
Journal of Information Systems Engineering and Management 

2025, 10(63s) 

e-ISSN: 2468-4376  

 

https://jisem-journal.com/ Research Article  

 

726 

Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 
Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 

  

Optimizing Cost-Effective Cloud Data Pipeline 

Orchestration across Multiple Cloud Providers 

 

Uday Kumar Kalae 

Independent Researcher, USA. 

ARTICLE INFO ABSTRACT 

Received: 03 Nov 2025 

Revised: 10 Dec 2025 

Accepted: 22 Dec 2025 

Multi-cloud data systems are flexible and can handle performance advantages, but 

create serious challenges in controlling variable cost of execution and performance 

assurances. The proposed research is centered around an independent, cost-

conscious orchestration system that dynamically redirects data pipeline workloads 

between cloud providers to ensure cost reduction without violating an SLA. Execution 

cost, latency, and SLA satisfaction are predicted with the help of machine learning 

models and allow for informed orchestration decisions. Experimental discussion with 

realistic cloud workload data shows that ensemble-based models, especially Random 

Forest, are more effective than linear ones in terms of the characteristics of the 

complex cost-performance tradeoffs. The findings highlight the efficiency of adaptive, 

learning, orchestration in the enhancement of efficiency as compared to the efficiency 

of fixed, multi-cloud scheduling methods. 
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I. INTRODUCTION 

Modern cloud computing environments tend to place a lot of confidence in multi-cloud strategies by 

enterprises to optimize performance, flexibility, and scalability. Nevertheless, the price of operating 

data pipelines with different cloud services, including AWS, GCP, and Azure, may vary because of 

several conditions, including network latency, availability of resources, and particular price schemes 

[1]. This paper discusses a self-optimizing orchestration engine that is smart enough to schedule 

workloads on clouds in a manner that would not only reduce the operational costs but also adhere to 

the performance standards (SLAs). The suggested solution uses real-time cost feedback and 

dynamically selected adaptive decision-making algorithms to select the most cost-efficient cloud 

provider on a stage-by-stage basis in an information pipeline. The orchestration system uses 

reinforcement learning methods to keep optimizing its scheduling decisions and do its resource 

assignment in order to maximize both the cost and performance metrics [2]. The framework is tested 

with the use of simulations, which include real data on billing, which provides practical considerations 

in deploying cost-sensitive cloud pipelines. 

Problem Statement 

The difficulty with multi-cloud orchestration of data pipelines is that there are costs that vary with the 

available different providers and are associated with performance SLAs [3]. Current systems do not 

have adaptive and cost-efficient routing abilities. The paper will fill in this gap by proposing a self-
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optimizing orchestration engine that incorporates real-time cost feedback and reinforcement learning 

into the scheduling process. 

Aims and Objectives 

Aim:  

This study aims to develop a self-optimizing cloud data pipeline coordination engine that intelligently 

distributes workloads across multiple cloud providers, minimizing costs while meeting performance 

SLAs.  

Objectives: 

● To research ways of combining the real-time cost feedback into the cloud data pipeline 

orchestration decision-making process. 

● To produce heuristics and machine learning systems to forecast the cost versus performance 

tradeoffs of executing workloads in various cloud providers. 

● To test and analyze the performance of the proposed orchestration engine using real billing 

data, such as testing its capabilities to economize costs, as well as achieving the performance 

SLAs. 

Research Questions: 

Q1: How can real-time cost feedback be integrated into orchestration decisions? 

Q2: What heuristics or ML models best predict cost/performance tradeoffs? 

 

II. LITERATURE REVIEW 

A. The Goal of the Review: 

The literature review aims to examine the current solutions to multi-cloud data pipeline orchestration, 

their value in terms of cost optimization, performance control, and the incorporation of real-time 

feedback. Its objective is to pinpoint the existing gaps in the existing methodology, especially the 

application of reinforcement learning and machine learning in economic cases of orchestration 

decision-making. 

B. Study of Previous Literature 

1. Cloud-based Data movement coordination and Multicore cloud policies 

 

Fig 1: Multicore cloud policies 
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Cloud data pipeline orchestration refers to the administration and automation of the data flows through 

various services in a cloud context. The concept of multiple cloud providers also known as multi-cloud 

strategies in which the workloads are allocated to different cloud providers, has become common since 

businesses seek to enjoy the best services each provider can provide to them [4]. There are some studies 

dealing with the different orchestration models aiming at enhancing performance, availability, and 

scalability. Nevertheless, another important issue is the cost since all cloud service providers have 

different pricing structures depending on the compute power, storage cost, and cost of data transfer [5]. 

Earlier studies on multi-cloud orchestration have mostly been specifically designed to optimize 

performance, but not many have explicitly implemented cost management [6]. Through the analysis of 

orchestration strategies, one can easily understand that a dynamic, self-optimizing system is essential 

to comply with the real-time variations in the costs and workload requirements. Current solutions 

usually rely on predefined routing policies, or manual set-ups with are not adaptable to changes in costs 

or real-time feedback. 

2. Optimization of Cost in Cloud Data Pipelines 

 

Fig 2: Cloud Data Pipelines 

Cloud data pipes cost optimization is one of the key points of interest in research due to the variability 

of costs depending on the provider. A number of studies have suggested ways to optimize the costs of 

clouds by utilizing past usage history or by using fixed rules of pricing. These models, however, 

frequently tend to be restricted in their responsiveness to the real-time fluctuations in costs [7]. It has 

been studied that methods such as cost-conscious scheduling have been investigated, with cloud 

resources being chosen based on cost predictions. Resource pooling and load balancing techniques have 

been employed to reduce costs, but most of the solutions lack real-time feedback loops [8]. The 

dynamically changing workflows of a pipeline can be equipped with real-time cost feedback, allowing 

the system to automatically select the most cost-effective cloud provider at any given moment. In 

addition, the decision-making process could be enhanced with the inclusion of cost prediction models 

that take into consideration the different workloads and costs that are specific to the providers [9]. 

Nevertheless, in spite of the major improvements, there are still numerous systems that are based on 

fixed strategies, and they can be further elaborated on the cost-conscious orchestration systems. 
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3. Job Scheduling Reinforcement Learning 

 

Fig 3: Job Scheduling Reinforcement Learning 

Reinforcement learning (RL) has been highly promising in the optimization of job scheduling in the 

cloud environment. Optimal policies learned can be used to determine the best schedules based on 

costs, performance, and resource usage with the help of RL algorithms, especially Q-learning and deep 

reinforcement learning (DRL) [10]. RL can be applied to the creation of adaptive systems in cloud 

orchestration to learn constantly in response to the interaction with the environment to make real-time 

cost modifications [11]. Research has been conducted on the application of RL in many areas of cloud 

job scheduling, such as resource allocation, load balancing, and energy consumption. RL systems are 

able to make dynamic decisions that enhance cost-efficiency as well as pipeline throughput [12]. 

Nevertheless, there are difficulties in scaling RL models to reduce working loads and make them large 

and complex and in the functionality of interoperability between different clouds. In addition, the real-

time cost feedback and performance monitoring can be integrated with RL to create a cost-effective, 

SLA-compliant orchestration system is also an issue of further research [13]. These algorithms can be 

refined using real-time simulations with real data on cloud billing. 

4. Cloud orchestration simulation 

 

Fig 4: Cloud orchestration simulation using ML  

Cloud simulation based on actual billing data is one of the necessary techniques to assess cost and 

performance tradeoffs in a multi-cloud system [14]. Real billing data provides a more precise and 

detailed view of the dynamics of costs [15]. The real billing data can be used to model complicated 

situations, such as different prices in the regions, resource types, and the demand for cloud services. 

The simulations will be a useful experience of the performance of cost optimization strategies and the 

viability of suggested solutions in real life [16]. With the integration of real-world cloud pricing 
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information, researchers can gain a more intuitive insight into the cost implications of each 

orchestration decision, and this can allow creation of more accurate and efficient optimization 

algorithms. Although there are studies that use actual billing data, it is common that most studies use 

simplistic models or approximations [17]. Further, more detailed simulations might improve the insight 

into how a self-optimizing orchestration system can be adjusted to ever-varying costs of cloud, which 

helps increase both the precision and the scale [18]. 

Literature gap  

According to the literature, the main gaps in the orchestration of multi-cloud data pipelines include the 

integration of real-time feedback about costs, as well as optimization of performance across vendors. 

Even though reinforcement learning is promising in job scheduling, the multi-cloud dynamic cost 

optimization has not been heavily studied yet [19]. Also, current literature leads to the use of synthetic 

data, without real-world simulation of billing data, which hinders the capability to evaluate realistic 

cost-performance tradeoffs and optimize cost-sensitive orchestration systems. 

 

III. METHODOLOGY 

The type of methodology used in this research is an experimental and simulation-driven research 

method that seeks to test a self-optimising orchestration engine when it comes to the multi-cloud data 

pipes. The first stage is to design an orchestration model that is able to deploy the pipeline stages 

between AWS, GCP, and Azure and gather both real-time costs and performance data [20]. The real or 

historical billing records of cloud providers are included in modelling realistic fluctuations in the price 

component, data transfer price, and resource availability. During the second phase, reinforcement 

learning algorithms will be adopted to determine a schedule decision on the basis of cost, latency and 

SLA adherence [21].  

The orchestration engine takes the place of this, to observe the execution feedback and update its policy 

using it to choose the most cost effective cloud provider in every pipeline stage [22]. Baseline heuristic 

strategies of scheduling are also put in place to be used as a point of comparison. The last stage involves 

large-scale experiments on simulated workloads and actual prices to measure cost reduction, obeying 

SLA, and flexibility of the system. The performance indicators that are examined include the execution 

time, overall cost and the SLA violation rates. These findings are put together to measure the efficiency 

of real-time cost-conscious orchestration as well as to determine viable factors to be taken into 

consideration when implementing the suggested solution into the real multi-cloud setting [23]. Such 

methodology guarantees the reproducibility, scalability, and application to the cloud operations in 

enterprises. 
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IV. DATA ANALYSIS 
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Table 1: Real Data  

The data is realistic with attributes such as cloud provider, area, type of workload, setup of resources, 

execution time, price, latency, and SLA state. Categorical variables are assigned and readied to be coded, 

whereas the numerical variables would be transformed to the suitable data type to guarantee uniformity 

in the analysis.  
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Fig 5: Library Importation  

The initial stage of the analysis is to possibly import the required Python libraries that will be necessary 

in handling the data, machine learning, and model evaluation. NumPy and Pandas are useful in basic 

numerical and data manipulation processes and allow working with tabular multi-cloud workload data 

effectively [24]. The Scikit-learn library is widely applied in preprocessing, model building, training, 

and evaluation. In particular, train_test_split can be used to partition datasets, and Pipeline and 

Column Transformer can be used to combine preprocessing and modelling processes in such a way that 

one operation can be easily extended to include an additional step [25]. Normalization of numerical 

data, such as the StandardScaler, and categorical transformation into a one-hot format of cloud 

provider, region, and workload type, such as OneHotEncoder, are used to perform the feature scaling 

[26]. Measures such as MAE, RMSE, R 2 score, accuracy, and the F1-score are brought in to evaluate 

regression and classification results. Ensemble models (Random Forests and baseline linear models) 

are also loaded to allow comparative models. 

 

Fig 6: Data modification  

The process of feature selection is carried out to identify the relevant predictors to use in the cost, 

latency, and SLA prediction activities. A preprocessing pipeline is created with the help of Column 

Transformer, which regresses a one-hot encoding of categorical variables and the process of 

standardized scores to numerical variables. This common preprocessing strategy makes the 

transformation of all features alike during training and testing. With the addition of preprocessing steps 



Journal of Information Systems Engineering and Management 

2025, 10(63s) 

e-ISSN: 2468-4376  

 

https://jisem-journal.com/ Research Article  

 

734 

Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 
Commons Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 

  

in pipelines, the data leakage risk is reduced to a minimum, and the analysis becomes effective and 

repeatable.  

 

 

Fig 7: Model Training 

The third step will be based on the creation of machine learning to predict costs, latency, and compliance 

with SLA within a multi-cloud environment. The data is divided into training and testing subsets to 

allow for objective model testing. In terms of predicting costs and latency, both the linear (Ridge 

Regression) and non-linear (Random Forest Regressor) models are executed to compare the 
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performance based on the various learning paradigms. In the case of SLA compliance prediction, this is 

solved using a Logistic Regression and Random Forest Classifier model to solve the binary classification 

problem. All models are included in a Scikit-learn pipeline, combining preprocessing and model 

execution to be able to handle the features in a uniform fashion. The training dataset trains the models 

and they get to learn the patterns of cloud pricing, resource use, and variation in performance.  

 

 

Fig 8: Model Evaluation  

The last one will be the training models and their assessment of the appropriateness for autonomous 

multi-cloud orchestration. Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R2 score 

are used to determine the prediction metrics of cost and latency in regression models. The accuracy and 

F1-score are used to evaluate classification models in order to achieve reliability in predicting SLA [26]. 

These indicators give an overall picture of predictive and decision-making strength. These findings are 

evaluated in culminating the results of comparing linear and ensemble-based methods, in that non-

linear models take the lead when it comes to complex cloud behavioral presentation. Moreover, the 

trained models are incorporated in heuristic and ML-based policies of decision-making that identify the 

best cloud providers based on the forecast cost and SLA compliance. This step illustrates that predictive 

models can be used to offer intelligent choices of workload routing.  
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V. RESULTS AND DISCUSSION 

 

Fig 9: Distribution of Total Execution Cost 

This histogram is used to depict the distribution of total execution costs when taking all the jobs within 

the multi-cloud environment. The plot reveals that the majority of the workloads have a comparatively 

low cost, whereby fewer jobs have high costs in execution. This unbalanced distribution underscores 

the issue of cost diversity between the cloud vendors and the type of workload, which supports the 

argument for cost-sensitive orchestration. This variability encourages predictive model use in 

predicting high-cost executions and rerouting workloads to potentially less expensive alternatives on 

the cloud, where feasible. 

 

Fig 10: Average Cost per Cloud Provider 
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The bar plot also gives a comparison between the average execution cost of AWS, GCP, and Azure. The 

visualization brings out observable disparities in providers in terms of cost, with some cloud providers 

having lower average cost at a given workload. This analogy allows concluding that multi-cloud 

strategies have a rationale since no one provider is necessarily most cost-optimal. These learning points 

support the use of dynamically calculated routes in the workload and not the fixed choice of the 

providers. 

 

Fig 11: Cost vs Latency 

The latency and total execution cost have a scatter plot. An overall positive trend implies that higher 

cost positions tend to be less responsive, implying a tradeoff between cost and performance. The 

observation points to the significance of equalizing the two metrics in making orchestration decisions 

and underlines the application of multi-objective optimization methods. 

 

Fig 12: Latency Variation Across Jobs 
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This latency time plot depicts the variation in latencies among the various jobs. The difference brings 

out the workload differences in performance and regional influences. This dynamic behavior highlights 

the ineffective nature of the conventional scheduling and justifies the existence of adaptive and 

learning-oriented orchestration systems. 

Task Model M
AE 

RM
SE 

R² / 
Accurac

y 

F1-
Sco
re 

Cost 
Predictio

n 

Ridge 
Regress

ion 

0.0
31 

0.04
1 

R² = 0.82 – 

 Rando
m 

Forest 
Regress

or 

0.0
14 

0.01
9 

R² = 0.94 – 

Latency 
Predictio

n 

Ridge 
Regress

ion 

9.6 
ms 

12.4 
ms 

R² = 0.78 – 

 Rando
m 

Forest 
Regress

or 

4.3 
ms 

6.1 
ms 

R² = 0.92 – 

SLA 
Complia

nce 

Logistic 
Regress

ion 

– – Accuracy 
= 0.83 

0.8
1 

 Rando
m 

Forest 
Classifi

er 

– – Accuracy 
= 0.92 

0.9
1 

Table 2: Results Summary Table 

As can be seen in Table 2, the use of random forest models is superior to the use of linear models in all 

tasks. The Random Forest Regressor has fewer errors and higher R 2 values on cost and latency 
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prediction, whereas the Random Forest Classifier has better accuracy and F1-score on SLA compliance, 

which is why this algorithm is the most appropriate to use in analyzing autonomous multi-cloud 

orchestration. 

Discussion:  

The findings indicate that ensemble-based models, with the exception of the Random Forest model, are 

always better than the linear models when predicting the costs of execution, the latency, and the SLA 

compliance. This denotes the existence of non-linear relations among the workload attributes, cost of 

the cloud provider, and performance behavior. Cost-based prediction and SLA prediction can be 

integrated to make intelligent workload routing decisions that are cost-effective and offer performance 

assurances [27]. The data visualizations also indicate that there is extensive cost and cost-latency 

variation among cloud providers, which again supports the idea of adaptive orchestration instead of 

fixed scheduling policies in an actual multi-cloud setup. 

Research Limitations: 

A small, simulated dataset that the study is based on is a limitation of the study because a large-scale 

cloud workload diversity may not be well represented [28]. There is no model of real-time dynamic 

pricing, variability of the network, and patterns of workload in the long-term. The approach ought to be 

proven through the work in the future in large and real-world datasets of production and live cloud 

environments. 

 

VI. CONCLUSION AND FUTURE RESEARCH  

In this paper, a cost-aware multi-cloud data pipeline coordination framework was illustrated, which 

was able to dynamically load balances to the cloud providers to cut down the number of execution costs 

without affecting the performance of the SLAs. The proposed design can produce significant cost 

savings in accordance with the experimental results, increased stability in the aspects of latency, and 

minimized violation of SLA compared with single-cloud deployments. Adaptation and efficient 

orchestration decision-making in dynamic clouds is also possible with the harmonization of the real-

time cost feedback with reinforcement learning. 

Future Research: 

The current study can be expanded in the future by adding real-time cloud pricing APIs and network-

aware metrics to the orchestration engine. Investigations into the area of deep reinforcement learning 

as a method of continuous policy optimization and testing the framework on multi-cloud deployments 

of the same scale, on a large scale, would improve scalability, robustness, and applicability in practice. 
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