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ABSTRACT: Cloud resource management is important in the provision of efficiency in the allocation, scalability, and 

performance of virtualized computing environments. The ability to predict resource consumption is a very important 

and highly effective machine learning method that supports cloud operations in a perfect way by predicting future 

resource usage. An improved method for analyzing Microsoft Azure Trace data for forecasting is proposed in this 

research called BiLSTM-GRU, a deep learning architecture that combines Bidirectional Long Short-Term Memory with 

Gated Recurrent Units. The process for producing high-quality time-series inputs includes thoroughly cleaning the 

data, reducing noise, engineering features, and normalizing. BiLSTM captures temporal dependencies in both 

directions while GRU sequentially learns efficiently via gated operations, thus enabling both short- and long-term 

workload trend capture by the model. The LiR model outperforms the other linear resource trend models in terms of 

R² and RMSE (0.0169) according to the experimental data, while the BiLSTM-GRU model boasts the greatest prediction 

accuracy (0.9832%). The hybrid model's detection of the complex temporal variations in cloud workloads is further 

validated by a comparative analysis against the current NN, BP, and ARIMA models. The BiLSTM-GRU model is not 

only resourceful but also stable and offers correct CPU usage predictions, which enhance the efficiency of the cloud. 

KEYWORDS: Cloud Resource Management, Machine Learning, Utilization Prediction, Cloud Computing 

Optimization, Resource Allocation, Predictive Analytics. 

 

1. Introduction 

The digital era's rapid development has completely 

changed the way companies and people relate to 

technology, with cloud computing being one of the 

most disruptive innovations among these [1][2]. It 

enables users to pay every month for the computing 

resources they require under its various access offerings 

such as software, platforms, and infrastructure, thereby 

providing the most up-scaled, elastic, and cheapest 

solutions [3][4]. This transition has influenced every 

sector of the business world by making the business 

more efficient, helping to expand the digital world as far 

as possible, and even leading to the emergence of new 

concepts in the respective spheres [5][6]. 

Simultaneously, the cloud ecosystems are highly 

dynamic, and their inability to be predictable comes 

with a steep price of being unable to effectively control 

the resources, which is an inadmissible requirement of 

maintaining the performance and cost efficiency at the 

necessary levels. 

Cloud computing provides a flexible platform in 

which applications can receive the resources they desire 

immediately before executing them on Virtual Machines 

(VMs) [7][8]. Most service providers choose the pay-as-

you-go approach since it gives customers greater leeway 

and cheaper rates [9][10]. There is a growth in the 

quantity of cloud users and applications to an extent 

where there has been a demand to have efficient 

utilization and management of resources [11][12]. Since 

cloud workloads alter a loT, highly proficient resource 

management is a necessity to address the evolving user 

demands [13]to maximize resource utilization and to 

maintain a stable system [14][15]. The main aspects of 

attaining these goals are the prediction procedures for 

utilizing resources. 

The dynamic nature of cloud computing is that it 

dynamically manages and distributes the computational 

power [16][17]. Scalability and flexibility of the cloud 

enabled real-time suppliers to allocate resources at the 

same speed as the changing workloads, thereby boosting 

operability and agility [18][19][20]. Nevertheless, 

conversely, this dynamic feature has added complexity to 

the allocation of resources [21], and that is why they 

require advanced placement strategies, which can easily 

adapt to the evolving nature of the cloud [22][23][24]. 
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The drawbacks of cloud computing have resulted in 

the creation of a novel and efficient resource 

distribution model that includes ML and DL 

approaches as methods to optimize cloud performance 

and scalability [25][26][27]. Precise forecasting, real-

time updates, and effective resource allocation are made 

possible by the solution's usage of deep learning for 

demand prediction and reinforcement learning for 

dynamic scheduling [28][29][30]. To convince them of 

the quality and longevity of cloud computing 

environments, this framework is designed to maximize 

resource utilization, decrease latency and costs, and 

improve overall efficiency and sustainability [31]. 

A. Motivation and Contribution 

Two key factors that led to the creation of this 

specific research are the increasingly complex nature of 

cloud environments and the fact that highly capable, 

intelligent, and automated resource management 

systems are needed. Traditional ML models struggle to 

keep up with the ever-changing and time-sensitive 

cloud workloads, leading to ineffective resource usage 

and performance degradation. Therefore, a complex 

predictive model that has the capability of detecting 

intricate temporal trends and making real-time 

resource-allocation decisions with high precision is 

desperately needed to solve these problems. In order to 

improve the cloud system's overall efficiency, reduce 

latency, and increase prediction accuracy, the suggested 

Hybrid RNN+GRU model captures the data's short-

term and long-term relationships extremely well. This 

research offers several key contributions as listed below: 

• This article proposes an end-to-end method that 

uses a shared framework to integrate data 

preparation, feature engineering, model 

construction, and performance evaluation utilizing 

a specific dataset in Microsoft Azure. 

• Bidirectional LSTM and GRU layers are integrated 

to produce a new hybrid deep learning framework 

that enables the model to adequately comprehend 

both dynamic changes in workload and forward-

backward temporal dependencies. 

• A comparison with baseline models like Linear 

Regression (LiR), ARIMA, BP, and NN is used to 

assess the predictive performance of the hybrid 

model.  When it discusses R2 accuracy and 

dependability in time-series forecasting, the hybrid 

model performs better than the others. 

• Comprehensive performance evaluation is carried 

out using RMSE, MSE, MAE, and R² score, which 

enables standardization and interpretation of the 

comparison of the prediction models. 

• The recently proposed BiLSTM-GRU hybrid model 

provides extremely accurate CPU utilization 

estimates, leading to more effective cloud resource 

allocation, less computational overhead, and 

improved workload scheduling techniques. 

B. Justification and Novelty 

The ability to handle the extremely dynamic and 

nonlinear patterns of cloud resource usage, where 

traditional forecasting models might not be able to 

capture the complex time dependencies, leading to 

unacceptably high inaccuracies, is the basis for this 

research's justification and novelty. Long-term trends 

and short-term variations cannot be predicted by either 

pure deep learning or classic machine learning methods, 

which leads to erroneous forecasts and ineffective 

resource allocation. The proposed Hybrid BiLSTM+GRU 

model combines the gating lightness of GRU with the 

two-way learning capability of BiLSTM, enabling deeper 

comprehension of the temporal data and faster 

convergence. In addition to enhancing the model's 

scalability, adaptability, and robustness in actual cloud 

systems, this hybrid architecture also increases the 

model's ability to learn intricate workload behavior and 

offers extremely accurate CPU utilization forecasts along 

with an overall high-performance level. 

C. Organization of the Paper  

An overview of the literature and related studies in 

Section II. In Section III, the description of the dataset, 

methods of preprocessing the data, and the evaluation of 

features are described. Section IV is the implementation, 

and Section V is the experimental results, and a 

performance comparison with the existing models is 

presented. Section VI provides the conclusion and future 

work. 

2. Literature Review  

Recent studies on Cloud Resource Management were 

performed through a detailed review and analysis to 

guide and support the work. Table I illustrates the major 

research in this field, its proposed models, data applied, 

major findings, and the limitations found in each method. 

A. Javeed, et al. (2026) Customer service requests 

(TPS) are predicted using a two-stage forecasting model, 

which then uses cascaded XGBoost models to estimate 

CPU burden. Concept drift is addressed via adaptive 

online retraining using an expanding-window approach. 

The model obtained SMAPE below 7% for the majority of 

apps when tested on private cloud traces from 10 

applications; the top application recorded MAE of 0.7372, 

RMSE of 1.1866, SMAPE of 3.57%, and R² of 0.9185. Stable 

recursive forecasting with controlled error buildup over 

60 prediction steps was validated by horizon-wise 

analysis [32]. 

Han (2025) supports both fixed and dynamic 
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assignments of tasks, and thus is flexible to different 

applications. The FSO algorithm would also ensure that 

an adequate balance between exploitation and 

exploration is maintained and hence prevent early 

convergence. Overall, it fosters greater performance and 

cost-efficiency of cloud operations. The scalability and 

flexibility of this method prove its capabilities of this 

method in modern cloud infrastructure with accuracies, 

precisions, recalls, and F1-Scores of 98 % [33]. 

Doukha and Ez-Zahout (2025) installed PROXMOX 

and Prometheus to monitor and Grafana to visualize 

and give alerts. Through the usage of ML models, such 

as RF Regression and LSTM, the framework models the 

usage of resources based on history, which allows 

accurate and timely allocation of resources. It shows 

that the Random Forest model has a better accuracy 

(MAPE of 2.65) and is far better than LSTM (MAPE of 

17.43). Such results support the applicability of Random 

Forest in estimating resources [34]. 

Wang and Yang (2025) suggest a smart resource 

allocation system that utilizes deep learning (LSTM) in 

the prediction of demand and reinforcement learning 

(DQN) in the dynamic scheduling. The proposed 

system improves resource utilization (32.5), minimum 

response time (43.3), and cost of operation (26.6) by 

accurately predicting the needs of computing resources 

and providing them in real time. The approach greatly 

increases efficiency while preserving high service quality, 

according to experimental results in a production cloud 

environment [35].  

Dixit et al. (2024) assessed DNNs, RF, and gradient-

boosting machines on different datasets and complex 

tasks. Focusing on the obtained results, it becomes 

possible to state that the proposed methods yield up to 

87% improvement in the training speed and a 5–12% 

increase in the accuracy of the models compared to the 

traditional implementations on single nodes. Moreover, 

the approach proved its capability of scalability, did not 

degrade the performance, and achieved near-linear 

speedup throughout the distributed nodes of up to 1000 

[36]. 

Ramya, Ramya, and Babu Rao (2023) The suggested 

method achieved an accuracy of 19.49%, 18.05%, 12.77%, 

and 7.89%, respectively, outperforming a number of 

previous methods, including DL, TensorFlow DL, 

Cuckoo search-based NN, and ML. In addition to better 

performance metrics, the new technique achieved 

minimal energy of 0.301 J, minimal latency of 0.666 sec, 

maximal accuracy of 0.950, maximal sensitivity of 0.934, 

and maximal specificity of 0.967. Therefore, the created 

FrHHGO-based ShCNN e-waste classification method 

improves emerging economies' social, environmental, 

and economic sustainability [37]. 

  

Table 1. The Summery of the Recent Studies on Cloud Resource Management using Machine Learning 

Author Proposed Work Results Key Findings Limitations & Future 

Work 

A. Javeed 

et al. 

(2026) 

Two-stage integrated 

forecasting using cascaded 

XGBoost models to predict 

TPS and CPU workload, 

with adaptive online 

retraining using an 

expanding-window 

strategy. 

SMAPE below 7% 

for most 

applications. Best 

application: MAE 

0.7372, RMSE 

1.1866, SMAPE 

3.57%, and R² 

0.9185. 

Achieved accurate 

workload forecasting 

and stable recursive 

predictions with 

controlled error 

accumulation across 

60 prediction steps. 

Evaluated on private 

cloud traces from ten 

applications. Further 

validation on diverse 

cloud environments 

and larger workloads 

is required. 

Han 

(2025) 

Introduced a Fish Swarm 

Optimization (FSO) 

algorithm enabling static 

and dynamic task 

assignment for adaptive 

cloud operations. 

Achieved 98% 

accuracy, precision, 

recall, and F1-score. 

Ensures balance 

between exploration 

and exploitation, 

improving scalability 

and cost-

effectiveness. 

Future work could 

explore hybridization 

with deep learning 

models for further 

optimization. 

Doukha 

and Ez-

Zahout 

(2025) 

Developed a predictive 

framework using Random 

Forest Regression and 

LSTM integrated with 

PROXMOX, Prometheus, 

and Grafana for real-time 

monitoring. 

Random Forest 

achieved MAPE of 

2.65%, 

outperforming 

LSTM’s 17.43%. 

Demonstrated the 

superiority of 

Random Forest in 

accurate resource 

usage prediction. 

Future research could 

include real-time 

workload adaptation 

and multi-cloud 

scalability. 

Wang 

and Yang 

(2025) 

Proposed a hybrid deep 

learning approach 

combining LSTM for 

Improved resource 

utilization by 

32.5%, reduced 

Significantly 

enhanced efficiency 

and service quality in 

Can be expanded to 

include multi-agent 

RL systems for 
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demand prediction and 

DQN for dynamic resource 

scheduling. 

response time by 

43.3%, and cut costs 

by 26.6%. 

production 

environments. 

distributed cloud 

frameworks. 

Dixit et 

al. (2024) 

Evaluated DNN, Random 

Forest, and Gradient 

Boosting Machines for 

distributed cloud training 

and scalability. 

Achieved up to 87% 

improvement in 

training speed and 

a 5–12% accuracy 

increase. 

Proved scalability 

with near-linear 

speedup across 1000 

nodes. 

Future work may 

focus on optimizing 

communication 

overhead in 

distributed learning. 

Ramya, 

Ramya, 

and Babu 

Rao 

(2023) 

Proposed a FrHHGO-based 

ShCNN model for e-waste 

classification and 

sustainability optimization. 

Outperformed 

existing models 

with 95% accuracy, 

0.301 J energy use, 

and 0.666 sec delay. 

Improved 

environmental and 

economic 

sustainability using 

optimized neural 

architecture. 

Future work could 

extend this model to 

cloud-based 

industrial waste 

management. 

 

 

Fig. 1. Proposed Flowchart for CPU Utilisation for Microsoft Azure 

3. Research Methodology  

Cloud resource utilization prediction is an important 

task for efficient resource management and 

performance optimization. The proposed approach uses 

the Microsoft Azure dataset, a comprehensive log of 

cloud resource utilization, to predict CPU usage 

accurately. The data undergoes preprocessing, 

including data cleansing, handling missing values, 

removing outliers, and feature engineering to generate 

informative attributes. Linear Regression (LiR) and the 

BiLSTM-GRU hybrid model use the processed data to 

capture linear trends and complex temporal 

relationships. The dataset is divided into training and 

testing subsets in a 90:10 ratio to ensure proper model 

training and validation. After training, model 

performance is evaluated using RMSE, MSE, MAE, and 

R² to assess prediction accuracy and reliability. This 

evaluation helps identify the most suitable model for 

predicting CPU utilization during dynamic cloud 

activities. The overall workflow of the proposed method 

is presented in Figure. 1. 

Each stage of the recommended approach is 

thoroughly explained in the following section.  Each 

phase is explained in detail to highlight its significance 

and support the model creation process as a whole: 

A. Data Gathering and Analysis 

The Microsoft Azure Traces dataset provides CPU 

usage data that can be utilized for predicting CPU 

utilization and forecasting network transmission 

throughput.  Important resource measures, such as CPU 

consumption, are available in the datasets, which are vital 

for the research's prediction models.  To keep everything 

consistent, make comparisons easier, and reduce the 

range of the resource utilization measures in these 

datasets to 0 to 1.  With each dataset's resource going 

through its own scaling-down procedure, the maximum 

capacity of each virtual machine may be represented by a 

value of 1. This standardization method for 

normalization distinguishes a uniform manner of dealing 

with resources' analysis and prediction across datasets 

that yield insights into the utilization patterns of 

resources that are strong and comparable in their 

robustness. 

Figure 2. shows the CPU utilization trends in the 

Microsoft Azure environment over time.  The plot 

illustrates variations in CPU usage and shows the highest 

(orange), lowest (blue), and average (green) CPU usage 

over the course of the report. The average line provides 

an approximate representation of the system 

performance over the monitoring period, indicating 

Data Splitting: 

90% Training and 

10% Testing 

Evaluation Metrics 

used to compare 

Predictive models: 

RMSE, MSE, MAE 

and R2 score 

Microsoft Azure 

Dataset 

 

 

• Data Cleaning 

• Handle missing 

values 

• Remove Outlier 

• Feature Engineering 

Data preprocessing 

 

Predictive ML and DL Models: 

LIR and BiLSTM+GRU 

 

Final Results 
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stable and unstable times, while the many peaks and 

valleys indicate the fluctuating quantity of work 

completed. 

 

Fig. 2. Microsoft Azure Dataset CPU Utilisation 

 

B. Data Pre-Processing  

The dataset included a thorough data preparation 

procedure that comprised feature engineering, 

concatenation, and purification, among other steps.  

Missing value imputation, noise/outlier reduction, data 

labelling, and feature normalization were the primary 

preprocessing tasks. By supplying the necessary 

quality, consistency, and applicability of data for model 

training, all of the abovementioned preprocessing 

techniques greatly improved cloud resource 

management. The most important preprocessing steps 

have been briefly outlined below: 

• Data cleaning: The trace data contains outliers and 

missing values, which are typically eliminated by 

removing those tuples from the dataset.   

Additionally, it is a truth that hardly every feature 

is useful for forecasting. 

• Handle missing values: There are essentially two 

approaches to handling missing values.  One option 

is to remove the incomplete records, while another 

is to fill them using statistical techniques like mean, 

median, or mode imputation.  Along with ensuring 

data consistency, approaches to dealing with 

missing data can also help in avoiding errors in 

model training. 

• Remove Outliers: The step is aimed at removing 

irrelevant or wrong data that may alter the model 

learning. Smoothing, filtering, and outlier detection 

are included among techniques to ensure high-

quality data and improvement of model accuracy. 

C. Feature Engineering  

The process of turning raw data from cloud 

resources into useful features that help the model learn 

better.  In the process, the original hourly time-series 

data is transformed into daily representations, during 

which multiple significant statistical characteristics, 

including daily averages and maximum values, are 

computed. Those features simplify the process of 

determining the patterns of resource consumption and 

task intensity; each of the servers has a daily time-series 

that demonstrates how the resource consumption and 

application KPIs depend on each other.  To enable more 

precise and reliable predictions regarding cloud resource 

utilization, the last step is to aggregate these processed 

time-series data records into a structured dataset per 

server. 

D. Data Splitting 

The dataset is divided into two parts, with 10% 

designated for testing and 90% for training.  Afterward, 

the training data is used to build and optimize the model, 

enabling it to identify hidden relationships and patterns 

in the data. 

E. Proposed Linear Regression (LiR) 

The link between the input and dependent variables 

may be shown by linear regression, which finds a straight 

line with the minimum prediction error [38]. By using the 

following formula, represented as Equation (1), to 

calculate the projected CPU or network consumption, the 

model forecasts the use of cloud resources: 

 𝑦̂𝑡 = 𝛽0 + 𝛽1𝑥1,𝑡 + ⋯+ 𝛽𝑛𝑥𝑛,𝑡 (1) 

In the given expression,  {\hat{y}}_t  denotes the 

resource utilization forecast at instantiation t,  𝛽0 

represents the constant term,  𝛽1,𝛽2,…,𝛽𝑛  depict the 

coefficients of the model, and  𝑥1,t,𝑥2,𝑡,…,𝑥𝑛,t  signify the 

input features affecting the resource consumption. The 

model is based on linear relationships among the factors 

and the real utilization values. 

F. Gated Recurrent Unit (GRU) Model 
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An LSTM network that can provide nearly the same 

predictive performance but is simpler and quicker to 

train is the GRU, or Gated Recurrent Unit. While LSTM 

employs distinct input and forget gates, GRU merges 

them into a single update gate Z_t and adds a reset gate 

R_t to regulate memory flow, allowing the network to 

select what to remember and what to forget. While the 

reset gate influences the unlearning of the previous 

state, the update gate controls the quantity of historical 

data that is preserved.  This is a representation of 

Equation (2) concerning the update gate for capturing 

information: 

 𝑍𝑡 = 𝜎(𝑊𝑍 ∗ [ℎ𝑡−1, 𝑋𝑡]) (2) 

Equation (3) for getting information from the reset 

gate is as follows.: 

 𝑅𝑡 = 𝜎(𝑊𝑟 ∗ [ℎ𝑡−1, 𝑋𝑡]) (3) 

In this case, {\bar{h}}_tis the output state of the unit 

at time t, and  {\bar{h}}_tis the implied state value of 

h_t.  Equation (4) describes the computation of 

candidate activation, which is provided by: 

 ℎ̅𝑡 = 𝑡𝑎𝑛ℎ(𝑊ℎ̅ ∗ [𝑟𝑡 ∗ ℎ𝑡−1, 𝑋𝑡]) (4) 

and the final hidden state is updated using Equation 

(5): 

ℎ𝑡 = (1 − 𝑍𝑡) ∗ ℎ𝑡−1 + 𝑍𝑡 ∗ ℎ̅𝑡  (5) 

The previous hidden layer, {\bar{h}}_{t-1}is 

employed in the preceding equation since the state X_t 

represents the current input. tanh is the hyperbolic 

tangent function, \sigma is the sigmoid-type activation 

function, and W_Z, W_r W z, and W_{\bar{h}}  are 

matrix weights. 

G. Proposed Hybrid Bilstm and Gated Recurrent 

Unit (Bilstm+GRU) Model 

The Hybrid BiLSTM+GRU model is an amazing 

fusion of the BiLSTM network, which can learn from 

both directions in a sequence, and the efficient gating 

mechanism of the GRU [39].  The product is a model that 

is very successful at forecasting cloud resource 

utilization because it not only detects temporal 

relationships in both forward and backward directions 

but also retains important information through gated 

updates. 

Together, the input sequence is scanned both 

forward and backward.  Equation (6) is used to generate 

two hidden states at each time step: 

 ℎ𝑡
⃗⃗  ⃗, ℎ𝑡

⃖⃗ ⃗⃗ = 𝐵𝑖𝐿𝑆𝑇𝑀(𝑥𝑡) (6) 

In this instance, \vec{h_t}   and htover left arrow \ 

t\ correspond to the hidden states moving forward and 

backward, respectively, while x_t represents the current 

input during time t.  The model can simultaneously 

extract short-term patterns from past contexts and future 

ones thanks to this type of bidirectional organization. 

The GRU layer receives the output from the 

concatenated BiLSTM and uses its gating mechanism, 

which is defined by Equation (7), to improve and modify 

the features: 

ℎ𝑡
𝐺𝑅𝑈 = (1 − 𝑍𝑡) ∗ ℎ𝑡−1

𝐺𝑅𝑈 + 𝑍𝑡 ∗ ℎ̅𝑡       (7) 

In this equation, {\bar{h}}_t is the hidden state 

produced by the GRU that is a potential output, andZ_t 

functions as an update gate that controls the ratio of old 

memory to fresh data.  The hybrid model can capture 

long-term interdependence at a lower computational cost 

thanks to the gating mechanism. 

H. Evaluation Metrics 

Since the R² score, RMSE, MAE, and MSE are the most 

appropriate measures for the accuracy of predictions in 

continuous time-series datasets, they were used in the 

study to assess the predictive performance of the new 

model aimed at predicting CPU utilization.  These 

standard performance metrics were used to assess the 

efficacy of ML and DL models with baseline and hybrid 

algorithms after they had been trained and tested.  

Equations (8)–(11) illustrate the manner in which these 

fundamental characteristics provide the basis for 

measuring each model's overall prediction power. 

1) Root Mean Squared Error (RMSE) 

RMSE is calculated by determining the squared 

differences between the actual values and the predicted 

ones, taking the mean of those squared differences, and 

in the end, taking the square root of the mean. RMSE is 

capable of predicting errors with higher accuracy than 

MAE. Therefore, it becomes a handy instrument for 

identifying outliers or major differences: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦̂𝑖 − 𝑦)2𝑛

𝑖=1  (8) 

Where n= “data points”, 𝑦̂𝑖= “predicted values”, 𝑦𝑖= 

“actual values”. 

2) R-squared (R2) Score 

The R2 value shows how well the independent factors 

can forecast changes in the dependent variable. The 

essence of which is derived from taking the explained 

variance in the numerator and the total variance in the 

denominator in order to obtain a ratio. The formula for 

the R2 score is: 

 𝑅21 − 
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

  (9) 

Here, n is the number of samples, y_i is the actual 

value, and {y_i}^2 is the predicted value. 

3) Mean Squared Error (MSE) 
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The average of the squares of mistakes or deviations 

is how MSE is computed.  The computation process 

involves averaging the squared discrepancies between 

the actual and anticipated values.  The MSE formula is: 

 MSE =
1

𝑛
 ∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1  (10) 

 
Here, 𝑦𝑖 represents the actual value, 𝑦𝑖

2represents the predicted 

value, and n is the number of samples. 

4) Mean Absolute Error (MAE) 

The MAE is calculated by averaging the absolute 

values of the forecast and the actual results.  It takes into 

account the average size of mistakes but does not take 

their direction into account.  One way to calculate MAE 

is: 

 𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=1  (11) 

In this case, y_i is the actual value, {y_i}^2 is the 

predicted value, and n is the number of samples. 

4. Results and Discussion  

The section below describes the experimental design 

and gives an overview of how the proposed model 

performs during training and testing to reveal its 

computational efficiency and effectiveness.  The 

hardware of the experimental platform is now made up 

of an Intel Core i7-6500U processor, 8 GB and 1 TB of 

memory and storage. Table II analyzes the cloud resource 

performance of the proposed BiLSTM-GRU hybrid 

model and Linear Regression (LiR) model.  Besides the 

lowest RMSE of (0.0169), MAE (0.0131), and MSE 

(0.0002), the LiR model had an R² of (0.9733), which 

means that it was very well predicted linearly.  On the 

other hand, the BiLSTM–GRU model achieved the 

maximum accuracy with an R2 of 0.9832. The model, 

despite having RMSE (0.0214) and MAE (0.0169) that are 

very marginally higher than those of LiR, is able to detect 

complex temporal dependencies, which are typically 

found in cloud workload forecasting within changing 

environments. Predictive stability of the model remains 

excellent as reflected in an MSE of 0.0004, even though 

time-series patterns are highly variable. 

Table II. Classification Results of the Proposed Hybrid Model for Cloud Resource Management 
 Matrix LiR BiLSTM+GRU 

R2 score 0.9733 0.9832 

RMSE 0.0169 0.0214 

MAE 0.0131 0.0169 

MSE 0.0002 0.0004 

 

 

Fig. 3. Prediction on the Lir Model of Real vs Predicted Values 

Figura 3. CPU Utilization Reale vs Predetto 

mediante Regressione Lineare (LiR). The graphic gives 

a simultaneous perspective of the real and forecasted 

CPU utilization figures over the study period. The 

Linear Regression model manages to follow the CPU 

usage trend, depicting its increases and decreases 

accurately. The model does not completely lose track of 

the general time pattern, although there are small 

discrepancies caused by the fast fluctuation periods. The 

fact that the model can replicate the overall time trend of 

resource consumption is indicative that the model can be 

utilized as a baseline estimator of cloud resource 

management. 
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Fig 4. Prediction on BiLSTM–GRU Hybrid Model for Actual vs. Predicted Values. 

Figure 4. depicts the variation in the actual and 

predicted CPU utilization with the BiLSTM-GRU 

hybrid model.  The graphic explains that throughout the 

duration of the period, the real and predicted numbers 

of the CPU utilization values are very close to each 

other. The deviation of the real numbers is not that 

significant since the BiLSTM-GRU model is able to 

distinguish the periodic patterns and sudden 

fluctuations of the workload.  The model's exceptional 

capacity to learn intricate temporal connections is 

demonstrated by how well it tracks peaks and valleys, 

making it an ideal choice for precise forecasting of cloud 

resource utilization. 

A. Comparative Analysis 

To evaluate whether the model is effective, a 

comparative analysis using R2 and RMSE with other 

models is shown in Table III. A comparison of several ML 

and DL models designed to predict CPU usage is shown 

in Table III.  With an R² value of 0.952322 and an RMSE 

of 0.025668, the Neural Network (NN) model performs 

the best, whereas the Backpropagation (BP) and ARIMA 

models have substantially less predictive ability, with R² 

values of 0.8938 and 0.893, respectively. However, with 

an R2 of 0.9733 and an RMSE of 0.0169, the Linear 

Regression (LiR) model is unquestionably the best 

option.  These numbers suggest that it is highly capable 

of performing the task of stretching the linear resource 

usage trend. On the other hand, the BiLSTM–GRU hybrid 

model has the maximum accuracy, as evidenced by an R2 

score of 0.9832; hence, the model is said to capture 

complex temporal dependencies.  Although the model's 

RMSE (0.0214) is marginally higher than LiR's, the hybrid 

model's temporal learning is so much better that it 

continues to be the best choice for CP utilization forecasts. 

Table III. Comparison of Different Machine learning and deep learning Models for CPU Utilisation 

Prediction 
Model R2 score RMSE 

NN[40] 0.952322 0.025668 

BP[41] 0.8938 0.681 

ARIMA[42] 0.893 0.157 

LiR 0.9733 0.0169 

BiLSTM+GRU 0.9832 0.0214 

 

Several approaches for predicting CPU usage using 

DL and ML have been thoroughly examined.  Despite 

having a decent forecasting capability, the traditional 

methods NN, BP, and ARIMA were unable to fully 

capture the complex temporal patterns of cloud 

workloads.  However, given the greater linear trend 

over time, Linear Regression is the most effective model 

thus far.  However, the proposed BiLSTM–GRU hybrid 

model has proven to be the best in every way because it 

not only learns complex sequential patterns but also 

makes reliable, highly accurate predictions.  As a result, 

this model can be considered the most potent and 

appropriate for predicting CPU utilization in highly 

variable cloud environments. 

5. Conclusion and Future Study 

Cloud resource management has progressively 

become an important aspect of modern computing 

environments that strongly relies on high speed, 

scalability, and reliability.  One of the tasks that acquires 

the greatest importance is the forecast of resource 

utilization, as it is the main key to the successful 

distribution and the prevention of a decline in 

performance. To achieve this, a machine learning-based 

system, which comprised all preprocessing, feature 

engineering, and model evaluation procedures, was 
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developed to predict CPU utilization on the Microsoft 

Azure dataset. Prediction accuracy was higher with the 

suggested Hybrid BiLSTM-GRU model than with either 

the conventional or deep learning models.  In addition 

to the strong linear prediction power of Linear 

Regression, the hybrid design achieved the best R2 score 

of 0.9832 by revealing the intricate temporal 

relationships. The findings of this study demonstrate 

the use of hybrid sequence-learning models in cloud 

workload prediction, which can be very beneficial for 

intelligent cloud resource optimization. 

Future studies would expand the technique to multi-

resource prediction, enabling it to forecast CPU, 

memory, disc, and network utilization simultaneously, 

improving cloud performance management 

effectiveness. Virtual development and real-time data 

ingestion would likely significantly improve the 

system's capacity to handle abrupt changes in 

workloads.  
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