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Abstract: Accurate workload prediction is essential 

for efficient resource allocation, energy optimization, 

and service reliability in cloud data centers. This 

work proposes an enhanced workload forecasting 

framework using a two-stage decomposition 

technique combined with a hybrid parallel deep 

learning model. Initially, CEEMDAN is applied to 

denoise workload traces and decompose them into 

Intrinsic Mode Functions (IMFs). Sample Entropy is 

then used to select relevant IMFs, while Variational 

Mode Decomposition (VMD) further analyzes high-

frequency components to uncover hidden workload 

patterns. K-Means clustering categorizes workloads 

into low, medium, and high utilization groups, 

enabling the model to focus on critical high-demand 

scenarios. 

To improve prediction efficiency and accuracy, the 

original CVCBM model is extended by integrating 

Bidirectional LSTM with a lightweight Bidirectional 

GRU. This hybrid architecture captures both short-

term fluctuations and long-term dependencies while 

reducing computational complexity and training time. 

The trained model is deployed using the Flask 

framework for real-time workload prediction through 

an interactive interface. Experimental results on cloud 

workload datasets demonstrate lower prediction error, 

faster execution, and better generalization compared 

with conventional models. The proposed system 

offers a scalable and intelligent solution for proactive 

resource management in modern cloud data centers.. 

Index terms - — workload prediction, cloud data 

centers, CEEMDAN, VMD, Sample Entropy, Conv1D, 

Bi-LSTM, BiGRU, real-time forecasting. 

1. INTRODUCTION 

Cloud computing has become a fundamental 

technology for delivering scalable, flexible, and on-

demand services such as storage, processing, and 

networking. With the rapid growth of digital 

applications, modern enterprises increasingly depend 

on large-scale cloud data centers to support dynamic 

user demands. However, workload patterns in these 

environments are highly variable and unpredictable, 

making static resource allocation inefficient. 

Underutilized resources during low demand lead to 

energy wastage, while sudden workload surges may 

cause performance degradation, SLA violations, and 

increased operational costs. Therefore, accurate 

workload prediction has become a critical 

requirement for ensuring efficient cloud resource 

management. 
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To address these challenges, this work proposes an 

enhanced workload prediction framework using two-

stage decomposition and hybrid parallel deep 

learning. CEEMDAN, Sample Entropy, and VMD 

are employed to preprocess noisy workload traces 

and extract meaningful workload patterns. The 

original CVCBM model is extended by integrating 

Bidirectional LSTM with a lightweight Bidirectional 

GRU, enabling efficient learning of both short-term 

and long-term temporal dependencies with reduced 

computational complexity. The proposed model is 

further deployed using Flask for real-time prediction, 

allowing cloud providers to perform proactive load 

balancing, energy optimization, and reliable service 

delivery in large-scale data centers. 

2. LITERATURE SURVEY 

a)  Multiqueue Scheduling of Heterogeneous 

Tasks With Bounded Response Time in Hybrid 

Green IaaS Clouds 

In green infrastructure-as-a-service clouds (GICs), 

cost-effective task scheduling is crucial since user 

workloads utilize a significant amount of energy. 

Private GIC is forced to use hybrid clouds in order to 

outsource some activities to dependable and dynamic 

virtual machines (VMs) of public external clouds due 

to the erratic task arrival. However, it is challenging 

to assign all jobs in a cost-effective manner while 

meeting customers' stated reaction time limits due to 

temporal variations in income, electricity prices, wind 

and solar energy, and virtual machine operation costs 

of public external clouds. In contrast to current 

approaches, we provide a multiqueue scheduling 

(MQS) approach that examines these temporal 

variations in hybrid GICs (HGICs). In particular, this 

study first provides quantitative relationships 

between server service rates in private GIC and failed 

jobs. This research formulates a profit maximization 

issue for HGIC in each iteration of MQS and solves it 

using a unique meta-heuristic optimization approach 

that combines genetic algorithms, particle swarm 

optimization, and simulated annealing. Trace-driven 

tests using real-world data show that MQS 

outperforms conventional task scheduling algorithms 

in terms of profit and throughput while fulfilling task 

reaction time limitations. 

b) High electron mobility and quantum 

oscillations in non-encapsulated ultrathin 

semiconducting Bi2O2Se 

built on high-mobility semiconducting ultrathin films, 

which might enable the scalable production of high-

performing devices. Finding novel two-dimensional 

materials with both high carrier mobility and a big 

electronic bandgap is a crucial objective of 

fundamental research since conventional 

semiconductors cannot approach the ultrathin limit. 

Nevertheless, air-stable ultrathin semiconducting 

materials with better performance are still hard to 

come across. Here, we present ultrathin films of non-

encapsulated layered Bi2O2Se produced by chemical 

vapor deposition that exhibit high mobility 

semiconducting behavior and outstanding air 

stability. Due to quantum-confinement effects, we 

find bandgap values of about 0.8 eV that are highly 

dependent on the film thickness. As-grown Bi2O2Se 

nanoflakes have an ultrahigh Hall mobility value of 

>20,000 cm2 V-1 s-1 at low temperatures. 

Shubnikov-de Haas quantum oscillations can be 

detected since this value is similar to what is seen in 

graphene created by chemical vapor deposition and at 

the LaAlO3-SrTiO3 interface. At normal 

temperature, top-gated field-effect transistors based 

on Bi2O2Se crystals display near-ideal subthreshold 
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swing values (∼65 mV dec-1), huge current on/off 

ratios (>106), and high Hall mobility values (up to 

450 cm2 V-1 s-1). Bi2O2Se is a viable option for 

upcoming high-speed and low-power electronic 

applications, according to our findings.. 

c) Long Short-Term Memory: 

Recurrent backpropagation requires a relatively long 

time to learn how to retain information over long 

time intervals, mostly because to inadequate, fading 

error backflow. We first give a quick overview of 

Hochreiter's (1991) examination of this issue before 

presenting a brand-new, effective gradient-based 

technique known as long short-term memory 

(LSTM). By imposing constant error flow through 

constant error carousels within special units, LSTM 

may learn to bridge minor time gaps exceeding 1000 

discrete-time steps, truncating the gradient when this 

does not cause harm. The continuous error flow can 

be opened and closed using multiplicative gate units. 

LSTM has an O computational cost per time step and 

weight, and it is local in both space and time. First. 

Local, distributed, real-valued, and noisy pattern 

representations are used in our simulated data 

investigations. When compared to neural sequence 

chunking, back propagation over time, recurrent 

cascade correlation, Elman nets, and real-time 

recurrent learning, LSTM learns significantly more 

quickly and produces many more successful runs. 

Additionally, LSTM resolves challenging, synthetic 

long-time-lag problems that prior recurrent network 

methods were unable to resolve. 

d)  Empirical Evaluation of Gated Recurrent 

Neural Networks on Sequence Modeling 

We compare several recurrent unit types in recurrent 

neural networks (RNNs) in this research. We pay 

particular attention to more complex units that 

employ a gating mechanism, such a newly suggested 

gated recurrent unit (GRU) and a long short-term 

memory (LSTM) unit. We assess these recurrent 

units using speech signal modeling and polyphonic 

music modeling tasks. These sophisticated recurrent 

units are, in fact, superior to more conventional 

recurrent units like tanh units, according to our 

research. We also discovered that GRU and LSTM 

were equivalent. 

e)  Energy-Minimized Partial Computation 

Offloading for Delay-Sensitive Applications in 

Heterogeneous Edge Networks: 

Numerous computationally demanding and delay-

sensitive applications are supported by mobile 

devices (MDs). However, they are unable to fully 

operate all programs due to their limited battery life 

and processing power. To provide MDs more 

processing, storage, and networking capabilities, a 

mobile edge computing (MEC) paradigm has been 

put forth. Both macro base stations (MBSs) and small 

base stations (SBSs) frequently have servers installed 

in MEC. As a result, it is very difficult to link 

resource-constrained MDs with high performance 

and achieve partial compute offloading among them 

in order to minimize a MEC system's overall energy 

consumption. This paper suggests a unique compute 

offloading strategy for delay-sensitive applications 

with many separable tasks in hybrid networks, such 

as MDs, SBSs, and an MBS, to address these issues. 

This study formulates total energy consumption 

minimization as a restricted mixed integer non-linear 

program in order to accomplish this. In order to 

address it, this study develops Particle Swarm 

Optimization based on Genetic Learning (PGL), an 

enhanced meta-heuristic optimization algorithm that 
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combines the genetic processes of a genetic algorithm 

with the powerful local search capability of a particle 

swarm optimizer. Task offloading between MDs, 

SBSs, and MBS, users' connections to SBSs, MD 

CPU speeds and transmission power, SBSs and MBS, 

and bandwidth distribution of available channels are 

all collaboratively optimized by PGL. Simulations 

using real-world data gathered from Google Cluster 

Trace show that PGL performs noticeably better than 

other current approaches in terms of the system's 

overall energy usage. 

3. METHODOLOGY 

i) Proposed Work: 

By incorporating Bi-LSTM with a tiny Bidirectional 

Gated Recurrent Unit (BiGRU) into the CVCBM 

architecture, the proposed model improves cloud data 

center workload forecasts. The workload data is 

preprocessed using the CEEMDAN and VMD two-

step decomposition method to remove noise signals 

and other dynamic information. In contrast, Sample 

entropy (SE) and K-Means clustering are used to 

recreate high workload patterns to be used on 

training, making them more effective at predicting 

their results than the deep learning architecture and 

the straightforward single-model. 

In order to provide an interactive interface, an 

accurate workload forecast, and a legitimate 

deployment, Flask is utilized in the implementation 

of the improved model. It works well in dynamic 

clouds since clients may upload test files and receive 

a quick CPU consumption estimate. BiGRU layers 

provide the following benefits: they are cheap, reduce 

over-fitting, improve training performance, and 

reduce computing costs. In both input series 

directions, the hybrid architecture offers a degraded 

view of time-sensitive data. In large cloud data 

centers, this scalable technology is robust and 

effective at allocating resources ahead of time and 

operating in an energy-sensitive manner. 

ii) System Architecture: 

Three primary levels make up the extended workload 

prediction model's system architecture: prediction, 

preprocessing, and data storage. CPU and RAM use 

workload traces are gathered and kept in the data 

storage system. After breaking down the raw 

workload data into Intrinsic Mode Functions (IMFs) 

using CEEMDAN, the preprocessing unit uses 

Sample Entropy for complexity-based selection and 

K-Means clustering to classify the data into low, 

medium, and high workloads. VMD is used to further 

treat high-frequency components in order to improve 

feature extraction. The hybrid Conv1D–BiLSTM–

BiGRU network, which detects long-range 

relationships and multi-scale temporal patterns, 

receives these characteristics via the prediction 

processor. Lastly, cloud service providers employ the 

anticipated CPU and RAM utilization for dynamic 

load balancing across several cloud data centers, 

guaranteeing effective resource allocation, reduced 

energy consumption, and improved service 

dependability. 
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Fig1 proposed architecture 

iii) Modules: 

1. Data Collection Module: 

This module collects historical workload traces such 

as CPU utilization, RAM usage, and resource 

demand from cloud data centers. The collected data is 

stored for further preprocessing and model training. 

2. Data Preprocessing Module: 

This module applies CEEMDAN to remove noise 

and decompose workload signals into Intrinsic Mode 

Functions (IMFs). Sample Entropy selects relevant 

IMFs, while VMD further processes high-frequency 

components for better feature extraction. 

3. Workload Clustering Module: 

K-Means clustering is used to classify workload 

patterns into low, medium, and high utilization 

categories. This helps the system prioritize important 

high-demand workload data for efficient training. 

4. Hybrid Prediction Module: 

The processed data is given to the hybrid Conv1D–

BiLSTM–BiGRU model. Conv1D extracts local 

patterns, while BiLSTM and BiGRU learn short-term 

and long-term temporal dependencies for accurate 

forecasting. 

5. Real-Time Deployment Module: 

The trained model is deployed using the Flask 

framework with an interactive interface. Users can 

upload datasets and instantly obtain predicted 

CPU/RAM workload values. 

6. Resource Management Module: 

Based on predicted workloads, cloud providers can 

perform dynamic load balancing and resource 

allocation. This improves system performance, 

reduces energy consumption, and maintains SLA 

compliance. 

iv) Algorithms: 

1. Support Vector Machine (SVM): 

SVM is a traditional machine learning model used for 

regression in workload prediction. It is designed to 

find a hyperplane that best fits the workload data. As 

shown in the graph, SVM performs poorly in this 

scenario with much higher MAE and MSE, indicating 

its inability to handle high-dimensional, nonlinear, 

and highly variable cloud workload patterns 

effectively. 
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2. Proposed CVCBM (Conv1D + Bi-LSTM + 

BiGRU): 

The proposed CVCBM hybrid model combines 

Conv1D for local temporal feature extraction, Bi-

LSTM for capturing long-term dependencies, and 

BiGRU for lightweight temporal modeling. It is 

designed to capture multi-scale workload patterns in 

cloud data centers. According to the graph, it 

achieves a low MAE and MSE, indicating high 

prediction accuracy and robustness over traditional 

models. 

 

3. Extension CVCBM + BiGRU: 

This is the extended version of the CVCBM model 

where lightweight BiGRU layers are integrated to 

reduce computational complexity while maintaining 

effective temporal pattern extraction. The graph 

shows that this extension performs slightly better 

than the original CVCBM in terms of MAE and 

MSE, highlighting its efficiency and improved 

predictive capability. 

 

 

4. EXPERIMENTAL RESULTS 

The experiment shows that the hybrid deep learning 

architecture and two-stage decomposition improve 

the accuracy of cloud data center workload forecasts. 

CEEMDAN and VMD improved input 

characteristics, decreased noise, and generated more 

separate high- and low-frequency workload 

components in the preprocessing pipeline. To assist 

the model better understand important fluctuations, 

the composite technique prioritized high-impact 

workload segments by combining Sample Entropy-

based IMF selection with K-Means clustering. 

By lowering computing costs for multi-scale 

temporal learning and including lightweight BiGRU 

layers into the Bi-LSTM, the hybrid CVCBM model 

was improved. The long model outperformed SVM 

and CVCBM in terms of accuracy. The performance 

graph shows that the enlarged CVCBM + BiGRU 
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model has an MAE of 0.0074, which is higher than 

the original CVCBM (0.0082) and much better than 

SVM (0.092). It was shown that the combination of 

Conv1D, Bi-LSTM, and Bi-GRU models robust and 

reliable long-term and short-term temporal 

relationships for cloud resource optimization 

workload prediction. 

Experimental results show that the hybrid 

architectural long architecture improves prediction 

accuracy, computation efficiency, and the real-time 

use of Flask-based dynamic workload forecasting in 

large cloud data centers. 

Accuracy: A test's accuracy is its capacity to 

distinguish healthy from ill cases. Find the percentage 

of instances with genuine positives and negatives to 

assess test accuracy. 

Accuracy = TP + TN /(TP + TN + FP + FN) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑁 + 𝑇𝑃)𝑇  

Precision: Classification accuracy or positive cases 

constitute precision. The formula for accuracy is: 

Precision = True positives/ (True positives + False 

positives) = TP/(TP + FP) 

Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃(𝑇𝑃 + 𝐹𝑃) 
Recall: A model's recall measures its ability to 

recognize all appropriate machine learning class 

instances. The ratio of accurately predicted positive 

observations to total positives indicates a model's 

class instance detection skill. 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃(𝐹𝑁 + 𝑇𝑃) 
mAP: Mean Average Precision ranks quality.  It 

considers the number and order of relevant ideas.  

Calculating MAP at K uses the arithmetic mean of 

each user or query's Average Precision (AP). 

 

F1-Score: A high F1 score suggests an accurate 

machine learning model. Integrating recall and 

precision improves model correctness. Accuracy 

measures how often a model predicts a dataset 

correctly. 

𝐹1 = 2 ⋅ (𝑅𝑒𝑐𝑎𝑙𝑙 ⋅ Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛)(𝑅𝑒𝑐𝑎𝑙𝑙 + Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛) 

 

Fig 1 upload input  
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Fig2 results 

 

Fig 3 Accuracy graph 

Algorithm MAE MSE 

Extension CVCBM + BiGRU 0.0074 0.0015 

Proposed CVCBM 0.0082 0.0018 

SVM 0.092 0.009 

Table Performance table 

 

5. CONCLUSION 

The emphasized hybrid deep learning model reduces 

the inaccuracy of the cloud data center's workload 

forecast with its two-stage methodology and 

nonlinear and irregular workload trends. In order to 

enhance feature extraction, denoising, and K-Means 

clustering, the system uses CEEMDAN, Sample 

entropy, and VMD to focus learning on the higher 

workload regions. Using Conv1D, Bi-LSTM, and 

lightweight BiGRU layers, the long CVCBM 

structure outperforms SVM in prediction and has a 

reduced MAE. The acquired experimental findings 

show that when utilizing Flask, the enlarged 

architecture can estimate workload in real-time and 

detect both short-term and long-term dependencies. 

As a result, the system would enable data center 

sustainability, SLA compliance, and scalable, 

effective, and intelligent cloud resource optimization. 

6. FUTURE SCOPE 

For comprehensive resource management, the 

suggested workload prediction system may be 

expanded to anticipate other cloud resources, 

including CPU, memory, storage, and network 

bandwidth. For extremely dynamic workloads, 

forecasting accuracy may be increased by integrating 

sophisticated models like Transformers, Attention 

mechanisms, and Graph Neural Networks. The 

architecture may also be modified for hybrid cloud 

settings, edge computing, and fog computing, where 

low-latency resource allocation is crucial. 

Furthermore, intelligent scheduling, energy 

optimization, and automated decision-making may be 

achieved by integrating real-time auto-scaling and 

reinforcement learning approaches. To provide more 

dependable and secure cloud operations, future 

improvements may potentially incorporate anomaly 

detection and fault prediction to anticipate workload 

surges, cyberthreats, or server breakdowns. 
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