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Abstract - Time series forecasting is important in cloud data centers to efficiently allocate resources in the form of
cloud resources, since forecasting demand allows effective use of computing resources and reduces costs. Traditional
methods based on conventional machine learning or statistical analysis often fall short at capturing complex temporal
patterns, leading to low prediction accuracy and inefficient resource use. Three models are proposed in this research.
Using actual Microsoft Azure trace data, CNN, GRU, and a hybrid CNN-GRU are used to forecast resource usage.
The experimental results show that the CNN-GRU model achieves the highest performance, with the lowest error
rates (MSE: 0.0002, MAE: 0.0136, RMSE: 0.0164) and the maximum R2 of 98.23%, compared to the single CNN
(R2: 94.59%) and GRU (R2: 97.45%). The proposed models show much better predictive accuracy than traditional
forecasting methods such as CP-SAE and LSTM. The findings validate the importance of combining spatial and
temporal learning features for powerful forecasting of cloud resources. The paper provides an actionable model for
proactive resource distribution and lays the groundwork for future developments based on multi-source real-time
data and an advanced architecture to further increase prediction accuracy in dynamic cloud-based environments.

Keywords - Cloud Computing, Resource Utilization Prediction, CPU Usage Forecasting, Machine Learning, Deep
Learning, Cloud Resource Management.

1. Introduction

Cloud computing (CC) provides an adaptable architecture that enables applications to obtain the resources they need before
executing essential applications on virtual machines [1]. Cloud service companies frequently employ pay-as-you-go pricing to
offer clients flexibility and reduce expenses. A significant increase in cloud users and the development of cloud-based apps to
access various cloud computing services are a result of the broad range of developments in CC technology. CC services are used
in many scientific applications, resulting in a range of cloud resource utilization [2]. To satisfy fluctuating user demand,
effective resource management is therefore necessary. In cloud computing environments, efficient resource management can
maximize resource utilization, reduce costs, and enhance performance [3]. Effective resource management is achieved by
forecasting resource use.

Predicting resource usage has been thoroughly researched, and there is a wealth of literature accessible [4][5]. Several
factors affect resource prediction models, including accuracy, the model's time and memory complexity, managing many
resources, etc. Accurately predicting resource consumption is challenging due to several factors, including network speed, disk
1/0, CPU and memory usage, etc. There may be connections between, for instance, CPU and memory consumption and disk 1/0
and memory [6]. Determining and forecasting relationships among different types of resources is challenging. Consequently, the
forecast results not be useful in real-world situations. The auto-scaler based on cloud resource prediction needs to assess multiple
indicators simultaneously to make appropriate scaling decisions [7].

The application of ML techniques in research has received more attention in recent years [8]. Many resource indicators are
handled concurrently by the prediction approach. ML uses load-balancing cloud topologies, workload complexity, and services
to predict customer requests and burden [9]. Workload cloud architectures enhance resource performance and allocate them in
accordance with demand, while service load balancing in cloud architectures increases utilization, improves availability, and
enhances performance by using a deep learning model that forecasts load based on requirements [10]. The framework uses
several techniques to improve model predictions and maximize cloud resource utilization [11][12]. Proactive scaling, improved
load balancing, and enhanced cloud resource utilization are enabled by ML and DL algorithms that concurrently model these
intricate interactions and forecast resource demand. Thus, the following might be used to summarize this work's primary
contributions:
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e A robust pre-processing pipeline using real Azure traces with cleaning, feature engineering, and min—max
normalization for practical and accurate resource prediction.

e Development of a hybrid CNN-GRU model that successfully identifies temporal and spatial trends in data on cloud
resource usage.

e Demonstration of improved forecasting accuracy through extensive evaluation using MAE, MSE, RMSE, and R?
metrics.

o offering a reliable, broadly applicable framework for predicting cloud resource use that minimizes overfitting and
improves scalability.

The research is important because it enables more effective prediction of cloud resource utilization, which can be used to
improve resource allocation and system performance. It is unique in that it overcomes the limitations of single models and
traditional forecasting techniques by leveraging a hybrid CNN-GRU model that combines temporal dependency learning and
spatial feature extraction. This methodology along with a configured pre-processing pipeline offers a high-performing and
scalable platform to real-time, data-intensive cloud resource management.

1.1. Structure of Paper

This paper's remaining sections are organized as follows: a description of related work is found in Section Il; Section IlI
focuses on the proposed methodology; Section IV concentrates on the experiments performed; and Section V presents
conclusions and further work.

2. Literature Review

The literature contains several methods for predicting resource usage based on both single- and multi-ML techniques, some
of which are listed below. Kumar and Singh (2019) propose a differential evolution-based workload prediction method for
efficient VM distribution. The forecast accuracy of the proposed strategy is evaluated using Google's real-world trial and
compared with the most sophisticated prediction methods. Saw a notable decrease in forecast inaccuracy of up to 71% and 88%,
respectively, in comparison with forecasting techniques based on back propagation and linear regression [13].

Wang et al. (2019) create and implement a tool that enables users to choose models and independently determine the
optimal parameter combination. Users may simply develop an elastic, offline resource forecast system that offers resources
using RPT, an openly improvable toolkit. The system comprises many scalable prediction modules. These include dataset
import, model selection, parameter adjustments, and prediction outcomes. The model can be widely used to forecast future cloud
resource use and to select appropriate assessment criteria to evaluate its effectiveness [14].

Li et al. (2019) developed a neuromorphic system based on cogent confabulation using historical record data across all
dimensions to predict resource consumption. The system simulates a probability network that is carefully adjusted to support the
prediction application, leveraging correlations across observations across several dimensions. The experimental data suggest that
the cogent confabulation model-based VM resource utilization prediction has an inherent advantage for dynamic prediction with
a larger prediction window and achieves greater accuracy than prior work. Using accurate confabulation-based virtual machine
resource prediction, cloud resource management can boost energy efficiency (in terms of electricity prices) by up to 26.52%
[15].

Shaw, Howley, and Barrett (2018). This paper presents a novel predictive, anti-correlated VM placement method and
compares the most popular prediction models using actual workload traces. In comparison with some of the most popular
placement regulations, Empirical data show that the suggested technique reduces energy consumption by 18% and service
violations by over 47% [16].

Hassan, Chen and Liu (2018) presented DL is the foundation of DEARS, an Elastic and Automatic Resource Scheduling
system for cloud apps. Based on historical workload, the LSTM model is applied to predict future request demand, offering a
proactive and reactive strategy. The restriction assessment, VM provisioning, and dynamic consolidation modules each handle
VM allocation independently. The performance of resource allocation is then improved reactively by iteratively applying the
SLA's feedback. Experiments using real-world data demonstrate the methodology's viability and effectiveness. The high
prediction accuracy facilitates a more appropriate allocation. Furthermore, compared to the baselines, a superior server-side
trade-off between quality of service and SLAs is obtained. [17].

Lyu et al. (2017) offer a practical method for balancing economic profitability and high availability. Three more modules
the forecast, adjustment, and collection modules were used to create a forecast approach. To increase forecast accuracy, the
forecast module employs several ML algorithms. Carried out a comparative study, and the findings demonstrate the efficacy of
the suggested forecasting method [18].
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Although there have been significant advancements in predicting resource utilization, current methods lack real-time
flexibility, cross-platform performance, and scalability for highly dynamic cloud workloads. As noted in Table I, earlier research
is primarily concerned with increasing accuracy in controlled settings. It does not strongly support heterogeneous resource use,
workload variation, or multi-objective optimization. Thus, it can be concluded that more adaptive and robust prediction
framework incorporating real-time data, hybrid learning models, and proactive scheduling is clearly needed to increase
reliability and decision-making in the contemporary cloud

Table 1: Comparison of Recent Studies on Resource Utilization Prediction Techniques

Author Technique / Model Contribution Findings Future Study
Used
Kumar & | Differential Evolution- Developed an evolutionary Reduced forecast error by | Extend to multi-cloud
Singh based workload forecasting scheme for 71% vs. backpropagation | environments; integrate
(2019) prediction accurate VM workload and 88% vs. linear with real-time auto-
prediction using Google trace regression scalers
data
Wang et RPT — Resource Built a modular, extensible Provides flexible and Enhance toolbox with
al. (2019) Prediction Toolbox prediction toolbox including scalable forecasting for deep learning modules
(ML model selection dataset import, model cloud environments and real-time prediction
& tuning) selection, parameter tuning, support
and output evaluation
Lietal. Neuromorphic Cogent Designed multidimensional Improved prediction Explore hybrid
(2019) Confabulation Model neuromorphic prediction accuracy; increased neuromorphic-DL
model exploiting correlations energy efficiency by models; expand
in historical data 26.52% prediction window
adaptability
Shaw, ML model comparison Introduced a predictive Reduced energy usage by | Integrate with dynamic
Howley & | + Anti-correlated VM | placement strategy using anti- | 18% and service violations | orchestration; test with
Barrett placement correlated VM allocation by 47% diverse real-world
(2018) workloads
Hassan, DEARS Framework Proposed proactive and Improved prediction Extend to hybrid cloud,
Chen & (LSTM-based reactive resource scheduling accuracy; better quality of containerized
Liu (2018) prediction + SLA- using LSTM for workload service-SLA trade-off and | workloads, and multi-
driven scheduling) prediction efficient VM allocation layer SLAs
Lyu et al. Multi-module ML- Designed a forecasting Verified efficiency and Incorporate
(2017) based forecasting mechanism using multiple ML improved performance reinforcement learning

(Forecast, Adjustment,
Collection modules)

techniques to enhance accuracy

across cloud scenarios

and adaptive
forecasting in dynamic
cloud setups

3. Methodology

The research analyzes Microsoft Azure trace data, which undergoes cleaning, verification, feature engineering and min-max
normalization. A hybrid CNN-GRU maodel is intended to examine temporal relationships with GRU units and spatial patterns
with CNN layers. The data is divided into subgroups for testing, validation, and training. The model is trained on processed data,
and its ability to forecast resource use is assessed using the MAE, MSE, RMSE, and R2 metrics.
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Fig 1: Proposed Flowchart For Resource Utilisation Prediction
Additionally, Figure 1 illustrates the Research Methodology for Cloud Computing Resource Utilization Prediction.

3.1. Data Acquisition and Pre-processing
Microsoft Azure traces from GitHub offer CPU usage data for forecasting trends in network transmission performance and CPU
utilization. Key resource measurements, such as CPU utilization, which are essential to the study's predictive models, are
available in the databases. The data was cleaned, feature-extracted and normalized. These steps are listed below:
e Data Cleaning: Clean up the datasets to get rid of inconsistencies, outliers, and missing numbers.
e Data Shape Verification: The dataset shape was confirmed, ensuring the correct number of rows and columns remained
after filtering.

3.2. Feature Engineering

The feature engineering was done by deriving important temporal and system-level features, such as CPU usage and time-
of-day effects, to model cyclical and load-sensitive behaviour. Categorical variables were appropriately coded, and numerical
features were normalized or standardized as needed to ensure consistent scaling and improve model convergence.

3.3. Normalization
Each resource in the datasets is normalized independently, and its maximum capacity in relation to all machines in the trail is
represented by a value of 1. The calculation for this procedure is displayed in Equation (1):

Xy = ——M 5 (high — low) + low (1)

Xmax~Xmin

Where X is the value before the feature value is processed, x,,;,, is the minimum of all the original features, and x,,,,, 1S the
maximum of all the original features. The mapping interval's maximum and minimum values are denoted by high and low,
respectively.

3.4. Data Splitting
Splitting the datasets in a 70:30:10 ratio into training, validation, and test sets.

3.5. Propose Hybrid CNN-GRU Model

The CNN-GRU hybrid model was created for cloud resource utilization. The rationale for this approach is based on the
similarities between the two models' advantages—GRUs are better at learning temporal dependencies in sequential network
data. At the same time, CNNs are better at extracting spatial characteristics. This combination significantly improves a strong,
high-level, broadly applicable detection system that is less susceptible to bias and overfitting. Figure 2 shows the architecture's
input layer, convolutional and pooling layers, GRU layer, dense layer, dropout layer, and final output layer.
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Fig 2: Architecture of the Proposed CNN-GRU Model

The input layer, which encodes the sequential information to be analyzed later, received the former. A one-dimensional
convolutional layer then transforms this data using filters that identify it as a malicious object. After convolution, the results are
passed through a ReLU activation unit to introduce non-linearity in the model, thereby encouraging faster learning and better
gradient flow. The operation of convolution has been defined as in Equation (2):

ynl = G xw)[n] = X820 x[n + K]. w[k] ()

where P is the filter or kernel size, y[n] is the filter or kernel value at position n, x[n] is the input signal at position n, and
wl[k] is the filter or kernel value at position s. The spatial dimensionality of the feature maps is then reduced via max pooling. By
retaining the most important characteristics of each region, the process is used to increase translational invariance, reduce
computational cost, and prevent overfitting. The summary features include a GRU layer. The GRU layer is designed to identify
evolving attack patterns by capturing the long-range relationships and temporal dynamics of sequence data. To address the
vanishing gradient problem in standard RNNs, GRUs use gating mechanisms. Two characteristics of GRU cells that control
data flow are reset and update gates. Equations (3) through (6) show how the GRU is expressed mathematically.

1. = oWy [he—q, X)) 3)
zy = o(W,.[he—q, x¢]) (4)
hy = tanh(W.[r, X he_1,x.])(5)
hy =1 —2z)Xh,_q,2 X h,(6)

The following is one approach to express these equations: x,As the input, h,is the output vector, A,is the activation vector,
z, is the update gate, r, As the reset gate, W represents matrices of weights, and the sigmoid function is represented by o. A fully
linked (dense) layer accepts the generated sequential characteristics and combines them with high-level information. A dropout
layer can also be included to further reduce overfitting, randomly deleting a fraction of neurons during training to increase
generalization. To arrive at the final classification decision, the output layer applies a SoftMax activation function to translate the
converted attributes into a probability distribution over the two output classes, benign and malignant.

3.6. Performance Matrix
Used a variety of metrics to anticipate resource utilization. The MSE is a forecasting error statistic that uses squaring and
averaging to calculate the difference between expected and actual values. As a result, the size of the prediction error affects the
MSE. The RMSE is defined as the square root of the mean squared error. It is therefore less sensitive to the magnitude of errors
since it takes the square root of the MSE. This allows for a more intuitive interpretation of the mistake size. The mean absolute
error, or MAE, is the average of absolute errors. On the other hand, R2 is a statistical metric that indicates how much of the
variance in the dependent variable is explained by the independent variables in a model. Its range is 0 to 1, where O represents no
variation that the model can account for and 1 represents a perfect fit. The following are Equations (7) through (10):
5 L i—y)?
R* = YL i-v)? Y
RMSE = [-3,(y;i = y{)? (8)

1
MAE =¥y |(vi=¥) (9)

n

1 n
MSE = n Zizl(yi —-x)*  (10)

Where n is the number of data, ¥; is the model's projected value, and yi is the actual value of real
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4. Results and Discussion
The testing was conducted on a server equipped with a 3.10 GHz Xeon CPU, 16 GB of RAM, and 2 TB of storage. The

algorithms were implemented using Google Colab and Python. The factors used in work are displayed in Table 1I. The CNN-
GRU hybrid model has the highest R? value of 98.23%, indicating an excellent fit and predictive value, and the best accuracy
with the lowest error measures (MSE: 0.0002, MAE: 0.0136, RMSE: 0.0164). GRU also performs well but does not surpass
CNN on any parameter, whereas the CNN-GRU consistently stays ahead, demonstrating its efficiency in capturing complex
temporal information about CPU utilization.

Table 2: Propose Models' Performance for Resource Utilisation
Matrix | CNN | GRU | CNN-GRU
MSE | 0.0008 | 0.0005 0.0002
MAE | 0.0240 | 0.0164 0.0136
RMSE | 0.0307 | 0.0215 0.0164

R2 score | 94.59 | 97.45 98.23
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Fig 3: Line Plot For Real and Predicted Values Of CNN-GRU Model

Figure 3 illustrates a line plot of the actual and forecast CPU utilization values generated by the CNN-GRU model over two
days, January 29-30. The x-axis indicates time intervals, and the y-axis depicts CPU usage between 1.1 and 1.5. The blue line
shows the observed values, and the orange line shows the model forecasts. The alignment of the two curves shows that the
CNN-GRU model is well-suited to learning temporal changes and the variability in CPU usage and achieves good predictive

accuracy for time series.
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Fig 4: Line Plot For Real And Predicted Values Of CNN Model

The actual and anticipated CPU utilization numbers provided by the CNN model during the period of January 28-30, 2017,
are displayed in Figure 4. The timestamp is displayed on the x-axis, and CPU utilization, which ranges from roughly 1.2 to 1.45,
is displayed on the y-axis. The model's forecast is given by the red line in the plot, while the blue line shows the actual observed
values. The dynamic characteristics of the two lines are similar: they are periodically shaped, with high and low points
representing the CPU's usability. The fact that the predicted and actual parameters are very close indicates the effectiveness of
the CNN model in capturing the short-term dynamics and trends in CPU utilization.
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Fig 5: Line Plot for Real And Predicted Values of GRU Model

The GRU model's estimated and actual CPU utilization values over a continuous time window are compared in a line plot
(Figure 5). It is evident from the plot that the predicted curve closely follows the real data, with respect to both the periodic
fluctuations and the peak-to-trough trends in CPU usage. The minimal deviation between the two lines indicates that the GRU
model is very effective at capturing temporal dependencies in the data and highly predictive over short time periods.

Table Il presents a comparative analysis of several resource utilisation forecasting methods based on MAE and RMSE
values, illustrating the predictive power of each model. Conventional methods like CP-SAE and LSTM have a relatively higher
level of RMSE, which implies that they are less accurate than models based on DL. CNN and GRU perform better, with
significantly lower error rates. The hybrid CNN-GRU model is the best in this selection because it minimizes MAE and RMSE,
demonstrating its excellent ability to identify temporal and spatial correlations in the data. As a result, it is the best forecasting
model to estimate resource use in this comparison.

Table 3: Comparison Between Different Methods for Resource Utilisation Forecasting
Models MSE | RMSE
CP-SAE[19] | 0.303 9.17
LSTM[20] | 0.00045 | 0.0212
CNN 0.0008 | 0.0307
GRU 0.0005 | 0.0215
CNN-GRU | 0.0002 | 0.0164

The hybrid CNN-GRU maodel is suggested because it successfully combines the strong temporal dependence learning
strength of GRUs with the spatial feature extraction capabilities of CNNs, making it better for simulating sequential and
fluctuating CPU utilization patterns. Individual models, such as CNN and GRU, can yield good performance on their own, yet
CNN-GRU consistently yields lower error (MSE, MAE, RMSE) and the highest R 2, indicating its stronger capability to
represent local trends and global temporal dynamics. The CNN-GRU architecture offers more consistent and precise predictions
than traditional algorithms like CP-SAE and LSTM, which cannot capture temporal depth or generalise to intricate variations.
The combination of this strategy guarantees minimal deviation from the actual values, accelerated convergence, and a stronger
forecasting structure, which is why this method is the most accurate model in the domain of resource utilisation prediction.

5. Conclusion and Future Scope

Cloud computing enables a customer's cloud apps and services to access cloud resources dynamically and as needed. Cloud
providers face challenges with future cloud resource demand, such as CPU consumption in their cloud applications to meet
client requirements, as this depends on the workloads they receive. This experiment shows that the suggested CNN-GRU hybrid
model achieves better results in cloud resource utilisation forecasting by effectively preserving both spatial characteristics in
CNN layers and time-related dependencies in GRU units. The CNN-GRU model has the lowest MSE (0.0002), but the highest R
2 (98.23), CNN (MSE: 0.0008, R 2: 94.59) and GRU (MSE: 0.0005, R 2: 97.45). The CNN-GRU model has lower forecasting
errors than the current methods (CP-SAE: RMSE: 9.17; LSTM: MSE: 0.00045), indicating high generalization and stability in
learning diverse CPU utilisation patterns. The study, however, is constrained by the use of a single Microsoft Azure trace dataset
and constant-time-interval inputs, which might not be representative of a heterogeneous cloud environment. Additionally,
external factors such as network anomalies or workload unpredictability were not taken into account. By combining multi-cloud
datasets, using dynamic time-window selection, and investigating cutting-edge architectures such as attention-based networks
and transformer models, future research can overcome these restrictions and improve forecasting accuracy and scalability for
real-time cloud resource management.
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