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Abstract - Cloud computing has reinvented delivery of services
due to its provision of scalability, elasticity and cost
effectiveness. But increased workloads have aggravated
management of resources, which has resulted in energy waste,
SLA break, and high cost of operation. The study presents an
active data-driven optimization model based on machine
learning to predict workload dynamics. Google Cluster Trace
dataset is processed using logarithmic scaling, Savitzky-Golay
filtering and Min-max normalization in order to improve
stability and quality. An LSTM model is used to find
longitudinal dependencies and forecast workload, CPU, and
RAM usage. Measures of evaluation are R? Mean Squared
error (MSE) and Root mean Squared logarithmic error
(RMSLE). The findings indicate that LSTM attains almost
perfect accuracy, R? of 0.99%, MSE of 13,934.54 (workload),
128.89 (CPU) and 131.29 (RAM), and RMSLE of 0.15, 0.16
and 0.14. Compared to existing models such as VAMBIg, SVM,
and SATCN, the LSTM framework significantly outperforms
them in prediction accuracy and error minimization. These
findings confirm that proactive LSTM-based workload
optimization reduces energy usage, enhances SLA compliance,
and strengthens scalability in dynamic cloud computing
environments. Future work can extend this framework to multi-
cloud and federated environments for broader applicability.

Keywords - Cloud Workload Optimization, Proactive Resource
Management, Machine Learning, Resource Allocation, Time
Series Modeling, Cloud Computing.

1. Introduction

Cloud computing has just become a paradigm of hosting
and providing Internet-based services. It is highly attractive to
businesses because it is flexible and they pay as they go since
the business does not have to plan to supply its resources ahead
of time and only increase resources when there is an influx in
demand [1][2]. The rapid growth in the use of cloud computing
has led to wide spectrum of infrastructure, platform and
software level of services. Nevertheless, this growth has its
own issues especially in the field of resource consumption [3].
The current generation data center cloud infrastructure has
large power demands, which result into high cost of operations
and carbon footprint. Meanwhile, most of these data centers
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are not at optimal levels of utilization, with a lot of power
going to waste because of over-provisioned and idle resources

[41[5]-

The importance of cloud workload optimization by these
inefficiencies can be seen to guarantee cloud processing that is
energy efficient, cost-reduction and sustainable computing
infrastructures. Cloud workload optimization is an internal
process to assign tasks to the virtualized infrastructure in a
strategic manner to fulfill such goals as performance, scale,
and cost-effectiveness. However enterprise workloads are non-
uniform and dynamic in nature [6][7][8]. The high business
activity of the season, unpredictive user demands, multi-
tenancy setups, and a variety of service-level agreements
present huge complexities. Traditional models of optimization,
like rule-based autoscaling, heuristic scheduling and resource
allocation based on a set of thresholds are not capable of
dealing with this unpredictability. These strategies are also
prone to wasting resources, violation of SLA, or poor
performance when the instances of work load peaks are not
forecasted [9][10]. This, in turn, makes the necessity to make
real-time decisions under smart, highly adaptable and data-
driven optimization procedures very pressing. The solutions
should not merely address the fluctuations but should
additionally offer proactive and sustainable work load control
in large scale cloud environment.

Machine learning (ML) has emerged as one of the
significant enablement of smart workload optimization in
cloud computing [11]. Unlike the other methods of the system,
ML allows the system to learn using historical as well as real-
time information and adapt to the dynamism of the
environment as well as enhance over time [12]. With the help
of the ML techniques, predictive models on the demand of
resources can be made, anomalies in the workload pattern can
be detected, and resource scaling can be made dynamically
responsive to the changes [13][14]. In comparison with the
traditional methods, ML models are more likely to forecast
utilization patterns, automatically schedule the work, and
allocate it more efficiently to distributed infrastructure due to
large amounts of data analysis [15][16]. Workload
management proactively, unlike the reactive strategies, which
respond to issues after they arise, allows the management of



the workload of enterprises with scalability and broad
applicability to cost-effective and sustainable cloud operations.

1.1. Motivation and Contribution of Paper

The study is driven by the fact that cloud computing
environments are increasingly becoming complex with
dynamically changing workloads and unpredictably changing
resource demands. Inefficiency in the manner in which
resources are distributed can be the cause of the high operating
costs, wastage of energy and poor quality of services. The
conventional method of reaction is not adaptable enough to act
to a sudden surge of workload or instances of underutilization.
This presents a tremendous requirement on active and
knowledge-based solutions that have the capacity to effectively
predict the workload trends and help in managing its resources
within an opportune and optimized manner. On the basis of the
big data such as the Google Cluster Trace, researchers have
been able to acquire the real-world patterns of workloads that
give a foundation on predictive modeling to enhance the
scalability, efficiency, and reliability within the cloud
infrastructure. The major study findings are the following:

e  Utilized the Google Cluster Trace dataset as a realistic
source of workload data.

o Applied essential preprocessing techniques, including
logarithmic scaling, Savitzky—Golay filtering, and
Min-Max scaling, to prepare the data for modeling.

o Developed and implemented an LSTM-based
predictive  framework for modeling workload
dynamics.

e Evaluated model performance using R?, MSE, and
RMSLE to ensure comprehensive assessment of
accuracy and error distribution.

e Provided insights into proactive resource management
strategies for cloud environments.

1.2. Justification and Novelty of the Paper

The justification for this study lies in the growing
complexity of cloud environments, where traditional resource
management strategies struggle to adapt to unpredictable
workload fluctuations. Inefficient allocation contributes to
energy wastage, SLA violations, and escalating operational
costs, necessitating data-driven, proactive approaches.
Integrating advanced preprocessing methods, LSTM modelling
for workload prediction, and real-world Google Cluster Trace
data is what makes this article unique. Unlike prior heuristic or
static optimization methods, the proposed framework ensures
adaptability, high predictive accuracy, and practical
applicability, offering a scalable solution for efficient,
autonomous cloud workload management.

1.3. Structure of the Paper
The following is the outline of the paper: Related works

are included in Section IlI. The technique, including the
description of the dataset, preprocessing, and model
implementation, is detailed in Section Ill. In Section IV,

review the performance measures and talk about the findings

of the experiments. Section V summarizes the work and
suggests avenues for further investigation.

2. Literature Review

The reviewed studies apply machine learning and Al
techniques for cloud workload optimization, combining
prediction, migration, and scheduling to proactively enhance
resource utilization, minimize energy consumption, and
improve SLA adherence in cloud environments. Xin (2025)
highlights the significant energy consumption of cloud data
centers and proposes an Al-driven approach using deep
reinforcement learning (RL) to optimize workload migration
decisions. This approach, which was trained using publicly
available cloud workload traces, minimizes service-level
agreement (SLA) violations and reduces energy consumption
by more than 20% compared to baseline heuristics. By
reducing the number of servers needed to run applications, this
method improves resource utilization and reduces energy usage
[17].

Karthikeyan et al. (2025) propose a novel approach for
workload prediction in cloud data centers, addressing the low
accuracy of existing methods due to redundancy, noise, and
low accuracy. Compared to the current methods, the
CVSTGCN-WLP-CDC method vyields a better accuracy of
23.32, 28.53, and 24.65, consumes less energy of 22.34, 25.62,
and 22.84, respectively. This new strategy has provided a more
effective and precise workload prediction tool within the cloud
information centers [18]. Diwaker and Miglani (2024) have
introduced an adaptive workload forecaster based on Particle
Swarm  Optimization-enhanced autoencoder to forecast
upcoming workloads in cloud data centers. The model relies on
historical data and it is better than conventional methods
because it decreases the scores of RMSE and MAE by about
75 percent and 76 percent respectively. Another major
successful outcome of the model is the impressive increase in
the R2 score to the value close to 0.96 percent which is a
strong workload prediction solution to the dynamic cloud
environment. The method is suitable to solve the issue with
dynamically changing resource requirements and redundant
customer requests, as it provides precise forecasts in real-time
conditions [19].

Ali et al. (2024) suggested a hybrid system that integrates
deep learning models with evolutionary algorithms in
predicting workload in cloud computing. Predicting the future
workloads, the model is a neural network optimization of the
differentiation evolution, which is based on a new mutation
strategy. The model was applied to the real-life traces of
Google and the Alibaba platform and the results indicated a
low error rate of 0.0002. High accuracy and automaticity
characteristics of the model have possible applications in cloud
computing including real-time applications. The findings have
been correlated to the available literature, which show the
possibilities of this model in the cloud computing [20].
Ahamed et al. (2023) present a new solution, Federated Cloud
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Workload Prediction with Deep Q-Learning (FEDQWP), to the
complicated VM placement issue, power efficiency, and SLA
conservation in Federated Cloud Computing (FCC) settings.
The FEDQWP model also takes advantage of deep learning
abilities to identify patterns in the background and allocate
resources to optimize. The findings indicate that the QLearning
model is an efficient model in terms of the use of the CPU at
an average of 29.02, the time to complete migrations is an
average of 0.31 units, the amount of tasks completed is 699 at
an average, the amount of energy used is lowest at an average
of 1.85 kWh, and the number of SLA violations is lowest at an
average of 0.03 violations proportionally [21].

Dogani et al. (2023) suggest a multivariate time series
method to predict workload of host machines in the cloud data
centers. The approach involves a statistical analysis to build the

training set, a convolutional neural network (CNN) to collect
the hidden spatial features among all correlated variables, as
well as a GRU network that is optimized by the attention
mechanism to acquire temporal correlation features. The
accuracy of prediction offered by the proposed method has
been enhanced by 2 to 28 percent in comparison with the base
methods and past studies. The study facilitate the optimization
of resource distribution and prevent service-level agreement
alteration (SLA) in cloud computing applications [22].

The Table 1 presents research on cloud workload
optimization, methods, data, results, and limitations, and
directions toward proactive, efficient, and resource
management of SLA.

Table 1: Literature Review of Machine Learning Approaches for Cloud Workload Optimization and Proactive
Resource Management

Author(s) Methodology Dataset Key Findings Limitations Future Work
Xin (2025) Deep Reinforcement Public cloud Reduced energy Focuses on Incorporate multi-
Learning for workload | workload traces | consumption by >20% | migration decisions objective
migration optimization and SLA violations; only; performance optimization
RL autonomously overhead of live considering multiple
learns when and migration not deeply | QoS metrics; real-
where to migrate addressed world deployment
workloads validation
Karthikeyan The CVSTGCN + NASA and Accuracy Computational Extend to online
etal. (2025) | Gazelle Optimization Saskatchewan improvement up to complexity; real-time prediction;
Algorithm is a HTTP traces 28.53%; energy scalability to larger integrate proactive
Convolutional Neural consumption reduced datasets not resource allocation
Network for Complex- up to 25.62% discussed and scaling
Valued Spatial- compared to baselines
Temporal Graphs.

Diwaker and Particle Swarm Bitbrains Reduced RMSE and | Limited to historical | Combine with hybrid
Miglani Optimization (PSO)- dataset MAE by ~75%; R? datasets; may not | optimization for real-
(2024) enhanced autoencoder score ~0.96, adapt to extreme time proactive

for adaptive workload outperforming workload spikes in | scaling; test in multi-
forecasting traditional approaches real time cloud environments
Alietal., DE-NN, an innovative Google real- Achieved very low Focused on Extend to proactive
(2024) clustering-based world traces, RMSE (0.0002) for | prediction only; real- | autoscaling, dynamic
mutation approach for Alibaba CPU, RAM, BW time deployment and | resource allocation,
evolutionary platform prediction; high integration with and real-time cloud
optimization; accuracy validated resource management;
clustering-based with R2, mean bias, management not explore multi-cloud
workload prediction 90th percentile score evaluated scenarios
Ahamed et Deep Q-Learning Real-world Improved CPU Focused on FCC Incorporate
al. (2023) (DQL) for Federated | FCC workloads utilization (29.02 scenario; predictive workload
Cloud Workload median), migration generalization to forecasting for
Prediction (FEDQWP) time (0.31), finished multi-cloud or non- proactive resource
tasks (699), energy federated allocation; optimize
(1.85 kwh), SLA environments not multi-cloud
violations (0.03) shown deployments

Dogani etal. | Hybrid CNN + GRU Google cluster Accuracy improved Limited to Integrate with
(2023) with Attention for data 2-28% over baselines; | prediction; does not resource allocation

multivariate multi-step captures spatial and address proactive and autoscaling
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workload prediction

temporal correlations

mechanisms for
proactive
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migration,
scheduling, or
energy optimization

effectively

3. Methodology

The methodology aims at providing an efficient
framework of proactive cloud workload optimization with the
help of machine learning indicated in Figure 1. It focuses on
the workload dynamics and forecasts the resource requirements
to have increased efficiency and reduced overheads in a large-
scale cloud setting. To do this, the primary source of data is the
Google Cluster Trace dataset which is used to arrive at the
real-world workload traces to be used as the model
development. The data is subjected to preprocessing such as
logarithmic scaling of the data to stabilize the variance,

Savitzky-Golay filtering to remove the noise, and Min-Max
scaling to normalize the features. The data is preprocessed, and
it is then divided into training and testing parts to avoid bias in
evaluating the performance of the model. The implemented A
Long Short-Term Memory (LSTM) model serves well to deal
with sequential dependencies of workload patterns. R?, Mean
Squared error (MSE) and Root mean squared logarithmic error
(RMSLE) are used to evaluate the model since they are used to
identify both the accuracy and error behavior. The collected
final results prove the applicability of the model to preemptive
cloud resource management.

Data Preprocessing

Train data

N—
—_—
=

Google Cluster

-Logarithmic scaling
-Savitzky-Golay filter
-Min-Max Scaling

Test data

Trace dataset

Performance measures
R?% MSE and RMSLE

/<,

Implement Long

short-term memory
model

Fig 1: Methodology for Cloud Workload Optimization Using LSTM Model

3.1. Data Collection

The released in 2011 Google cluster workload and
resource data has become a popular benchmark in the
assessment of prediction methods. It comprises 25,462,157
tasks and 672,004 jobs that were gathered by around 12,000
machines within 29 days. Workload comes in the form of jobs
that have several tasks, and the records regarding resource

4

consumption are connected to CPU and RAM usage. The data
is categorized into workload and resource utilization time
series of 2-minute time slots, which make up 20,880 time slots.
Failures and anomalies give these series non-linear, non-
stationary and noisy patterns, which become difficult to predict
but extremely important to running cloud data centers
effectively.
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Fig 2: Total Time Series of Workload
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Figure 2 is a line graph of the historical workload, over a
time. The time slot count, which is between 0 to say about
20,000, is plotted in the x-axis and the rate at which tasks
arrive, scaled by a factor of 104 is plotted in the y-axis. The
graph demonstrates an extremely dynamic and changing
workload, which consists of periodic and acute spikes between

3
1.00 %10

intervals of inactivity. There are some major peaks present, the
highest being in the area around the 2,500-time slot mark with
a rate of more than 12 104. Other significant spikes are
observed in and around 5,000, 7,000 and 16,000 time slots.
The general trend provides an erratic system load which has
specific high demand periods.
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Fig 3: Total Time Series of CPU Usage

Figure 3 is a line chart that displays the past CPU usage.
The count of time slots on the x-axis ranges between 0O and
20,000 and the y-axis shows the count of CPU usage
multiplied by a value of 103. The graph shows a very active
and dynamic trend, with a large number of peaks of CPU
utilization, separated by long intervals of extremely low
activity. The biggest mountains are related to the 2,000 and

x10°

6,500 counts of time slots with the value of approximately
1.00103 and 0.80103 respectively. The general pattern
indicates that CPU resources are prone to unpredictable and
high demand events which is indicative of intermittent and
bursting workload.
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Fig 4: Total Time Series of RAM Usage

Figure 4 is a line graph that illustrates how memory has
been utilized over a given period of time. The time slot count,
which is between 0 and 20,000, is represented on the x-axis,
whereas the RAM usage is represented on the y-axis and is
scaled by a factor of 103. According to the graph, the usage
pattern is highly dynamic and non-uniform with great spikes
that are separated by long intervals of low activity. The
presence of prominent peaks can be seen at time slots 2,000
and 7,000 where the usage of RAM is approaching the value of
1.00x103. The data show that the memory requirement of the
system is a bursty and sporadic requirement, but not steady and
that the periods of high use of the system are not foreseeable.

3.2. Data Preprocessing

Preprocessing of data enhances the quality of raw workload
and resource usage data, by removing the noise, outlier, and
scaling data. This guarantees the data to be consistent, clean
and appropriate to be used to make accurate predictions. The
workload and resource usage data used to improve the quality
of data and model performance was subjected to the following
preprocessing methods:

3.2.1. Logarithmic Scaling

The method of logarithmic data transformation is a method of
data transformation, used to normalize the large numeric data
to smaller levels, and to stabilize the variance in data sets. The
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raw data of work load and resource usage is highly deviated
and distributed wide [23] and hence modeling is a challenge. In
order to normalize the data, each piece of data is subjected to a
natural logarithm, causing large values to be compressed and
smaller values to be expanded. This change is defined in
Equation (1):

X' =In(X+1) (@)

Where X is the original data and X' is the transformed
value, making the series more uniform.

3.2.2. SG Filter:

The Savitzky-Golay filter cleans up the input signal by
eliminating any anomalies or background noise. It raises data
accuracy without affecting signal tenor or peak value retention
[24]. A time series, according to this theory, ought to be
constant with respect to both its mean and variance. There is a
need for SG filtering to ensure a stable time series because the
resulting time series may contain outliers. Recommend using
an SG filter with a window size of 11 for original sequence
smoothing because of the positive results it produces. Pictured
here is Figure 5:

Time series data >

Savitzky-Golay
Filtering

A 4

Stable Time series

Fig 5: SG Filter

3.2.3. Min-Max Scaling

An essential part of any machine learning preprocessing phase,
data scaling changes the range of characteristics so that they all
contribute equally to training the model. One common
approach to normalization is min-max scaling, which involves
transforming data such that it falls inside a predetermined
range, usually [0, 1]. Equation (2) shows how it rescales the
data by taking the minimum value and dividing it by the whole

range:
X—Xmin

X' = X Kmin_ )

Xmax—Xmin

Where X represents the initial data, X,,;, and X,,,,, denote
the lowest and highest values in the collection, and X' denotes
the output after normalization.

3.3. Data Splitting

The dataset spans 29 days and is split into 60% for training
and 40% for testing. This approach ensures the model learns
from historical workload and resource usage data.

3.4. Proposed Long Short-Term Memory Model

The LSTM is used to predict time series in long term and it
follows the pattern of past entry to predict the workload time
series. By adding a memory cell, the LSTM improves the
performance of classical RNN method. The input, forget, and

output gates make up an LSTM cell [25]. A sigmoid activation
function functions as a filter in each gate, deciding what
information to retain and what to discard. In addition to the
gates, LSTM also has the following components, as shown in
Figure 6:

e X, represents the input data as of time step t.

e H,_; represents the concealed state either from the
previous time step or at time step t — 1. In LSTM, it
acts as a short-term memory.

e  Cell state at time step t—1 is denoted as C;_;. LSTM is
controlled by it. Within the LSTM, it undergoes two

updates.

e The sigmoid activation function is represented by ¢
[26].

e The activation function tanh produces results between
1and -1.

e The forget gate determines whether to remember or
forget the previous time step memory C;_,, and its
output is f;, which is a sigmoid function.

e The input sigmoid gate's output determines which
incoming data points are added to the cell state.

e The candidate cell state, denoted as ¢, is obtained by
applying tanh to the external input data X,, which
undergoes a non-linear transformation.
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The vector o, is derived from the sigmoid activation of
the input vector X, and the prior hidden state H,_, .
Output H, and concealed state H, are both affected by
this decision, as is the amount of new cell state data.

C, represents the subsequent state of the cell.

H, serves as the subsequent concealed state and is
produced by the LSTM cell.

Mean Square Error: The mean squared error (MSE) ranges
from 0 to infinity and is calculated as the average of the
squares of the differences between the actual and predicted
values. MSE = 0 when the expected value is equal to the
observed one. Also, the bigger the error involved in prediction,
the bigger the MSE. It is computed by Equation (10):

1 ~
The following changes are made to the internal gates of an MSE =¥, —y)*  (10)

LSTM cell block for every new piece of external input data X,

as shown in Equations (3) to (6): Root Mean Squared Logarithmic Error: RMSLE is

fi = U(Wf[Ht—ert] + bf) (3) appropriate in evaluating the existence of big outliers in the

i, = o(W;[H,_y, X,] + b)) () predicted data. RMSLE not as vulnerable to large values in the

0 = o(W,[H,_1, X,] + b,) (5) data as MSE. It falls within [0, +co] and it is indicated in
& = tanh(W.[He_y, X;] + bc) (6) Equation (11):

1
. . RMSLE = [-Y" (1 + 1) —( i+ 1))2 11
Finally, an LSTM uses the outcomes of the internal gates and \/ n2i=1(l0g(i + 1)) = (loglyi +1))*  (11)

the candidate cell state to update the next cell state C, and
output H,, as shown in Equations (7) to (8):
Ce = [t ® €1 D1 ®C,
H; = o;tanh Q(C;)

(")
®)

The LSTM cell effectively combines short-term and long-
term memory through its gated architecture, enabling more
accurate modeling and prediction of complex time series data
compared to traditional models.

3.5. Performance Metrics

The effectiveness of regression models can be measured using
different statistical indicators that capture the accuracy and
reliability of predictions. The metrics are as follows:

R-Square: The value of the goodness-of-fit between the
predicted and true values is represented by R® [28]. The
accuracy of the predictions is guaranteed when they exactly
match the actual data. In this case, R? = 1. R%€(—, 1] and it is
given in Equation (9):

Overall, all these measures present a balanced perspective
of prediction quality, factoring in the general accuracy as well
as the influence of the extreme values when comparing to each
other.

4. Result Analysis and Discussion

The experimental findings of the Long Short-Term
Memory (LSTM) model in proactive resource management of
a cloud workload optimization reflected a very high predictive
accuracy in all the parameters. With the help of the provided
environment Intel Xeon E5-2650 v4 processor with 24 cores,
128 GB RAM, and the NVIDIA Tesla P100 graphics card (16
GB), using Linux Ubuntu 16.04, the frameworks of
TensorFlow and Keras. Table 2 shows that for workload, CPU,
and RAM predictions, the model got a R? value of 0.99%,
which means that the actual and projected values were very
close to each other. Workload had an MSE of 13,934.54%,
CPU of 122.89%, and RAM of 131.29%, indicating very little
variation in prediction errors. Similarly, the Root Mean
Squared Logarithmic Error (RMSLE) values remained

33



consistently low (0.15% for workload, 0.16% for CPU, and
0.14% for RAM), highlighting the model’s robustness in
handling scale-sensitive data. Altogether, the findings verify
the effectiveness of the LSTM as an instrument of data-driven
resource management in the context of clouds.

x10°

Predicted value
— Actual value

RAM usage
[ ] W

oLt L
0 2000 4000
Time slot count

6000

Table 2: Performance of LSTM for Cloud Workload

Optimization
Long Short-Term Memory Model
Approaches | R” MSE RMSLE
Workload | 0.99 | 13934.54 0.15
CPU 0.99 | 128.89 0.16
RAM 0.99 | 131.29 0.14

—— Predicted value
—=— Actual value

5760 5800

5720 5740 5780

Fig 7: Prediction Result for RAM Usage with LSTM Model

Figure 7 shows a prognostication of an LSTM model on
the use of RAM over time slots. The graph where the
prediction of the total RAM usage is depicted throughout the
period of time approximating about 6000 time slots, the red
line is the prediction of the values and the blue line is the
actual values. The pattern of the two lines is also similar with
some spikes, which means that the model could be used to

x10°
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—— Actual value

CPU usage

0 2000 4000
Time slot count

Figure 8 shows a prediction of an LSTM model in terms of
CPU usage in time slots. The left graph shows general trends
of CPU usage to 6000 time slots where red and blue lines
represent the predicted and actual values respectively. These
two curves show some similarity in terms of their patterns as
they have well-observed peaks indicating the capability of the
model to trace workload variations. A closer look is seen in the

reveal sudden shifts. The zoom-in view of the right (5720 to
5820) offers a better look and reveals the fact that the predicted
values are right on track with real variations. This proves that
the LSTM model is useful in predicting dynamic memory
usage behavior.

Predicted value

—=— Actual value

6000 —

O30

5800

5780

Fig 8: Prediction Result for CPU Usage with LSTM Model

5740 5760

right-hand zoomed area (time slots 57205820), which points to
a point of close comparisons between predicted and actual
values; this is able to detect sudden increases and drops. This
establishes the efficiency of LSTM model in predicting
dynamic trends of CPU utilization.
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Fig 9: Prediction Result for Workload Time Series with LSTM Model

Figure 9 shows the performance of an LSTM model in
predicting workload time series within a number of time slots.
The left graph depicts the overall trend of approximately 6000
time slots where the red curve depicts the predicted values and
the blue curve depicts actual values. They both have steep
peaks and oscillations demonstrating the ability of the model to
trace the changes in workloads. The zoomed area on the right
(time slots 57255820) has more significant comparison, with
the predicted values being largely accurate, hence, being able
to reflect dynamic changes and sudden spikes. This proves the
accuracy of the LSTM model in modelling and predicting
patterns of workload time series.

4.1. Comparative Analysis

The relative study of predictive models of cloud workload
optimization demonstrates the high effectiveness of the LSTM
fashionable model in contrast to the existing methods. As
shown in the Table 3, LSTM achieved an outstanding R2 value
of 99% across workload, CPU, and RAM predictions,
indicating near-perfect accuracy. In contrast, earlier methods
such as VAMBIg reported lower accuracies of 91.3% for
workload, 91.7% for CPU, and 90.9% for RAM, while the
SVM model delivered moderate results with 96.83% for
workload but considerably lower values of 91.3% for CPU and
86.03% for RAM. The SATCN approach performed better,
achieving 98% for workload and 97% for both CPU and RAM,
yet it still lagged slightly behind LSTM. These findings
demonstrate that LSTM consistently outperforms prior models,
establishing it as the most reliable method for proactive
resource management in cloud computing environments.

Table 3: Comparative R2 Performance of Models for Cloud
Workload, CPU, and RAM
2

R
Models Workload CPU RAM
VAMBig[29] 91.3 91.7 90.9
SVM[30] 96.83 91.3 86.03
SATCNJ[31] 98 97 97
LSTM 99 99 99

The experimental results show that the LSTM model is
useful in cloud contexts for predicting workload, CPU, and
RAM utilization. Its predictive strength surpasses conventional

models, confirming the value of temporal dependency
modeling for resource management. The results emphasize that
proactive strategies not only enhance SLA compliance but also
contribute to sustainable energy use. However, extending the
framework to heterogeneous, multi-cloud settings remains a
challenge, as real-world cloud workloads exhibit diverse
characteristics.

5. Conclusion & Futurework

Accurate modeling of cloud workload behavior is central
to reducing energy consumption, maintaining SLA compliance,
and ensuring efficient use of resources. The proposed LSTM-
based framework achieves superior predictive performance,
delivering an Rz of 0.99 for workload, CPU, and RAM,
alongside low MSE values of 13,934.54, 128.89, and 131.29,
and RMSLE scores of 0.15, 0.16, and 0.14, respectively. These
results highlight the framework’s capability to minimize error,
prevent over-provisioning, and proactively optimize resource
allocation. A comparative analysis underscores the LSTM’s
advantage over prior models, including VAMBIg, SVM, and
SATCN. While VAMBIg achieved accuracies around 91%,
SVM performed moderately with CPU and RAM utilization,
and SATCN achieved 97-98%, the LSTM consistently
outperformed all, establishing itself as the most reliable
method for workload optimization. In enterprise-scale
deployments, it stands out due to its adaptability to changing
workloads and its capacity to record complicated temporal
connections. Future work should address extending this
approach to heterogeneous multi-cloud and federated
environments, where workload diversity is more challenging.
Incorporating hybrid architectures, reinforcement learning, and
evolutionary algorithms could further strengthen adaptability.
Real-time deployment integrated with automated migration and
autoscaling strategies presents a promising direction for
creating fully autonomous, intelligent cloud workload
optimization systems.
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