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Abstract

Auto-scaling systems in cloud computing are important for handling application workload fluctuations. This research uses
machine learning to predict resource requirements based on workload work patterns and design an automatic scaling system.
The dataset used includes features of node name, time, CPU usage percentage, and RAM usage. The ML model is applied for
prediction regression of CPU usage percentage, CPU load, and RAM usage, and then the server workload is classified into
four categories: Very High, High, Low, and Very Low. The autoscaling system used is horizontal scaling. From the results of
this research, it was found that the stacking algorithm with the base learner Random Forest and XGBoost had better
performance in producing predictive regression. Then, after performing stability testing using K-Fold cross-validation by
classifying based on workload status, it was found that the Gradient Boosting algorithm had better results compared to other
algorithms, namely for the percentage of CPU usage with an accuracy of 0.998, precision 0.9, recall 0.878, flscore 0.888;
CPU load average 15 minutes with accuracy 0.997, precision 0.854, recall 0.863, flscore 0.863; Meanwhile, the percentage
of RAM usage is accuracy 0.992, precision 0.986, recall 0.986, and flscore 0.986. However, the XGBoost algorithm also has
test results that are almost the same as Gradient Boosting.
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1. Introduction used to manage auto-scaling for the Infrastructure

The increasingly rapid development of the digital Cloud.

industry and the need for flexible computing Research conducted[1]by Balantimuhe et al conducted

infrastructure means that Cloud Computing services
have become the main choice. Service Cloud, otherwise
known as Infrastructure as a Service (IaaS). To optimize
system performance and avoid wasting resources,
practice auto-scaling has become popular. Auto-scaling
enables infrastructure Cloud to automatically adjust
computing capacity according to workload fluctuations.
In this case adding or reducing resources such as CPU,
RAM, or storage dynamically either by mechanism
vertical scaling or horizontal scaling automatically.

Despite the concept that auto-scaling is well known,
implementation often requires a deep understanding of
workload patterns, as well as careful monitoring.
Therefore, implementation machine learning can be

research on cloud node resource management based on
server workload parameters (CPU processor usage).
The server workload is classified into 3 status groups,
namely low, medium and high. In developing the
prediction model, use the Backpropagation Neural
Network (BNN) model, with several data features on
CPU usage, RAM, network traffic and accuracy
performance of more than 90%.

In 2018 [2] there was research to automate predictions
based on actual workload patterns and resources
obtained from historical data on existing service data.
The prediction model used is Naive Bayes. Adane and
Kakde [3] conducted research related to auto scalability
using machine learning methods to predict resource
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usage such as CPU and memory in a cloud system
environment. The algorithm of machine learning which
is used is Random Forest. Algorithm Random Forest
has good performance compared to other algorithms,
such as Linear Regression, k-NN, Neural Networks,
and SVM. The experimental results produce a learning
model Random Forest thathas lower prediction
regression error tolerance and lower resource usage
time compared to other models.

Research by Khaleq, et al in 2021 [4] developed a smart
autonomous automatic scaling system for automatic
scaling microservice of the cloud with QoS constraints,
using the method of Reinforcement Learning (RL).
Provides customized auto-scaling results for
microservice in cloud applications by paying attention
to the minimum QoS constraints perceived by the user.

Furthermore, research conducted in 2022 [5] is
a constructive machine learning (ML) model to make
predictions for computing workload patterns on the
server farm based on data from time to time
from previously appropriate computing activities.
Building models using models SVM. Testing is carried
out to obtain accurate regression predictions, and
comparisons are made with the model and other
machine learning. Other machine learning models used
Gaussian Naive Bayes and obtained better accuracy
prediction results using SVM.

Igbal W, et al [6] Conducted research on the use of
varying-performance Virtual Machines (VM) to
perform automatic scaling in dealing with dynamic and
fluctuating workloads. Its predictive modelling uses
a Random Decision Forest (RDF) based on resource
configuration, number of requests, and response time.
Comparing algorithms Random Decision Forest (RDF)
with AdaBoost, SVM, Naive Bayes, and K-NN
algorithms. And getting results from RDF has better
performance.

Manam S, et al [7] Conducted research on the automatic
scaling method used, namely the Random Forest
Classifier method, which is a supervised classifier
model that uses a decision tree creation algorithm. Each
tree in the Random Forest Classifier will produce a
prediction, and the best prediction will be selected
based on the number of votes from each tree. This
method can produce better CPU and memory
predictions compared to other algorithms.

Within the framework of this research, the aim is to
develop and test an auto-scaling system prediction
automation algorithm that can intelligently adjust Cloud
resources based on dynamic analysis of computing
workloads by utilizing several algorithms. Machine
Learning (ML) to look for good performance and
processes auto-scaling use horizontal scaling.

2. Research Methods

The stages that will be carried out in the research are as
follows in Figure 1.

. System Architecture
[System Analysis ]—)[ Data Analysis H Design ]

Implementation and
[ Testing ’1—[ System Design ]

Figure 1. Research Block Diagram

2.1 System Analysis

System analysis is carried out to find out problems with
the architecture and implementation of the previous
system as in Figure 2, and to find out what is needed to
overcome these problems.

Cloud Pusat Data Nasional
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Figure 2. Existing Architecture

Users access the application there is a firewall (WAF)
before accessing the server. After passing through the
WAPF, it is forwarded to the Reverse Proxy (RP). From
the Reverse Proxy (RP) the request is forwarded to the
destination application server VM according to its
domain. The application VM is connected to its
database (DB)

There was a problem with the previous system
architecture, namely that there was no mechanism that
automatically adjusted the resources in the application
VM according to needs. When workload fluctuations
occur in applications on a VM that are accessed with a
high workload, it causes the application process on the
VM to become slow or even inaccessible.

To minimize the impact of workload fluctuations on a
VM, leveraging machine learning in the system
autoscaling is one solution. Machine learning will
analyze historical data to predict server workload.
System auto-scaling The mechanism used is horizontal
scaling, capacity adjustment is carried out by increasing
or decreasing the number of VMs horizontally, without
changing the capacity of each VM itself. [8][9][10].
Election horizontal scaling from vertical scaling is to
minimize downtime during the process auto-scaling is
running, because on vertical scaling Capacity
adjustments are carried out by increasing the resource
capacity of the running VM and requiring a restart of
the VM itself.

2.2 Data Analysis

The detailed dataset used consists of 15 features
according to Table 1 To characterize workloads to form
a system prediction model auto-scaling. The selected
feature is a performance indicator of a node in the data
centre cloud.
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Table 1. Dataset Features Used

No  Feature Name Description

1 Node name Cloud node name

2 Day_of week Day of the week (1-7)

3 Time only Time

4 Day number Days of the month (1-31)

5 Cpu_load_avg 1 min Average CPU Load per 1
minute

6 Cpu_load_avg 5 mins Average CPU Load per 5
minutes

7 Cpu_load _avg 15 mins  Average CPU Load per 15
minutes

8 Cpu_usage percentage CPU Usage Percentage

9 Ram used RAM/memory used (MB)

10  Ram total RAM/memory total (MB)

11  Ram usage percentage RAM usage percentage

12 Disk used Storage used (GB)

13 Disk total Total storage (GB)

14 Net_packet_send Download bandwidth
(MiB/s)

15  Net packet received Upload bandwidth (MiB/s)

16  Label Server workload status

Dataset retrieval mechanism for the system auto-scaling
carried out on 10 virtual machines (VM) according to
Figure 3 with data features according to Table 1 Is
carried out every 15 minutes. The dataset was labelled
using the criteria according to Table 2 [2]. After the data
has been collected and labelled, the workload status is
then sent to the machine learning Forecasting server to
be formed into a dataset for the training process later.

Table 2. Performance Criteria and Percentage of Capacity
Utilization

No  Performance Criteria Percentage of Usage Capacity

1. Very Low 0%-25%
2. Low 25%-50%
3. High 50%-75%
4. Very High 75%-100%
Start Post data to server > End
Collect data labeling workload
by feature status

Figure 3. The process of collecting data into datasets
2.3 System Architecture Design

Following in Figure 4 Is the system architecture design
autoscaling generally uses a horizontal scaling
mechanism by monitoring the workload on the
application server [11].

. Cloud Pusat Data Nasional
&0 Kominfo

Figure 4. Auto-Scaling System Architecture

The difference from the previous architecture is that
there is Machine Learning Forecasting. [12], which is
used to monitor workload Application server VMs, and
perform predictions and triggers to perform resource
scalability, either adding resources (scale-up)
horizontally, namely doing clone VM, or reducing
resources (scale-down) according to the results of the
monitored server workload prediction classification.

2.4 Prediction Model System Design

Designing a prediction model is part of system design
by the previous system architecture design. The
prediction model is formed based on previously
collected datasets, which include features such as
timestamp, CPU processor percentage, RAM usage,
disk usage, and traffic bandwidth. Here are the steps to
take:

Feature Extraction from Timestamp: Extracted features
traction as in Table 3 Includes days of 1 week and the
date is within 1 month, which allows the model to
understand time-based work patterns.

Table 3. Prediction Model Building Feature Data

No  Feature Name Description

1 Node name Cloud node name

2 Day of week Day of the week (1-7)

3 Time only Time (hh:mm: ss)

4 Day_number Days of the month (1-31)
5 Ram total RAM/memory total (MB)
6 Disk total Total storage (GB)

Unchanging Features: Some features such as total
RAM, total storage, and node names do not change over
time and are considered fixed features as in Table 3.

Predicted Features: The features whose values will be
predicted are CPU workload estimates, CPU usage,
memory usage, and bandwidth usage. According to
Table 4.

Table 4. Prediction Model Target Class Data

No  Target Description

1 Cpu_load_avg 15 mins  Average CPU Load per
15 minutes

2 Cpu_usage percentage CPU Usage Percentage

3 Ram usage percentage RAM usage percentage

Prediction Model Building: The prediction model used
by several algorithms [12] based on the results of
previous research produces good performance among
the algorithms ensemble learning [13][14][15] among
others Random Forest [16], Gradient Boosting [17],
XGBoost [18], as well as the algorithm Neural
Network[19][20] i.e Multi-Layer Perceptron (MLP)
[20] and Long Short-Term Memory (LSTM) [21]. The
model is trained to learn patterns from the extracted
features and predict unknown values based on these
features. Figure 5 shows the general stages of machine
learning, in which datasets are grouped into 2 subsets of
data, namely the training subset and the testing subset,
from the training data is carried out to form an ML
model using the algorithm mentioned previously. Then
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make predictions using the testing data that has been
prepared.

Predict using
trained model
(model.predict)

Split Dataset
(X_train, X_test, y_{rain, y_test)

l

Initialize
Machine Learning Model

Train
ft—| fe——

Model
(model fit)

Print Predicted
Value

Figure 5. General Stages of Machine Learning (ML)

Classification of results from prediction regression:
after getting the performance results from the best
model, the results of the predictive regression are then
classified according to the criteria in Table 2 and Figure
6. If the regression prediction results are less than 25%
they will be categorized as very low, less than 50% be
low, less than 75% be high, and above it becomes very
high.

Masil rogresi

foadavg > 0.25
of cpu_used > 25
‘or memPercent > 2
storagePercent >25
or net_packel_receive > 50
and net_packel_send >50)

or cpu_used > 75 ot epu_used > 50
ki
storagePercent > 75
o (net_pecket receive > 100
0 net_packel_send > 100)

storagePercent > 50
or (net._packel_receive > 75
and nel_packel_send > 75)

os

| veyign ‘ ‘ g ‘ ‘ Low ‘ veryLow |

Figure 6. Prediction result classification criteria
2.5 Automation System Design

The mechanism for sending workload data is carried out
according to Figure 7 Process of monitoring workload
data from Virtual Machine (VM). The VM being
monitored will send its workload status data according
to the parameters in Table 3 and Table 4 To the ML
Forecasting server. This process is carried out every 15

minutes.
Seeep
15 Minutes
v
Collect data Post data to server
fitur workload ML Farecasting e No End

Figure 7. The process of monitoring workload data from VM

Then ML System Forecasting analyzes this data and
predicts workload status for some time in the future. ML
mechanism Forecasting as in Figure 8 Process
forecasting data workload From the VM being
monitored, the ML Forecasting server performs
workload predictions, after generating the workload
prediction status then triggers the Jenkins server to carry
out scale-up or scale-down.

Jenkins does auto-scaling with a horizontal-scaling
mechanism, which clones the monitored server up to a
certain number. On Jenkins, there are 2 jobs doing
scale-up and scale-down and configuring Load
Balancing.[22], [23], [24] according to Figure 9 To the
resulting VM auto-scaling.

Fetch VM monitoring
data from the
database

Trigger Jenkins
Job Scale Up

predict workload
status in the future

Trigger Jenkins
Job Scale Down

]

Sleep
15 Minutes

Yes VM s Live >—12

End )

Figure 8. Workload data forecasting process of monitored VM
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Figure 9. Reverse Proxy Server and Load Balancing
2.5 Implementation and Testing

At this stage, implementation is carried out based on
architectural design and infrastructure design cloud to
be built, the automation system auto-scaling, and
forecasting machine learning will be combined, then
system testing of the system will be carried out auto-
scalinghis.

Testing is carried out to test the prediction results using
MSE, MAE, and Correlation Coefficient. [25] [26].
Testing the classification results uses the method of k-
fold cross-validation which uses a confusion matrix to

get the value of accuracy, precision, recall, and f1 score.
[27].

3. Results and Discussions

3.1 Dataset Characteristics
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Figure 10. Correlation Heatmap Between Dataset Features

The dataset used from March to the end of May 2024
amounts to 78044 data originating from 10 cloud nodes.
Based on the dataset that has been collected, the
correlation between the features is obtained as follows
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in Figure 10. It is found that CPU Usage and CPU Load
are certainly highly correlated, and s based on
correlation value.

After measuring the workload correlation between
servers to determine the connectiv, isity between
servers according to the dataset, the correlation matrix
results were obtained for CPU usage, average CPU load
in 15 minutes, and RAM usage as follows in Figure 11,
Figure 12, Figure 13. From the results of Figure 11, it is
obtained that the correlation between servers from the
percentage of CPU usage still has a relationship that can
be said to be high, especially in VM 0 and 1; VM 0 and
6; VM 1 and 6; and VM 3 and 5.
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Figure 11. Correlation Heat CPU Usage Between Nodes

From Figure 12, the CPU load load shows that the
server has a weak correlation. Meanwhile, in Figure 13,
the percentage of RAM usage shows various strong and
weak correlations, which correlate or can be said to
have a connection, namely VM 0 and 6; VM 0 and 8§;
VM 3 and 8; VM 6 and 8; as well as VM 8 and 9. From
the results of determining the correlation, it can be
concluded that in general the workload between one
server and another server is connected or influences

each other, so that in making a prediction model you can
utilise the dataset from each cloud node, to predict
the workload of another server.
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Figure 12. Correlation Heat CPU Load 15 Minutes Between Nodes
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Figure 13. Correlation Heat RAM Usage Between Nodes

Table 5. Specifications of The Tools Used

Server Tools Proxmox Cluster Jenkins NGINX Forecasting Server App Server

(N Debian 11 Debian 11 CentOS 7 Ubuntu 22 CentOS 7

CPU 68 *2.10 GHz 4*2.10 GHz 4*2.10 GHz 6 *2.10 GHz 4 *2.10 GHz

RAM 85 GB 4GB 8 GB 4GB 4GB

Disk 8§ TB 500GB 500 GB 100 GB 100 GB
The implementation of the system design required for Table 6. State Scaling Processes And Time
hardwe}re and software is as follows in Table 5 The o smwe Takes  Stages
following are the results of the implementation of Scaling  Time
Je}Ill k1n§ to Crillrry t()) ulthM. scale-up and Scale_dow.n éObS’ 1 Scale- 6min  Clone VM; Configure Reverse Proxy;
wherein each jo t ere is a stage or s‘Fages carrie out Up 15s Reload Reverse Proxy
by Jenkins in handling VM auto-scaling according to y sl i Confioure R . Reload

. . . 3 calc- min onngure REverse rroxy; Keloa

Table 6. From the results of implementing Jenkins, it Dowa  53s Reverse Proxy: Remove Clone VM

takes approximately 6-8 minutes to carry out the
process scale-up and takes around 1-2 minutes to carry
out the process scale-down.
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3.2 Implementation and Testing of Forecasting Model

Before performing the forecasting process: based on
the status workload from the VM being monitored
according to the process in Figure 8. Then the dataset
that was previously obtained was divided into 2 data
subsets, namely 70% training subset, and 30% testing
subset. The following are the results of the distribution
plot of the percentage of CPU usage in Figure 14, CPU
Load in Figure 15 RAM usage is shown in Figure 16 for
each node cloud.

Grafik CPU Usage (%)

CPU Usage (%)

Timestamp

Figure 14. Time-series graph of CPU usage percentage

Grafik CPU Load Avg 15 Mins

CPU Load Avg 15 Mins.

Figure 15. Time-series graph of CPU Load percentage Average 15
minutes

Grafik RAM Usage (%)

—e— Node 0

RAM Usage (%)

Sl

C I L

Figure 16. Time-series graph of RAM usage percentage

The results of the distribution of CPU usage from
Figure 14 show an unbalanced distribution of workload
status data, where the distribution data is in the same
data status workload Very Low and Low (usage less
than 50%) is very large compared to High or Very High
status (more than 50% usage) of each node. From the
results of the data distribution in Figure 15, it is found
that the CPU load of 15 minutes is very low (less than
0.25 or 25%) and greater than the other workload

statuses, resulting in an unbalanced data distribution
from each status for each node.

From the results of the distribution of time-series data
for RAM percentage usage in Figure 16, we get a
distribution that can be said to be even between each
workload status, namely Very Low, Low, High, and
Very High.

Testing is needed in the selection of machine learning
algorithms: which have good performance. Algorithm
comparison machine learning used is the model
ensemble learning that is Random Forest Regressor
(Bagging), Gradient Boosting (Boosting), Extreme
Gradient Boosting (XGBoost), and Stacking which
combines between Random Forest and XGBoost
(Bagging then Boosting). Apart from algorithms
ensemble learning is Also used as the algorithm of the
algorithm Neural Networks, MLP and LSTM. Before
testing the results of the algorithm, first, create a model
that uses 70% of the data from the dataset resource
cloud node which is used as training data. Then, after
the model is formed, the prediction regression results
are tested using 30% of the data from the remaining
dataset as testing data.

The following is a graphic comparison of the plot
between the predicted values produced by each
algorithm and the actual values. Test data samples are
taken based on testing data (30% of the previous dataset
as testing data) and then some data is taken from each
data quartile (Q1, Q2, Q3, Q4).

Actual vs Predicted CPU Usage (%)

100 | === predicted8 g
s predicted RF

=== Predicted Stacking_RF_XGB
= Predicted XGBoost

80 { —— Predicted LSTM

~—— Ppredicted MLP

--- Actual

CPU Usage (%)

0 5 10 15 20 25 30 35
sample Index

Figure 17. Comparison chart of predicted and actual CPU usage

Figure 17 shows the regression results of CPU usage
predictions compared to the actual values for each
algorithm. From Figure 17, which is the result of the
CPU usage test data samples used, totalling 34 test data
samples, you can see at a glance that the results have
good predictions, namely XGBoost (purple) because
the prediction results are almost close to the actual
value. At first glance, MLP seems to have poor results
compared to other algorithms.

Figure 18 shows the regression results of CPU Load
predictions per 15 minutes compared to the actual
values for each algorithm. From Figure 18, the results
of'the CPU Load test data samples averaged 15 minutes,
totalling 27 sample data that have good performance,
namely Gradient Boosting (blue).
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Figure 19. Comparison chart of predicted and actual RAM usage

From Figure 19, which is the result of testing samples
of RAM usage totalling 39 samples, which has good
performance at a glance, namely XGBoost (pink

colour) because the prediction results are almost close
to the actual value.

Performance testing results of prediction regression
using the above algorithm: The following are the results
of performance testing from predictive regression using
the algorithm to produce CPU usage predictions in
Table 7. From the results of testing the CPU usage
regression prediction performance in it is found that the
Stacking model (RF and XGBoost) has better
regression prediction performance. It can be seen that
the lowest MSE results are 0.00083 in Stacking (RF and
XGB), the lowest RMSE is 0.02882 in Stacking (RF
and XGB), the lowest RAE is 0.00002 in Stacking (RF
and XGB), and the highest coefficient of determination
is 0.59887.

In the performance testing results from the regression of
CPU load predictions for an average of 15 minutes in
Table 8 Using several algorithms and machine learning.
From the results of the CPU load regression prediction
performance test for an average of 15 minutes, it was
found that the lowest MSE was Stacking (RF and
XGB), namely 0.00064, the lowest RMSE was 0.02536
Stacking (RF and XGB), the lowest RRSE is 0.43756
Stacking (RF and XGB), and the highest coefficient of
determination is Stacking (RF and XGB). So it can be
concluded that the best prediction is the Stacking
algorithm (Random Forest and Extreme Gradient
Boosting). However, if you look at the previous
comparison graph, the Random Forest algorithm has
almost similar performance to Stacking (RF and XGB)
and has a difference that can be said to be small.

Table 7. CPU Usage Prediction Performance Evaluation Results

Algorithm MSE RMSE  MAE RSE RRSE RAE R?

GB 1.35x10°  0.037 7.65x10°  0.65 0.81 2.61x10° 035
LSTM 1.07x10°%  0.033 8.85x10°  0.52 0.72 3.01x10°  0.48
MLP 1.30x10°  0.036 9.89x10°  0.63 0.79 3.37x10° 037
RF 9.21x10*  0.03 6.99x10°  0.44 0.67 2.38x10°  0.56
Stacking (RF_XGB)  8.30x10*  0.029 7.06x10° 0.4 0.63 2.40x10° 0.6

XGBoost 1.18x10°  0.034 7.52x10°  0.57 0.76 2.56x10°  0.43

Table 8. CPU Load Average 15 Minutes Prediction Performance Evaluation Results

Algorithm MSE RMSE MAE RSE RRSE RAE R?
GB 9.14x10* 0.0302 5.79x10° 0.272 0.522 1.44x10° 0.728
MLP 1.14x10° 0.0337 7.67x10° 0.338 0.581 1.91x10° 0.662
LSTM 1.02x10° 0.0319 7.86x107 0.304 0.551 1.95x10° 0.696
RF 6.52x10* 0.0255 5.67x10° 0.194 0.441 1.41x10° 0.806
Stacking (RF_XGB) 6.43x10* 0.0254 5.94x10° 0.191 0.438 1.48x10° 0.809
XGBoost 9.04x10* 0.0301 5.93x10° 0.269 0.519 1.48x10° 0.731
Table 9. RAM Usage Prediction Performance Evaluation Results
Algorithm MSE RMSE MAE RSE RRSE RAE R?
GB 2.12x107 0.046 0.008 2.65x1072 0.163 1.49x 10 0.973
LSTM 2.00x10° 0.045 0.015 2.50x102 0.158 2.75x 10°¢ 0.975
RF 1.44x107 0.038 0.008 1.81x102 0.134 1.45x 10 0.982
MLP 3.28x107 0.057 0.026 4.11x102 0.203 4.67x 10 0.959
Stacking (RF_XGB) 1.44x10° 0.038 0.009 1.81x10? 0.134 1.53x 10 0.982
XGBoost 1.96x107 0.044 0.009 2.46x1072 0.157 1.62x 10 0.975

The performance test results from the RAM usage
prediction regression in Table 9 use several algorithms
and machine learning. From the results of testing the

regression prediction performance of RAM usage in
Table IX, the lowest MSE is 0.00144, namely Stacking
(RF and XGB), the lowest RMSE is 0.03799 Stacking
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(RF and XGB), the lowest RRSE is 0.13436 in Stacking
(RF and XGB), the highest coefficient of determination
is 0.98195 in Stacking (RF and XGB).

Classification of the results of prediction regression:
After regressing the predicted values from CPU usage,
CPU Load, and RAM usage, the values were then
classified into workload status according to Figure 6.
The confusion metrics were obtained based on the
classification test.

Table 10 are the results of testing the CPU usage
classification of each algorithm. An algorithm that has
good performance is obtained, namely Random Forest
with an accuracy value of 0.9958, precision of 0.7276,
recall of 0.539 and f1 score of 0.5875.

Table 10. CPU Usage Classification Performance

Algorithm Accuracy Precision  Recall  F1-Score
GB 0.9949 0.6670 0.6085  0.6325
LSTM 0.9953 0.6685 0.4754  0.5195

RF 0.9958 0.7276 0.5390  0.5875
Stacking 0.9956 0.4988 0.4672  0.4679
(RF_XGB)

XGBoost 0.9947 0.6536 0.5744  0.5922
MLP 0.9943 0.4782 0.3013  0.3302
Table 11 are the results of the average CPU Load

classification test per 15 minutes for each algorithm. It
was found that Random Forest had better performance,
with an accuracy value of (0.9920), precision (0.6586),
recall (0.5820), and fl-score (0.6098).

Table 11. CPU Load Average 15 Minutes Classification

Performance

Algorithm Accuracy Precision  Recall  Fl-Score
GB 0.9915 0.5810 0.6096  0.5946
RF 0.9920 0.6586 0.5820  0.6098
Stacking 0.9919 0.6555 0.5878 0.6104
(RF_XGB)

XGBoost 0.9906 0.5806 0.5760  0.5776
LSTM 0.9906 0.6308 0.5475 0.5821
MLP 0.9907 0.6132 04352 0.4946

Table 12 Are the results of RAM usage classification
testing for each algorithm. It was found that Random
Forest had high precision (0.9607) and fl-score
(0.9550) and Gradient Boosting had high accuracy
(0.9732) and recall (0.9533).

Table 12. RAM Usage Percentage Classification Performance

Algorithm Accuracy Precision  Recall  F1-Score
GB 0.9732 0.9549 0.9533  0.9541
RF 0.9728 0.9607 0.9497  0.9550
Stacking 0.9715 0.9554 0.9481 0.9516
(RF_XGB)

XGBoost 0.9707 0.9548 0.9474  0.9510
LSTM 0.9449 0.9072 0.8884  0.8970
MLP 0.9152 0.8641 0.8096  0.8272

To test the stability of the classification performance
results, the k-fold validation test is used by dividing the
dataset into several subsets called folds. This test is
carried out to test the consistency of machine learning
algorithm model results which is formed. The dataset is
separated into 5 fold subsets, then classification testing
is carried out.
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Figure 20. K-Fold results of the classification test of CPU usage

Table 13. Average Performance Results of CPU Usage
Classification Using K-Fold Validation

Algorithm Accuracy Precision  Recall  F1-Score
GB 0.9985 0.9000 0.8780  0.8882
LSTM 0.9957 0.6869 0.5077  0.5481
MLP 0.9943 0.4989 0.3041  0.3359
RF 0.9973 0.8285 0.6550  0.7098
Stacking 0.9965 0.8029 0.5402  0.5740
(RF_XGB)

XGBoost 0.9984 0.8970 0.8595  0.8747

Figure 20 is a graphic plot of accuracy, precision, recall
and flscore from the k-fold cross-validation test for the
percentage of CPU wusage carried out in 5-fold
validation. From the results in the graphic image, it was
found that those with better test results were the
Gradient Boosting and XGBoost algorithms.

From the graph in Figure 20, the average accuracy,
precision, recall and flscore of each validation fold
were then calculated. The results obtained as follows: in
Table 13 are the average test results. k-fold cross-
validation for CPU usage. An algorithm with better and
more stable performance was obtained, namely
Gradient Boosting (GB), with an accuracy value of
(0.998), precision (0.9), recall (0.878), and fl-score
(0.888). However, the Extreme Gradient Boosting
(XGBoost) algorithm has almost similar performance to
Gradient Boosting (GB).

Figure 21 shows a plot graph of accuracy, precision,
recall and flscore from the k-fold cross-validation test
for CPU Load on average for 15 minutes carried out in
5-fold validation. From the results in the graphic image,
it was found that the test results were better, namely the
Gradient Boosting algorithm, but XGBoost also had
almost similar test results.

From the graph plot in Figure 21, the results of k-fold
validation are then displayed perform an average
calculation for accuracy of several of the models used,
precision, recall, and flscore are contained in Table 14
are the results of k-fold validation testing for a CPU
Load of 15 minutes. An algorithm with better and more
stable performance was obtained, namely Gradient
Boosting (GB), with an accuracy value of (0.997),
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precision (0.854), recall (0.873), and fl-score (0.863).
However, the Extreme Gradient Boosting (XGBoost)
algorithm has almost similar performance to Gradient
Boosting (GB).
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Figure 21. K-Fold results of the classification test of CPU load
average 15 minutes

Table 14. Average Performance Results of Cpu Load Average 15
minutes Classification Using K-Fold Validation

Algorithm Accuracy Precision  Recall  Fl-Score
GB 0.9985 0.9000 0.8780  0.8882
LSTM 0.9957 0.6869 0.5077  0.5481
MLP 0.9943 0.4989 0.3041  0.3359
RF 0.9973 0.8285 0.6550  0.7098
Stacking 0.9965 0.8029 0.5402  0.5740
(RF_XGB)

XGBoost 0.9984 0.8970 0.8595  0.8747
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Figure 22. K-Fold results of the classification test of RAM usage
percentage

Figure 22 shows a plot graph of accuracy, precision,
recall and flscore from the k-fold cross-validation test
for the percentage of RAM usage carried out in 5-fold
validation. From the results in the graphic image, it was
found that those with better test results were the
Gradient Boosting and XGBoost algorithms.

Then, from the graph in Figure 22, the average
calculation of the 5-fold validation results for
evaluation metrics as in Table 15 is the test result. k-

fold cross-validation for RAM usage. An algorithm
with better and more stable performance was obtained,
namely Gradient Boosting (GB), with an accuracy
value of (0.992), precision (0.986), recall (0.986), and
fl-score (0.986). However, the Extreme Gradient
Boosting (XGBoost) algorithm has almost similar
performance to Gradient Boosting (GB).

Table 15. Average Performance Results of RAM Usage Percentage
Classification Using K-Fold Validation

Algorithm Accuracy Precision  Recall  F1-Score
GB 0.9918 0.9859 0.9857  0.9858
MLP 0.9164 0.8622 0.8153  0.8310
RF 0.9850 0.9782 0.9722 09751
XGBoost 0.9910 0.9860 0.9838  0.9848
LST™M 0.9482 0.9109 0.8927  0.9011
Stacking 0.9824 0.9712 0.9678  0.9695
(RF_XGB)

4. Conclusions

From the results of the implementation and analysis in
this research, it was found that the Stacking algorithm
uses a base learner, namely Randon Forest However,
when classifying cloud computing workload status,
there are 4 statuses, namely: Very High, High, Low, and
Very Low It was found that the Random Forest
algorithm produced relatively better accuracy,
precision, recall and fl-score values. Then, after
carrying out stability testing using K-Fold Cross
Validation for classification based on workload status,
it was found that the Gradient Boosting algorithm had
relatively better results among other algorithms, namely
for the percentage of CPU usage with an accuracy of
0.998, precision 0.9, recall 0.878, flscore 0.888; CPU
Load average 15 minutes with accuracy 0.997,
precision 0.854, recall 0.863, flscore 0.863;
Meanwhile, the percentage of RAM usage is accuracy
0.992, precision 0.986, recall 0.986, and flscore 0.986.
However, the XGBoost algorithm also has test results
that are almost close to the results of Gradient Boosting.

In the future, it is hoped that this paper can be developed
by implementing a deep learning model in depth to train
the model, with the hope that the deep learning model
used will produce even better tests.
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