providing a
multi-objective framework that reduces operational
costs. However, the study does not explore task
scheduling in IoT–Fog networks with active IoT
devices. In [24], the trade-off between local
computing and fog offloading is investigated in
SWIPT-enabled fog networks, with performance
evaluation focusing on energy harvesting efficiency
and computation latency under varying workload
conditions. However, most existing methods fail to
balance secure communication with dynamic task
offloading. At the node level, distributed selection
mechanisms have been proposed to ensure secure
and concealed node management in dynamic wireless
sensor networks [6], providing a reference for
security-aware scheduling in IoT–Fog environments.

In [25], local computing versus offloading decisions
are studied in fog-assisted multi-user SWIPT
networks, where energy harvesting constraints and
computational resource limitations jointly influence
the optimal task allocation strategy. In [26], a virtual
machine selection method is proposed based on
resource ranking and utilization factors in cloud
computing for IoT, aiming to improve resource
efficiency and reduce unnecessary energy expenditure
in heterogeneous environments. In [27], cloud
service reliability is enhanced through virtual machine
placement optimization, demonstrating that intelligent
resource allocation strategies can effectively reduce
service failure rates and improve overall infrastructure
stability. However, these techniques primarily focus
on resource failures in IoT–Fog systems.

The single-edge server (ES) utilizes an IoT–Fog
device offloading solution to execute the processed
data while enabling peer-to-peer collaboration.
However, there is very limited literature [28]
addressing multi-objective workflow scheduling in
cloud environments that simultaneously considers
fault recovery and inter-node coordination among
neighbouring computing resources. In [29], a
hierarchical mobile edge computing framework is
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Figure 1. Proposed system architecture.

Table 1. Comparison with previous studies.

Study Approach Limitation Enhancement
Aburukba et
al. [8] Static Heuristic Scheduling High Latency RL-Based Adaptive Scheduling
Alladi et
al. [20]

Blockchain Security
Mechanisms

No Resource
Optimization Integrated Scheduling with Security

Mouradian et
al. [7]

Centralized Fog
Computation Network Bottleneck Decentralized Edge Processing

proposed with an auction-based profit maximization
approach, which reduces service request execution
time by intelligently distributing workloads across
layered edge nodes. However, the queue length under
ES maintenance is not taken into account. In [30],
application-aware workload allocation is studied for
edge computing-based IoT, where task characteristics
are matched to available edge resources; however,
priority is not given tomulti-user scenarios or dynamic
inter-node coordination. In [31], a hybrid method is
developed to minimize service delay in edge cloud
computing through virtual machine migration and
transmission power control, which plays an important
role in reducing task execution latency in multi-tenant

scenarios. However, neither system considers queue
waiting, particularly under inefficient coordination
with neighbouring nodes.

The study in [32] addresses QoS-aware fog resource
provisioning and mobile device power control to
facilitate efficient Fog–IoT networks while minimizing
operational costs. However, the balance between
mission delivery cost and reliability has not been
thoroughly investigated. In this paper, an RFTRS
multi-objective mechanism is proposed to evaluate
the trade-off in a deep learning environment among
efficient resource distribution, asset scheduling rates,
and cost optimization.
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3 System Framework
The proposed architecture of blockchain networks for
IIoT assisted by cloud/fog computing enables a cloud
server, as shown in Figure 1. This design leverages
the Fog-as-a-Service paradigm to enhance computing
capabilities at the network edge [33]. Consider, the
edge servers (ESS) and end-users (EUs) are deployed
randomly over the monitoring area. However, we
consider different application work-flows (AWS), and
the set is denoted asW = {1, . . . ,W}, make sure that
every AW can demand several CPU cycles to execute
the service requests (SRs)/tasks. Note that, EU can
trigger one SR at a time. Table 1 lists all main notations.
The goal of the blockchain is to optimise each user’s
expected utility, which is defined as follows for miner
i:

ui = (R+ rti)pi (αt, (xi, x−1) ,−pixi (1)

where P (αi (xi, xi−1) , ti) is the probability that miner
i successfully mines the block and its solutions reach
consensus, Miner i for example, is the winner of the
mining prize. The mining step and the propagation
step are both necessary for successfully mining a
block. The likelihood that miner i would mine the
block in the mining phase. Its processing power is
directly proportional to its size. Furthermore, one’s
chances of winning diminish as time passes. The
miner selects a block with a slow propagation rate
to propagate, the propagation stage to other miners.
Even if one miner finds the first valid block, if its
mined block is big, it is likely to be discarded due
to long latency, a phenomenon known as orphaning
Porphan (ti). Considering this fact, the probability of
successful mining by miner i is discounted by the
chances that the block is orphaned, which is expressed
by:

Pi (αi (xi, xi−1) , ti) = αi
(
1− Porphan (ti)

) (2)

where ti is the block propagation time, the propagation
time needed for a block to reach consensus is
dependent on its size ti, i.e., the number of transactions
in it. Thus, the bigger the block is, the more time
needed to propagate the block to the whole blockchain
network, we assume this time function is linear, i.e.,
with z > 0 represents a given delay factor. Thus,
the probability that the miner i successfully mines a
block and its solution reaches consensus is expressed
as follows:

Pi (αi (xixi−1) , ti) = αie
−λxti (3)

where αi (xi, xi−1) is given in Eq. (1)

3.1 Attribute Analysis in AW allocation
At the beginning, the EU must use its capital at an
interval of [τ, τ + 1) to implement the assigned SR.
However, if the EU needs more CPU cycles because
of insufficient resources, it cannot perform and can’t
reach the SR deadline. The EU must then discharge
part of SRs into the surrounding ES. Consider that
the EU scheduler permits two queues and works
concurrently with local execution and downloading.
We need to calculate the probability of offloading
the content to the nearby jth ES. Consider, ρz,j be a
probability of content offloading between zth EU and
jth ES. Here, ∂αz = ρz,j · ∂z represents SR arrival rate
of zth EU offloading queue and ∂lcz = (1 − ρz,j) · ∂z
represents SR arrival rate of zth EU local computing
queue.
The expected SR completion time must be constrained
by its deadline, evaluated with Eq. (4).

κiz = κcomiz + κproiz

= αjiz ×

 J∑
j=1

(
biz

comzj
+
biz · ∂iz
fj

) , ∴ κiz 6 κWz

(4)

where κcomiz = ajiz ×
biz

comzj
, κproiz = ajiz ×

biz ·∂iz
fj

represents the communication and computation delay
respectively.

3.2 Identifying Potential Node
At first, We estimate the behavioural association rate
barz,z+1(τ) of z, z + 1 at time slot with Eq. (5).

barz,z+1(τ) =

∏
Corz∈CorτZ

actτz×actτz+1√ ∏
Corz∈CorτZ

(actτz )
2×

√ ∏
Corz∈CorτZ

(actτz+1)
2

(5)
By considering the bar value at each slot, the EU
feasibility factor is estimated by the equation of below
(6). It plays an important role in preventing the EU
from becoming redundant and qualified.

Fz(τ) =

∑
Corz∈CorτZ

barz,z+1(τ)× actτz+1∑
Corz∈CorτZ

barz,z+1(τ)
(6)

where actτz+1 refers activity of the current devices at
time slot τ . The targeted device accessing probability
ρ(z|z + 1) is estimated by a weighting factor function
dist(z −−z + 1) with Eq. (7). It was used to analyse
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the viability of the goal node on a given slot, and this
value would be used by allocation of AW to determine
the completion time of ED or ES.

ρ(z|z + 1) =
dist(z, z + 1)∑

Corz∈CorτZ
(dist(z, z + 1), biz)

(7)

In addition, we analyse those features of special
interest across time slots, so that certain users can use
the adulation factor without analysing the gap. Eq. (8)
is used for the estimation of adulation element. Where
α corresponds to the weight between the present
adulation value and long-term one. Cross verification
matrix of the EU adulation element is seen in Eq. (9).

aduz|z+1 = α× |M τ
z |∑

Corz+1∈CorZ

∣∣M τ
z+1

∣∣ (8)

M τ
24×z =


m11 m12 m1z

m21 m22 m2z

. . . . . . . . .
m241 m242 m24z

 (9)

4 Problem Formulation
The system model focuses on developing problems
with the timing of the work by exchanging resources
on demand in the IoT framework with minimised
time. For example, EU transmitted b bits/second (for
example the camera) to jth ES. Normally, not all SRs
can offload towards cloud or nearby ESs. If the ES
allows the data size bi,z to be set to δji = νzi × bi,z .
The value of the data executed by zth EU and νzi sum
of the data executed by jth ES corresponds to the
amount of data performed by ES. In certain situations,
the ES may move a certain amount of workload to
neighbouring nodes, while devices are possible for
workload adaptation or if they are transferred to the
cloud. The following terms and concepts should be
taken into account in this case.
Definition 1: Suppose the ES accepted to
accommodate the workload, though it has to
manage local sub-workloads which are in the pipeline
to execute or may offload to another nearby node or
it may offload to cloud. In this scenario, it may take
some time, right way to accomplish the allocated
workload–the ready time (γij,j+1) described as the
most prime time while whole pressing antecedents of
it ought completed execution in Eq. (10).

γij,j+1 = max
i∈pred(νxi )

{
max

{
℘iij , ℘

i
ic, ℘

com (νzi )
}} (10)

where ℘iij , ℘
i
ic, ℘

com (νzi ) refers completion time of
ES, cloud and completion time to transmit the data
respectively. But i has three cases.
Case 1: If ℘com (νzi ) < ℘iij and ℘com (νzi ) < ℘iic, then
the ready time is to be Eq. (11). ∴ î ∈ pred(νxi ).

γij,j+1 = max
{

(1− xij)× ℘iij + xij × ℘iic
} (11)

Case 2: If ℘com (νzi ) > ℘iij and ℘com (νzi ) > ℘iic, then
the ready time is to be Eq. (12).

γij,j+1 = ℘com (νzi ) (12)

Case 3: If ℘com (νzi )
∣∣∣{℘iij , ℘iic , then the ready time is to

be Eq. (13).

γij,j+1 = Max
{
℘iij , ℘

i
ic

} (13)

Definition 2: The completion time of SR on jth ES,
where (j 6= j + 1), is defined as summation of ready
time and computation time and it is estimated as
Eq.(14).

ϕij,j+1(ν
j+1
j ) = γij,j+1(ν

j+1
j ) + χij,j+1(ν

j+1
j ) (14)

Case 1: If there is no transmission wait queue while
local execution on ES, then the sub-SR finish time is
estimated by Eq. (15).

ϕtruei,z (νzi ) = ℘com(δji ) + χij,z(ν
z
i ) (15)

Case 2: Similarly, the cloud server required some time
to execute the received SR is estimated by Eq. (16)

ϕij,c(ν
c
j ) = γij,c(ν

c
j ) + χij,c(ν

c
j ) (16)

Definition 3: Computation time on each ES is
described as the summation of computation latency

δjt
2oj(oj−δjt )

, delay to fetch entail data to execute the SR
1
oj
, required to complete the sub-task on ES (χ̂ij,j+1)

and it is evaluated with Eq. (17)

χij,j+1(ν
z
i ) =

δjt

2oj(oj − δjt )
+

1

oj
+ χ̂ij,j+1

χ̂ij,j+1 =
δjt
µj

(17)

Now, optimizing the latency while sharing the
resources among ES to accomplish balanced resources
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usage. Therefore, the manuscript anticipation is
defined as Eq. (18).

Avg MinJ,v


Max

(
ϕij,j+1(ν

j+1
j ), ϕtruei,z (νzi ), ϕij,c(ν

c
j )
)

+
Z∑
z=1

J∑
j=1

κcomtzj

s.t νzi +
J∑
j=1

νj+1
j + νcj = 1


(18)

where
Z∑
z=1

J∑
j=1

κcomtzj refers total communication delay to
execute the task.

5 Proposed Algorithm

Algorithm 1: Proposed Algorithm
Data: 1. SR set: X = {1, . . . , X}
2. Blockchain based Edge servers set I[i]
Result: Adaptive SR allocation
while k 6= 0 do

Let initialize Y j
iz = 0;

foreach p ∈ q do
Let estimate
biz, comzj , ∂iz, Sj |z, fz, $z|j

i , ξ
z|j
i ;

foreach i ∈ I do
Estimate PF value by Eq. [20];
Estimating feasible ESs set by using
Algorithm [2];
Update I[i] in ascending order;
if κiz ≤ ΘW

zj then
ith node← t[k];
Update I[i] set;
Update Y j

iz = 1;
break;

end
else

Continue till SR allocation;
end

end
end

end
Return Adaptive SR allocation (Y j

iz = 1);

In this section, we proposed a heuristic algorithm
to execute the SR at the device level itself by the
involvement of device manger at each layer with
complete SR demands, such as SR length, compute
capacity, and the SR deadline, etc. It addresses the
local computing problem with less complexity. The
basic aim is to provide the SR to the ES which takes the

value of ΘW
zj less and is determined by Eq. (20). The

SR Allocation is handled according to the sequence of
the viable ES, by maintaining the ESs in the order of
ΘW
zj value. It must also fulfil the Eq. (19) requirement.

N∑
i=1

bi 6 Sj (19)

where Sj is the cumulative ES storage. The sub-SR
is otherwise to be discharged to the next ES which
meets all the conditions specified in the Algorithm
1. The proposed scheme for assigning SR to the ES
node is estimated at lines 1-13. Lines 5-11 predicts a
viable Node with a lower PF value of ΘW

zj (20) and
an eccentric prediction. The chosen targeted node is
responsible for running the SR on time.

ΘW
zj =

N∑
i=1

Z∑
z=1

J∑
j=1

(
κjiz + ξjiz

)
(20)

In IoT devices, energy optimization plays a vital role.
The energy consumption cost (ξjiz) of each device is
estimated as Eq. (21). Where, Ajz is power usage of
device.

ξjiz =
N∑
i=1

Z∑
z=1

J∑
j=1

(
Ajz × biz
comzj

)
× ajiz (21)

Algorithm 2: Blockchain Based ESS Algorithm
Data: 1. Blockchain servers set J [j] based on Fog

computing
2. Its all resource intensive sets
Result: Adaptive Feasible ESs set
while i 6= 0 do

Let initialize I lj 6= 0;
Let estimate comj , ∂j , fj , ξj ;
foreach i ∈ J do

Association Rate Estimate value by eq. 5;
Update I[i] set in descending order;
Estimate eq. 6;
Update I[i] set;
Estimate factor by eq. 7 and 8 to finalize the
priority of ES;

end
end
Return;

Selecting an ES is a hectic operation, but we assume
that the four types of attribute can be measured by
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means of graphology, as shown in Algorithm 2 that
selects the shortest path among all the hooked nodes
in the picture. Undirected graph theory allows the
selection by a weighted matrix mechanism of a fitting
ES to be concluded. We should estimate the bar value
of each ES to analyse its position comfort level and
the likelihood of choosing the next ES. The adulation
element used to analyse the previous record of the ES
and its matrix capacity, which can be observed in the
Algorithm 2. Since some fonts considered the distance
between nodes a parameter, we take the range and the
track record. This method can then be extended in the
IoT setting to choose a centralised ES.

6 Comparison with Previous Studies
Previous studies have explored different approaches
to resource scheduling and blockchain integration in
IIoT, but they exhibit several limitations. The primary
distinctions between prior studies and our work are
outlined below:

6.1 Static vs. Adaptive Scheduling
Most conventional resource scheduling methods rely
on static models, which fail to adapt to dynamic
workloads. These methods often lead to suboptimal
performance under varying network conditions. The
proposed approach leverages reinforcement learning
to dynamically allocate resources, significantly
reducing latency and improving overall efficiency.

6.2 Blockchain Security vs. Optimization
Prior studies primarily focus on blockchain-based
security mechanisms in IIoT without optimizing
resource allocation. While these solutions enhance
data integrity, they do not address computational
efficiency. The proposed approach integrates both
security and intelligent scheduling, ensuring a
balanced approach between security and performance.

6.3 Centralized vs. Decentralized Processing
Many existing solutions employ a centralized
cloud-based computation model, leading to network
congestion and increased latency. The proposed
model utilizes decentralized fog computing, which
brings computational resources closer to edge devices,
reducing network bottlenecks and improving response
times.

7 Methodology
The proposed system follows a reinforcement
learning-based approach for dynamic resource

allocation. Figure 2 provides a pictorial representation:

Figure 2. Proposed methodology flowchart.

8 Dataset Description and Preprocessing
The dataset used in this study consists of real-time IIoT
resource scheduling logs, including workload
characteristics, network latency, and energy
consumption metrics. The data is collected from
multiple edge servers and IoT devices operating under
varying network conditions.

8.1 Feature Extraction
To ensure optimal reinforcement learning-based
scheduling, key features are extracted from the dataset:
• Workload Metrics: CPU usage, memory

consumption, and execution time of each task.
• Network Parameters: Latency, bandwidth

availability, and packet loss rate.
• Energy Efficiency Indicators: Power

consumption and battery life of edge devices.
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• Blockchain Transactions: Number of recorded
transactions, block mining time, and consensus
latency.

8.2 Data Preprocessing Steps
The raw dataset undergoes multiple preprocessing
steps to improve model performance:
1. Data Cleaning:

• Removal of duplicate records and
inconsistent entries.

• Handling of missing values using
interpolation techniques for time-series data.

2. Feature Normalization:
• Standardization of numerical values using

min-max scaling to ensure uniformity across
features.

3. Filtering Techniques:
• Outlier detection using the Z-score method

to eliminate erroneous readings.
• Smoothing of fluctuating network latency

values using a moving average filter.
4. Noise Removal:

• Application of a Gaussian filter to remove
random fluctuations in sensor readings.

• Elimination of redundant network traffic logs
using a threshold-based approach.

These preprocessing steps ensure that the dataset
is optimized for training the reinforcement learning
model while maintaining data integrity.

9 Performance Analysis
In this part, the performance with MATLAB
simulation is evaluated for efficient SR allocation.
The computational capabilities of each device are
configured as shown in Table 2. We used a random
deployment field of 1000 × 1000 m. The effective
processing rate of each ES ranges between 250–750
cycles/s under the capacities given in Table 2. The
size of each SR is 15–20 MB. The data rate of each ES
ranges between 250–750 CC/s, with a storage capacity
of 150–250 GB and a communication bandwidth of 15
MHz. The transmission power of each device is 2.5
W, and its initial energy budget is ξ = 250 J, and the
notation meanings remain. As seen in Figure 3(a) and
ESS, we consider the loss of the antenna is around 4dB
and the gain is about 1dB.

Table 2. Device computational capabilities.

Device level Computing capacity(CPU cycles/s)
fz 5× 256
fj 100× 256
fc 250× 256

Figure 3(b) indicates variances in computational
workload between ESs. Using the capacities in Table 2,
the proposed method achieves a more balanced load
and lower peak utilization compared with other
approaches (distributed, PORA, TS-TA). In this case,
although current methods do not fully optimize
latency, they provide certain energy savings; the
proposed method jointly improves both using the
device capacities in Table 2.

Figure 3. Topology and load analysis.
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Figure 4(a) shows that a portion of the ES sub-SR
is uploaded to EU during the delay study, along
with the comparative ES workload analysis. As it is
downloaded into cloud or neighbouring ES during
local computing via ES, we cannot make the device
costs. We observe the time delay here where the ES
J = 3 is far higher than the rest of the ESs and their
local computer value. The delay seems to be increasing,
however, as EU counts and local computing scenarios
improve. The reason is that the ES resources are fully
utilized during local computation, except at the EU
and SR arrival stage.

Figure 4. Delay analysis of each ES J = 4 with 0.5 Mb/s.

Figure 4(b), demonstrates relation of delay analysis
to EUs. Assume that the ES count corresponds to the
EU, so the performance is a mailed discrepancy. If the

rate of arrival of jobs increases, the delay rate often
increases. Both are mutually related. The cause of this
is that each EU has accommodated more sub-SRS than
its computer capability. This is the result. In addition,
finite properties (computation, storage) andminimum
number of ESS are constrained by the EU. In certain
instances, the data receivedmust be downloaded to the
cloud for computing purposes outside their restricted
capability. The delay in the offloading of s-SR to the
cloud increased at an outcome pace due to a delay in
contact.

Figure 5. Delay analysis with task arrival rate ∂z = 50/s (%)
and bandwidth is 0.5 Mb/s.

The offloading impact rate between EU and ES is
depicted in Figure 5(a).
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Table 3. Performance comparison with other methods relative to a no-optimization baseline.

Metric Traditional Methods Heuristic Methods Proposed Method
Latency Reduction 10–15% 18–22% 25–30%
Energy Savings 8–12% 15–18% 18–20%
Scalability Moderate Good Excellent
Throughput Improvement 8–10% 10–12% 16–18%

Since ES is densely packed with all entail properties,
local computing in ES may have low offloading
demand. As a result, the delay in the ES-cloud
system may not have a negative effect. Even though
ES has a significant enrichment delay, the offloading
rate between EU and ES is generally poor. Our task
allocation kit decides the best possible ES to perform
in order to reach the deadline. Essentially, the defined
policy guarantees better computational assets during
cloud and ES coordination as opposed to ESS local
computing. At a higher offloading rate, we can see
that our device has a low delay. The overall delay
is influenced by the ES operation rate, cloud contact
rate, and ES. As a result, the delay is not significantly
increased by a further increase in the offloading rate
in EUS and ES.
The offloading rate effect between the ES and the cloud
is outlined in Figure 5(b). The ES-Cloud download
rate must then not affect local ES computing. Figure
5(b) shows that with an increase in the offload rate
from the ES-Cloud and high SR data, the results are
delayed with cloud computing properties. Make sure
that the EUS link rate to ESS also increases if the
ES count is increased. The offloading could then be
offloaded between ESS and ES to server, which would
also increase the download time, thereby enhancing
the overall wait.

10 Results and Discussion
To evaluate the effectiveness, extensive simulations
were conducted using MATLAB. The experiments
were designed to measure key performance indicators
such as latency, energy efficiency, scalability, and
network throughput. The results demonstrate that the
proposedmethod significantly outperforms traditional
scheduling methods in various scenarios. The findings
are structured as follows:
Latency Reduction. One of the primary objectives
is to minimize latency in resource scheduling. The
results indicate that the proposed reinforcement
learning-based approach reduces average latency
by 25–30% relative to the no-optimization baseline,

outperforming traditional static scheduling methods
(10–15% reduction) and heuristic-based approaches
(18–22% reduction). This improvement is attributed to
dynamic decision-making, which adapts to real-time
resource availability and workload variations.
Energy Efficiency. Energy consumption is a
critical factor in IIoT environments. The proposed
system optimizes task allocation in a way that
minimizes redundant computations and avoids
excessive energy consumption. The simulation results
reveal a 20% reduction in energy usage compared to
conventional techniques, making it a viable solution
for energy-constrained IIoT devices.
Scalability and Adaptability. The system was tested
under different network sizes andworkload intensities.
The results demonstrate that the proposed method
scales efficiently, maintaining stable performance
even with an increasing number of devices and
tasks. Unlike traditional methods that struggle with
workload spikes, the proposed approach efficiently
distributes resources, ensuring seamless operation
under high-demand conditions.
Network Throughput. Another important metric
assessedwas network throughput, whichmeasures the
overall efficiency of task execution across distributed
IIoT nodes. The proposed approach increased
throughput by 16–18% by dynamically balancing loads
between edge servers and cloud resources, thereby
preventing bottlenecks and optimizing processing
speeds.
Comparison with Benchmark Algorithms.
To further validate, the performance of the
proposed method was compared against other
state-of-the-art resource scheduling techniques, such
as heuristic-based and rule-based approaches.
The results confirm that the proposed method offers
superior performance in terms of latency reduction,
energy efficiency, scalability, and network throughput,
making it an ideal solution for real-world IIoT
deployments. Table 3 summarizes the comparative
performance of the proposed method against
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traditional and heuristic-based approaches across key
metrics.

11 Conclusion
This paper presents a reinforcement learning-based
approach for resource scheduling in
blockchain-enabled IIoT environments. The results
validate the efficiency of the proposed approach
in reducing latency and optimizing resource
utilization. Future work will focus on improving
intercommunication between edge servers and
cloud nodes to enhance reliability under dynamic
workloads.
Despite its effectiveness, the study has some
limitations:
• Dependency on accurate initial training data for

reinforcement learning.
• Potential increased computational overhead in

high-mobility environments.
• Security trade-offs in blockchain integration with

dynamic resource allocation.
Future research will explore lightweight models to
mitigate these constraints.
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