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Abstract. Traditional production task scheduling approaches struggle to effectively cope
with resource dynamic changes and quality assurance service (QoS) constraints when
facing large-scale distributed environments, especially in enterprise applications on the
Hadoop platform. To address this challenge, this study proposes an innovative produc-
tion task scheduling framework that combines QoS constraints and an improved hybrid
Frog Leaping Algorithm (SFLA) to optimise task allocation in Hadoop environments.
First, by integrating QoS metrics, it ensures that task scheduling not only considers ex-
ecution efficiency, but also fully satisfies quality of service requirements such as latency
and throughput. Second, SFLA is optimised for the characteristics of Hadoop clusters by
introducing adaptive hop-step length adjustment and elite strategy, which enhances the
exploration and exploitation capabilities of the algorithm, thus improving the flexibility
and adaptability of the scheduling strategy. Experimental results show that compared with
other heuristic algorithms such as Genetic Algorithm (GA) and Particle Swarm Opti-
misation (PSO), the improved SFLA algorithm reduces the solution time while ensuring
that a high-quality QoS scheduling solution is found, which is particularly important for
cloud manufacturing environments where efficiency and accuracy are pursued together.
Keywords: Hadoop platform; production task scheduling; QoS constraints; SFLA

1. Introduction. Production task scheduling, as a core aspect of modern enterprise
operation [1, 2], is directly related to the optimisation of production efficiency and resource
utilisation, and its importance is self-evident. In the complex and changing production
environment, effective scheduling can ensure that the production tasks are completed on
time, and at the same time balance the allocation of resources to avoid bottlenecks, reduce
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production costs, and enhance overall competitiveness. In the face of increasing market
demand and production flexibility requirements, how to achieve efficient scheduling of
production tasks under limited resources and time constraints has become a key issue to
be solved [3]. Especially in the context of the booming development of cloud computing
and big data technology, the research on production task scheduling has risen to a new
height, aiming to achieve the fine management of the production process by means of
intelligence and automation to meet the ability to respond quickly to the market changes
and customer demand [4]. Therefore, exploring advanced production task scheduling
strategies and technical means has important practical value and theoretical significance
for improving production efficiency, reducing costs, and enhancing the market adaptability
of enterprises.

The rise of cloud platforms brings unprecedented application potential for production
task scheduling. As a typical representative of resource pooling and on-demand services,
cloud platforms are able to integrate distributed computing resources, providing powerful
support for dynamic allocation and optimisation of production tasks. Through centralised
management and intelligent scheduling in the cloud, enterprises can flexibly respond to
fluctuations in production tasks and achieve efficient reuse and dynamic adjustment of re-
sources [5]. The elastic scalability of cloud platforms ensures that resources can be quickly
expanded to handle unexpected tasks during peak hours, while resources can be released to
reduce idleness during trough periods, thus maximising resource utilisation. In addition,
the widely interconnected nature of cloud platforms facilitates inter-enterprise collabora-
tive operations, making cross-geographical and cross-enterprise scheduling of production
tasks possible, which further enhances the responsiveness and collaborative efficiency of
the supply chain [6]. In summary, the application of cloud platform in production task
scheduling can not only achieve the intelligence and automation of the production process,
but also effectively improve the flexibility and economy of the production system under
the premise of guaranteeing the QoS, showing great application potential and optimisation
space.

1.1. Related work. Production task scheduling, as a key link to optimise the utilisation
of manufacturing resources and improve production efficiency, has been a hot research
topic in the field of industrial engineering and operations management. Early sched-
uling methods mainly relied on traditional operations research models and algorithms,
such as the obsolete First-In-First-Out (FIFO) [7], Min-Min [8], Max-Min [9] and Round
Robin [10] scheduling rules. For example, Murad et al. [11] explored the application of
Min-Min based algorithm in pipelined job scheduling, although this algorithm is easy
to implement, it does not take into account the inter-task dependencies enough and is
inefficient in handling large-scale tasks.

As the complexity of the problem increased, scholars began to explore more advanced
optimisation techniques. Meta-heuristic algorithms such as Genetic Algorithm (GA), Par-
ticle Swarm Optimisation (PSO), and Simulated Annealing (SA) are widely used in pro-
duction task scheduling. For example, Ishikawa et al. [12] proposed an improved genetic
algorithm to solve the Flexible Job Shop Scheduling Problem (FJSP), which significantly
improves the algorithm’s convergence speed and the quality of the solution through an
innovative population initialisation strategy and adaptive cross-variation probabilities.
Although these algorithms improve the scheduling results to some extent, they are usu-
ally difficult to deal with highly dynamic and uncertain production environments and are
prone to fall into local optima.

In recent years, with the rapid development of cloud computing and big data technolo-
gies [13, 14], cloud manufacturing platforms have become a new focus of production task
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scheduling research. Under the cloud manufacturing environment, dynamic sharing of
resources, remote execution of tasks, and massive processing of data bring new challenges
and opportunities for production task scheduling. Currently, the research on produc-
tion task scheduling under cloud manufacturing platform mainly focuses on the following
directions:

1. Hybrid task scheduling model: considering the diversity of tasks in cloud envi-
ronments, scholars have worked on developing hybrid scheduling models applicable to
both independent tasks and workflow tasks. For example, Zhou et al. [15] proposed
an improved genetic algorithm for the problem of low resource utilisation, which in-
corporates Min-Min and Max-Min strategies to improve the global efficiency of task
scheduling. Although these studies optimise resource allocation to a certain extent,
they are still inadequate in dealing with QoS constraints and dynamic changes in
task execution.

2. QoS-aware scheduling algorithms: with the improvement of users’ requirements
on quality of service (QoS), how to comprehensively consider multidimensional QoS
constraints, such as time, cost, and reliability, in scheduling process has become a
research focus. For example, Li et al. [16] proposed a task scheduling algorithm
with multiple QoS and trust by fuzzy clustering method, which improved the trust
and reliability of task scheduling. However, the real-time and flexibility of these
algorithms in handling large-scale and highly dynamic tasks still need to be improved.

3. Introduction of Intelligent Optimisation Algorithms: in view of the limita-
tions of traditional algorithms in dealing with large-scale and complex problems,
more and more researches have begun to explore the innovative applications of intel-
ligent algorithms. For example, Meyyappan [17] proposed a wavelet neural network
model based on SFLA (Shuffled Frog Leaping Algorithm), which aims to improve
the accuracy of power load forecasting, and although this research is not in the direct
scope of cloud manufacturing, it demonstrates the potential of intelligent algorithms
in dealing with complex optimisation problems.

1.2. Motivation and contribution. Existing production task scheduling strategies in
cloud computing environments, especially for the Hadoop platform, tend to focus on the
efficiency of resource allocation and the optimisation of task execution, while ignoring
the dynamics and diversity of user-specific quality of service (QoS) requirements in task
scheduling. Task scheduling on the Hadoop platform faces a number of challenges, in-
cluding, but not limited to, the rapidly changing nature of resources, the complexity
of inter-task dependencies, and the stringent user requirements for task execution time,
cost, and success rate. Traditional scheduling algorithms, such as First-Come-First-Served
(FCFS) [18] and Priority Scheduling [19], although simple and easy to implement, are dif-
ficult to accurately satisfy the QoS constraints imposed by users in the face of large-scale,
high-concurrency, and heterogeneous task sets, which often leads to a large deviation of
the task scheduling results from the users’ expectations.

To address the above problems, this research proposes a Hadoop enterprise produc-
tion task scheduling framework based on QoS constraints and improved SFLA. The core
innovation and contribution of this work is:

1. Aiming at the characteristics of the Hadoop platform, this study incorporates the
QoS constraints proposed by users (e.g., task completion time, cost budget and
resource utilisation) into the task scheduling model. By introducing a QoS-sensitive
scheduling objective function, the model is able to adapt more flexibly to the specific
needs of different users, ensuring that the task scheduling results can satisfy the time
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constraints as well as control the cost under limited resources, thus improving user
satisfaction.

2. Aiming at the complexity of task scheduling in Hadoop platform, this study proposes
a scheduling algorithm based on improved SFLA, which integrates local search and
global hopping strategies, and effectively avoids the problems of traditional frog-
hopping algorithms that are prone to fall into local optimums and inefficient searches
by adaptively adjusting the search step lengths and using the historical optimal
solutions to guide the search process. The improved SFLA demonstrates excellent
global search capability and faster convergence speed when dealing with large-scale
task sets, thus significantly improving the efficiency and accuracy of task scheduling
while satisfying the QoS constraints.

2. Related technical studies.

2.1. Hadoop cloud computing manufacturing platform. Hadoop is an open-source
distributed computing framework [20, 21], which has become the cornerstone of the big
data processing and cloud computing domains with its highly scalable, fault-tolerant,
and cost-effective resource management capabilities, as shown in Figure 1. The Hadoop
ecosystem covers data storage (e.g., HDFS), resource management (e.g., YARN), data pro-
cessing (e.g., MapReduce) and many other key components, providing an all-encompassing
solution for massive data processing. In the manufacturing field, the Hadoop platform
provides rich data support and powerful computing power for production task scheduling
by integrating data from different production lines, sensors, and management systems.

Figure 1. Hadoop Cloud Manufacturing Platform.
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The core components of Hadoop [22] include Hadoop Distributed File System (HDFS)
and Yet Another Resource Negotiator (YARN). HDFS provides a distributed file system
that is capable of handling petabytes of data and ensures high availability and fault
tolerance. The principle of HDFS is shown in Figure 2. YARN acts as a resource manager
that optimises the allocation of cluster resources, enabling multiple computing frameworks
(including, but not limited to, MapReduce and Spark) to coexist and run efficiently on the
same cluster. This architectural design enables the Hadoop platform to flexibly respond
to the diverse task scheduling needs of enterprise production, including but not limited
to large-scale data processing, real-time analysis, and batch processing tasks.

Client

Client
Name Node

Data Node Data Node

Figure 2. Principles of HDFS.

In a cloud manufacturing environment, the Hadoop platform supports real-time moni-
toring and dynamic scheduling of production tasks through its powerful data processing
capabilities. It is able to process massive data from production tasks, perform rapid
analysis, identify production bottlenecks, and optimise resource allocation. In addition,
the combination of Hadoop and cloud manufacturing services enables elastic scaling of
tasks and dynamic adjustment of computing resources according to the real-time demand
of production tasks, thus improving production efficiency and flexibility. The Hadoop
cloud computing manufacturing platform provides infrastructure and technical support
for achieving efficient and intelligent production task scheduling. Its distributed character-
istics, powerful data processing capability and resource management mechanism provide
an ideal implementation environment for the study of hybrid task scheduling under sat-
isfying QoS constraints. Next, based on this platform, we will explore how to further
optimise the production task scheduling by using the hybrid frog hopping algorithm to
ensure that the overall productivity and responsiveness are improved while meeting the
QoS requirements.

2.2. Hybrid Frog Leaping Algorithm Principles. In an in-depth discussion of the
QoS constraint-based task scheduling problem, we introduce SFLA [23, 24], an optimisa-
tion method that innovates and improves upon the traditional Frog Leaping Algorithm
(FLA), which is particularly suitable for solving optimisation problems in complex pro-
duction task scheduling. The Hybrid Frog Leaping Algorithm draws on the advantages
of other meta-heuristic algorithms, such as PSO and GA, and improves the algorithm’s
global search capability and local search accuracy by combining the efficient search strate-
gies of these algorithms. In the following, the basic principles of the hybrid frog jump
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algorithm will be introduced in detail and its main process will be described through
mathematical formulas.

The FLA is inspired by the behaviour of frogs searching for food in ponds in nature, and
the frogs in this algorithm represent potential solutions in the solution space, exploring
the solution space by “jumping” to find the optimal solution. The traditional FLA mainly
consists of two phases, local search and global search, in which the local search aims to
find the local optimal solution by exploring the neighbourhood, while the global search
allows the frog to cross a large distance to jump out of the local optimal trap and find
the global optimal solution.

The hybrid frog jump algorithm adds the following innovations to the original [25]:
Initialisation with hybrid strategies: the SFLA algorithm combines random gener-
ation, heuristic initialisation based on historical optimal solutions and adaptive initiali-
sation strategies based on task characteristics during initialisation to ensure population
diversity.
Adaptive Jump Step Adjustment: by introducing an adaptive mechanism to dynam-
ically adjust the frog’s jump step Li, the SFLA algorithm can quickly cover the solution
space at the beginning of the search and focus on local fine search at the later stage.

Li = Lmin + (Lmax − Lmin)× e−α·t (1)

where Lmin and Lmax are the minimum and maximum jump steps, respectively; α is the
attenuation coefficient; and t denotes the current iteration number.
Hybrid strategy fusion: the particle velocity update mechanism in the PSO algorithm
and the cross-mutation operation of the GA are combined in the search process as follows:

vij(t+ 1) = w · vij(t) + c1 · r1 · (pbestij − xij(t)) + c2 · r2 · (gbestj − xij(t)) (2)

where vij represents the velocity of the ith frog in dimension j; w is the inertia weight;
c1, c2 are the learning factors; r1, r2 are the random numbers; and pbestij and gbestj
represent the individual optimal and global optimal solutions, respectively.

The main process of the hybrid frog jump algorithm can be summarised in the following
steps:

1. Initialisation: generate an initial population represents a possible task scheduling
scheme. X = {x1, x2, ..., xN}, each solution xi.

2. Evaluation and update: Calculate the fitness value of each solution and update
the individual optimal solution pbest and the global optimal solution gbest according
to the fitness value.

3. Jumping and updating: for each frog xi, adjust its position based on

xij(t+ 1) = xij(t) + vij(t+ 1),

and jump according to the hybrid strategy.
4. Local search: after each frog jump, a local search is performed to optimise the

local fitness of the solution.
5. Iteration and termination: repeat steps 2 to 4 until a predetermined number of

iterations is reached or the convergence criterion is satisfied.

Through the above process, the SFLA algorithm not only inherits the efficient search
capability of the traditional FLA algorithm, but also effectively avoids the problems of
premature convergence and local optimum by integrating the advantages of other algo-
rithms.

3. Modelling the problem.
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3.1. Production task scheduling framework. In a cloud manufacturing environment,
the construction of a production task scheduling framework is a key component to achieve
efficient resource utilisation and flexible production. The framework aims to combine the
distributed nature of cloud manufacturing with the complexity of production scheduling
to ensure smooth execution of production tasks and optimal allocation of resources.

3.1.1. Overview of the scheduling framework. The cloud manufacturing production task
scheduling framework consists of three core components: task decomposition and match-
ing module, dynamic resource allocation module, and production plan optimisation and
execution module. First, the task decomposition and matching module is responsible for
converting customer demands into specific production tasks and matching them accord-
ing to the production capacity of each manufacturing enterprise. Second, the dynamic
resource allocation module flexibly allocates manufacturing resources according to the
current resource status and task demand to ensure the feasibility of task execution. Fi-
nally, the production plan optimisation and execution module generates and executes the
most efficient production scheduling plan based on optimisation algorithms, taking into
account the priority of tasks, resource availability and QoS requirements.

3.1.2. Task decomposition and matching. The module first receives customer orders from
the cloud manufacturing platform, and then refines the orders into a series of production
tasks based on the product structure and manufacturing process requirements. These
tasks need to explicitly specify the processing steps, required resource types and workpiece
information. Next, intelligent matching algorithms are used to match the production tasks
with idle or soon-to-be-vacant manufacturing resources registered with the cloud platform.
The matching process takes into account factors such as the partner’s machining capacity,
cost, and lead time to achieve efficient resource utilisation.

3.1.3. Dynamic resource allocation. The dynamic resource allocation module monitors the
status of manufacturing resources in real time, including equipment usage, maintenance
schedules and current load, to ensure dynamic and optimal allocation of resources. When
the task matching is successful, the module dynamically adjusts the resource allocation
scheme according to the urgency of the task and the immediate availability of the resources
to avoid the over-occupation of bottleneck resources and ensure the smoothness of the
production process.

3.1.4. Production plan optimisation and execution. The production plan optimisation
component integrates advanced optimisation algorithms, such as improved hybrid meta-
heuristics, to optimise the processing sequence, equipment selection and operating time
of production tasks to minimise the total production cycle time, taking into account the
flexibility of the tasks and the dynamic changes in manufacturing resources. The opti-
mised scheduling solution is subject to validation to ensure that all constraints are met
including, but not limited to, lead time, cost and resource constraints. Once the solution
has been validated, instructions will be issued to the production line to guide the actual
production activities.

In summary, the cloud manufacturing production task scheduling framework builds
a highly flexible and responsive production scheduling system by integrating the three
functional modules of task decomposition and matching, dynamic resource allocation and
production plan optimisation, which not only improves the production efficiency, but also
effectively reduces the production cost and enhances the market competitiveness of the
enterprise.
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3.2. Model description. When exploring the production task scheduling problem under
the cloud manufacturing model in depth, it is crucial to construct a rigorous mathematical
model, which needs to fully reflect the diversity of production tasks and the flexibility of
manufacturing resources. For the flexible production task scheduling problem, we further
refine the model construction in order to guide the scheduling decision more accurately.

3.2.1. Model variables and assumptions. Let J be the set of workpieces, where J =
{J1, J2, ..., Jn}, n are the number of workpieces, M is the set of machines, where M =
{M1,M2, ...,Mm}, m are the number of machines, and each workpiece Ji has pi process,
which constitutes the set of processes Oi = {Oi1, Oi2, ..., Oip}. Define tijk as the processing
time of the j process of the workpiece Ji on the machine Mk, rij as the release time of
the j process of the workpiece Ji (i.e., the completion time of the previous process), and
dij as the deadline for the j process of the workpiece Ji. The main variables involved in
the flexible production task scheduling problem model and their significance are shown in
Table 1.

Table 1. Main variables involved in the model

Notation Connotation
J Workpiece set, J = {J1, J2, . . . , Jn}, n is the number of workpieces

M The set of machines, M = {M1,M2, . . . ,Mm}, m is the number of machines

Oi The set of processes for the workpiece Ji, the Oi = {Oi1, Oi2, . . . , Oipi}
pi Number of processes for workpiece Ji

tijk Machining time of the first j process of the workpiece Ji on the machine Mk

rij Release time of the j-th process of the workpiece Ji

dij Deadline for completion of the first j process of the workpiece Ji

Cij Completion time of the workpiece Ji

xijk Decision variable, if the j-th process of the workpiece Ji is processed on the machine Mk,
then xijk = 1, otherwise xijk = 0

3.2.2. Objective function. The objective is to minimise the total completion time of all
the workpieces (i.e., the last process completion time of the last workpiece) and the
mathematical expression is shown as follows:

Minimize Z = max
i∈J

{
max
j∈Oi

{Cij}
}

(3)

where Cij denotes the completion time of the workpiece Ji.

3.2.3. Constraints.

1. Process machining sequence constraints:
For each workpiece Ji, the process order is fixed, i.e. if Oij must be completed before
Oik,

m∑
k=1

tijk + rij ≤
m∑
k=1

tikj + rik, for all j < k and i ∈ J (4)

2. Machine processing capacity constraints:
At the same moment, a machine can process only one process, i.e., if Oij and Oef

are processed at the same time on machine Mk,
pi∑
j=1

m∑
k=1

xijk ≤ 1, for all i ∈ J, k ∈ M (5)
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3. Time window constraints:
Each process must start and finish within a given time window.

rij ≤
m∑
k=1

tijkxijk ≤ dij, for all i ∈ J, j ∈ Oi, k ∈ M (6)

4. Resource allocation constraints:

Each machine can only be assigned to one process at any given time, ensuring that
resources do not conflict.

n∑
i=1

pi∑
j=1

xijk ≤ 1, for all k ∈ M (7)

where xijk is a decision variable indicating whether the j-th pass of the workpiece Ji is
performed on the machine Mk or not, taking the value of 1 or 0.
Through the above model description, we not only define the mathematical framework

of the problem, but also clarify the objectives and constraints of the solution, which
provides a solid foundation for the subsequent algorithm design and optimisation.

4. QoS constraint-based task scheduling model. Before delving into the QoS constraint-
based task scheduling model, we have constructed a hierarchical framework for hybrid task
scheduling and proposed a mathematical model with the objective of minimising the total
task operating time in Section 3.2. In order to further refine and ensure that the model
satisfies users’ QoS requirements, this section will focus on designing a task scheduling
model that integrates QoS constraints to ensure that tasks are completed on time while
also satisfying user-specific requirements on quality of service, such as response time,
throughput, or resource utilisation.

4.1. Definition of QoS constraints. First, define the QoS constraints. For each task
Ti, we define a set of QoS metrics set

Qi = {Qi1, Qi2, . . . , Qik},

where Qij represents the j-th QoS metric for the i-th task, e.g., the maximum response
time, the minimum throughput, or the maximum allowed delay. These metrics will be
incorporated into the scheduling model as constraints to ensure that the scheduling scheme
not only optimises the job time, but also meets the user-defined QoS criteria.

4.2. Scheduling model construction. Based on the above definitions, our goal is to
construct a mathematical model that not only minimises the total operation time of all
tasks, but also satisfies all QoS constraints. The model can be represented as:

minZ =
n∑

i=1

ti (8)

where Z denotes the total job time of all tasks and ti is the job time of task Ti.
At the same time, QoS constraints are introduced, e.g., for the maximum response time

Qmax res time, which can be expressed as:

fi ≤ Qmax res time, ∀i ∈ [1, n] (9)

where fi is the completion time of the task Ti, which needs to meet the maximum response
time specified by the user.
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4.3. Weighted multi-objective optimisation. Considering that QoS metrics may
conflict with each other, we can use a weighted approach to integrate multiple QoS met-
rics into a single objective function to balance different demands. Let the weight vector
be ω = (ω1, ω2, . . . , ωk), the optimisation objective becomes:

minZ =
n∑

j=1

ωj · (Qij −Qtarget j)
2 +

n∑
i=1

ti (10)

where (Qij−Qtarget j)
2 measures the sum of squares of the deviation of each task from the

target value on the j-th QoS metric, reflecting the degree of deviation from the desired
QoS goal, and balancing time minimisation with QoS satisfaction by adjusting the weight
ωj.

4.4. Integration of resource constraints and QoS. Resource constraints also need
to be integrated in the model, e.g., to ensure that task scheduling does not exceed the
resource limits of the partners. For each task Ti to be executed on partner Pk, the resource
constraint Rlimit needs to be satisfied:∑

i∈Rk

rik ≤ Rlimit, ∀k ∈ [1,m] (11)

where rik represents the amount of resources consumed by task Ti on partner Pk.

5. SFLA-based optimisation scheme design. In this section, we will delve into the
design of SFLA-based optimisation scheme for production task scheduling. The design
aims to overcome the limitations of traditional scheduling algorithms, especially when fac-
ing highly dynamic and complex production tasks in cloud manufacturing environments,
by effectively integrating the advantages of the Hadoop cloud computing manufacturing
platform to ensure efficient and flexible task scheduling while satisfying QoS constraints.

5.1. Initial population construction and fitness function. First, we propose an
innovative fusion strategy that combines the distributed processing capabilities of the
Hadoop platform with the efficient search characteristics of SFLA. This fusion strat-
egy aims to leverage Hadoop’s MapReduce framework to process large-scale data, while
exploiting SFLA’s powerful global and local search capabilities to adapt to the multi-
objective optimisation requirements in task scheduling. Specifically, we organically inte-
grate the task decomposition and allocation mechanism in Hadoop with the population
initialisation, local search and global update processes of SFLA. The initialisation popu-
lation expression is shown as follow:

Pinit = {S1, S2, . . . , Sn} (12)

where Pinit denotes the initial population, Si represents the i-th solution, and n is the
population size [26]. The construction of the population ensures that each solution has a
certain initial quality to accelerate the convergence of the algorithm.

The fitness function is designed to evaluate the quality of the solution, combining the
task completion time, resource consumption and QoS requirements. The specific form is
given as follow:

f(Si) = w1 · C(Si) + w2 · T (Si)− w3 ·QoS(Si) (13)

where C(Si) is the total cost of completing the task; T (Si) is the total operating time of
the task; QoS(Si) is the level of QoS satisfied; and w1, w2, and w3 are trade-off factors.
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5.2. Introduction of adaptive movement factor. In order to overcome the problem
that the algorithm tends to fall into local optimum in local search, we design an Adaptive
Movement Factor (AMF) to dynamically adjust the frog jump step size. The AMF varies
with the number of iterations t as follows:

AMF (t) =
a · ln(t+ 1) + c

t+ b
(14)

where a, b, c are pre-set parameters; by adjusting these parameters, a larger search range
can be maintained in the early stages of the algorithm, and progressively focusing on a
finer search space as the iterations proceed to balance exploration and exploitation.

5.3. Pheromone update mechanism. In the SFLA algorithm, the pheromone update
strategy is the key to guide the algorithm’s search. We have adapted SFLA by combin-
ing the pheromone concept in ACO algorithm [27] and proposed a dynamic pheromone
updating mechanism, which aims to improve the search efficiency of the algorithm and
avoid premature convergence. The pheromone update rule is as follows:

τij(t+ 1) = (1− ρ)τij(t) + ρ ·
K∑
k=1

δik(t) · ϕ(Sk) (15)

where τij denotes the pheromone concentration from node i to node j, ρ is the pheromone
volatilisation rate, δik(t) is an indicator function of the jump from node i to node j for
the k-th individual at iteration t, and ϕ(Sk) is the fitness value of individual Sk.
Through the above design, our improved SFLA algorithm not only can effectively use

the distributed computing capability of Hadoop cloud computing platform, but also en-
hances the search efficiency and global optimisation capability of the algorithm through
the adaptive moving factor and dynamic pheromone updating mechanism, which ensures
that the optimisation of the scheduling of the production tasks can be achieved under the
premise of satisfying the QoS constraints.

6. Example analyses.

6.1. Experimental environment and parameter settings. In order to verify the
effectiveness of the production task scheduling method based on QoS constraints and
improved SFLA, we build a simulation experimental environment and set up the experi-
mental parameters to ensure the reliability and comparability of the experimental results.
The configuration of the experimental environment for this study is as follows:

Hardware environment: The experiment was conducted on a high-performance
workstation equipped with Intel Core i7-10700K processor, 32GB RAM, NVIDIA GeForce
RTX 3070 GPU, and the operating system is Windows 10 Pro 64-bit, which ensures that
the algorithms run efficiently and stably.

Software environment: MATLAB R2023a was used as the main programming and
simulation platform.

Cloud platform simulation: Considering the specificity of cloud manufacturing, the
experiment simulates a simplified cloud manufacturing environment, using the CloudSim
toolkit to simulate the allocation and management of cloud resources to ensure the close-
ness to real cloud manufacturing scenarios.

For the parameter settings, the following parameters were carefully chosen to ensure
the effectiveness and usefulness of the algorithm: Problem size: 10 production scheduling
problems in a representative mk series, including different numbers of workpieces (n =
10–20), processes (m = 5–15) and machines (k = 4–15), were selected to comprehensively
test the generalisation ability of the improved SFLA.
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Population size: set to 100 to ensure that the algorithm is sufficiently exploratory in
the search space while avoiding excessive computational burden.

Iteration number: the maximum number of iterations is set to 1000 for each group of
experiments to ensure that the algorithm has enough time to converge to a better solution.

Algorithm parameters: to balance the exploratory and exploitative power of the algo-
rithm, the pheromone volatility ρ is 0.2, a is 0.2, b is 0.2, c is 0.4, w1 is 0.3, w2 is 0.3, and
w3 is 0.5.

6.2. Result analysis. Under the same QoS constraints, PSO, original SFLA, and im-
proved SFLA were used to solve the task scheduling model optimisation respectively, and
the results are shown in Table 2. Where n represents the number of workpieces to be
processed, m represents the number of available machines, and w represents the total
number of processes. S is the optimal solution for 10 times, Ave is the average value
of the optimal solution for 10 times, and T is the average time for 10 times for each
algorithm.

Table 2. Task Scheduling Model Optimisation Solution

Issues n×m w
PSO Original SFLA Improved SFLA

S Ave T S Ave T S Ave T
mk01 10× 6 53 38 41.2 12.83 39 42.9 9.79 39 40.5 5.81
mk02 10× 6 58 29 30.0 14.71 24 29.8 11.66 25 26.1 7.68
mk03 15× 8 150 203 203.8 46.85 205 208.0 36.79 203 203.3 27.38
mk04 15× 8 90 60 62.7 30.71 61 66.6 20.64 61 61.5 17.40
mk05 15× 4 106 175 177.2 36.39 169 177.8 26.31 173 173.7 23.54
mk06 10× 15 150 58 59.4 62.52 59 62.2 52.43 58 61.0 41.12
mk07 20× 5 100 141 142.5 36.96 171 175.9 26.86 138 141.0 21.32
mk08 20× 10 223 525 527.4 65.89 527 531.7 55.78 322 527.1 47.04
mk09 20× 10 240 308 311.8 67.02 321 325.4 56.90 306 306.7 50.17
mk10 20× 15 240 227 231.1 69.38 231 240.0 59.25 213 215.5 52.94

It can be seen that the improved SFLA excels in finding the optimal solution in most
scenarios. For example, in mk01 to mk05, the optimal solutions of the improved SFLA
are close to those of the original SFLA, but in some complex scenarios such as mk07,
mk08, and mk09, the optimal solutions of the improved SFLA are significantly better
than those of the original SFLA and the PSO.This indicates that the improved SFLA
is more effective in finding better solutions when solving task scheduling problems with
larger scale or higher complexity . The improved SFLA provides better average optimal
solutions in most cases. In particular,

in mk03 to mk10, the average optimal solution is not only better than the original
SFLA, but also exceeds the PSO in many cases, showing the stability and reliability of
the improved algorithm over multiple solving processes. This means that the improved
SFLA can approach or reach the optimal solution more stably during multiple executions.

The improved SFLA achieved significant results in reducing the solution time. For
all test cases, the average solution time of the improved SFLA is generally lower than
that of the original SFLA and PSO, especially in mk01, mk02, mk05, and mk06, which
show obvious time efficiency advantages. This indicates that the algorithm optimisation
not only improves the solution quality, but also effectively reduces the consumption of
computational resources and improves the practicality of the algorithm.

Taking the above analysis into account, the improved SFLA demonstrates superior
performance in the optimal solution of task scheduling models. It reduces the solution
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time while ensuring that a high-quality scheduling solution is found, which is especially
important for cloud manufacturing environments that pursue both efficiency and accu-
racy. Improved SFLA enhances the algorithm’s global and local search capabilities by
optimising the skip-step

strategy, pheromone update mechanism, etc., which enables fast convergence to high-
quality solutions while maintaining good computational efficiency when dealing with com-
plex scheduling problems. Therefore, the improved SFLA is a powerful task scheduling
tool for practical applications, especially in cloud manufacturing scenarios that satisfy
stringent QoS requirements.

7. Conclusion. This study addresses the challenges of production task scheduling in
Hadoop enterprise environments and proposes an innovative solution that combines QoS
constraints with improved SFLA, aiming to improve the efficiency and quality of task
scheduling. Through in-depth analysis of QoS multi-dimensional metrics, such as task
response time, resource utilisation and system stability, our designed model is able to
achieve efficient task scheduling in complex distributed computing environments, which
ensures quality of service and optimal allocation of system resources. The experimental
results and analyses confirm the following points:

(1) Importance of QoS constraints: Integrating QoS constraints into the scheduling
process significantly improves the quality and real-time completion of critical tasks, prov-
ing that QoS constraints are a key factor in improving productivity and user satisfaction
under the fulfilment of specific business requirements.

(2) Optimisation effect of SFLA: The improved SFLA demonstrates superior global
search capability and fast convergence characteristics, and compared with other heuris-
tic optimisation algorithms, it shows obvious advantages in reducing task waiting time
and improving resource allocation balance, thus optimising the overall task execution
efficiency.

(3) Advantages of the combined strategy: the proposed QoS-SFLA combined strategy
maintains efficient scheduling while ensuring effective use of system resources and QoS
guarantee for task execution, providing an ideal solution for balancing performance and
resource constraints for massively parallel processing tasks on the Hadoop platform.
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