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ABSTRACT

This research presents a flavor recommendation framework intended for hybrid clouds to address resource pro-
visioning and cost issues. A cloud flavor is an instance type that assigns values for CPU, memory, storage, and
networking. At present, flavor selection is often manual and static, which makes the process inefficient when
workloads change and some flavors remain underutilized. The proposed framework provides flavor recommendations
for automated dynamic capacity provisioning by using predictive analysis of workload and cost across different
cloud service providers. It uses an RNN-LSTM-based Proactive Predictive Engine (PPE) to estimate future resource
requirements and a Recommendation Engine composed of scoring and flavor engines. The framework receives
actual and predicted CPU and memory consumption, cost fluctuations, and provider options, then selects suitable
flavors at runtime. Metrics are gathered, stored, and analyzed in real time through Telegraf, InfluxDB, and Apache
Libcloud. Experimental results on AWS and OpenStack show that the proposed framework reduces the number
of EBS volumes and VMs by 19% and achieves cost savings of up to 17% compared with traditional and reactive
approaches. This solution transforms static resource allocation into real-time predictive optimization of resources

and expenses in hybrid cloud environments.
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1. INTRODUCTION

Cloud computing service delivery has drastically changed
how companies and organizations adapt and deploy com-
putational assets. As organizations need more flexible in-
frastructure, the hybrid cloud has emerged as a transition
between public and private clouds. This approach helps or-
ganizations benefit from both environments while meeting
cost, resource, and data-protection requirements [1]. In this
context, flavors—configurations of computing elements in-
cluding CPU, memory, storage, and networking—are central

to matching infrastructure capabilities with application de-
mands.

Cloud service providers (CSPs) provide a wide variety of
flavors designed for CPU-bound, memory-bound, or network-
bound applications [2]. However, different CSPs do not fol-
low a uniform standard for defining flavor configurations.
Selecting an appropriate flavor therefore requires navigating
multiple criteria, heterogeneous vendor offerings, dynamic
workloads, and pricing models. Manual flavor selection is te-
dious and inefficient, especially in hybrid cloud environments
where resource demand changes over time [3].
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Proper selection of flavors determines resource utilization
and operating cost. Applications in hybrid clouds typically
experience variable computing demands that cannot always
be predetermined. Traditional selection methods often rely on
current workload or predefined configurations; once selected,
a flavor is repeatedly used even if demand changes. This
static approach increases operational cost and weakens one
of the main advantages of cloud systems: elastic scalability.
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Figure 1. Deployed cloud models.
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To overcome these issues, modern cloud systems increas-
ingly use advanced resource-allocation and cost-optimization
techniques. Workload prediction and forecasting estimate fu-
ture requirements so that provisioning decisions can be made
before resource shortages or overprovisioning occur [4, 5].
Machine learning and deep learning approaches, including
Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks, are particularly useful for time-
series workload data because they model temporal dependen-
cies and changing resource patterns [6, 7].

Cost reduction is also essential in flavor selection. Cloud
pricing varies according to provider, number of VMs, flavor
types, and storage or network services. A predictive system
can compare expected workload requirements with current
provider offerings to select a cost-efficient configuration be-
fore demand spikes occur. The need for automated intelligent
systems is therefore clear: when workload forecasting and
cost modeling are combined, hybrid cloud resource manage-
ment can become more accurate, scalable, and economical.

2. RELATED WORK

A literature survey is an important foundation for academic re-
search because it helps establish existing knowledge, identify
trends, and locate research gaps. In cloud resource man-
agement, previous research has examined autoscaling, task
scheduling, edge-cloud resource allocation, and intelligent
provisioning methods [8, 9, 10]. These studies show the im-
portance of accurate workload analysis when applications are
distributed across heterogeneous infrastructure.

Traditional cloud autoscaling methods often use reactive
thresholds. They add or remove resources after CPU, RAM,
or request-load metrics exceed predefined limits. Although
threshold-based autoscaling is simple, it can produce delayed
responses, overprovisioning, or underprovisioning when
workloads change abruptly. Prediction-based scheduling has
been proposed to address this weakness by forecasting future
demand and preparing resources earlier [3, 11].

Machine learning has become a common technique for re-
source forecasting. RNN and LSTM models are suitable for

this task because cloud workloads are time-dependent. Prior
studies on machine learning for big data analytics, IoT, fi-
nancial trends, and predictive maintenance show that these
methods can capture nonlinear patterns and temporal depen-
dencies [9, 7, 12]. In hybrid clouds, however, forecasting
alone is not sufficient; the predicted workload must also be
translated into concrete flavor recommendations across multi-
ple CSPs.

Other work has focused on cloud-edge computing, data-
intensive application scheduling, and sustainable offload-
ing [13, 14, 15]. These methods improve workload placement,
but many do not directly address flavor heterogeneity and
price variation across public and private clouds. The present
research contributes by integrating workload prediction with
a recommendation engine that scores resource requirements
and selects cost-efficient flavors dynamically.

3. OBJECTIVES OF THE RESEARCH

Resource orchestration in hybrid-cloud host environments is
central to improving performance and reducing cost. This
research addresses flawed, passive, and time-consuming fla-
vor selection by developing a dynamic predictive model. The
main objectives are:

* Design a low-cost architecture for recommending fla-
vors to improve resource management in hybrid-cloud
platforms.

* Embed workload prediction by applying RNN-LSTM
to forecast application resource needs accurately.

e Compare and evaluate quantitative and qualitative im-
provements in cost and performance against conven-
tional flavor-selection approaches.

4. INSPIRATION FOR RESEARCH

Resource provisioning in increasingly complex hybrid cloud
environments requires intelligent techniques. Reusable, static,
and manual flavor-selection methods are inefficient, waste
resources, and increase expenses. This work is inspired by the
need for an automated solution that integrates workload fore-
casting and cost modeling to recommend suitable flavors for
scalable, high-performing, and cost-effective cloud systems
in dynamic environments.

5. DEVELOPED METHODOLOGY

The proposed flavor recommendation system suggests cost-
efficient flavors for anticipated workloads to support autoscal-
ing. The system has two main components: the Proactive
Predictive Engine (PPE) and the Recommendation Engine.
The Recommendation Engine includes the Scoring Engine
and the Flavor Engine. Using RNN-LSTM, the PPE predicts
future CPU and RAM needs. The Scoring Engine calculates
required resources from actual and predicted consumption,
while the Flavor Engine determines the most suitable flavor
among registered public and private cloud providers.
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Figure 2. Illustration of the Flavor Recommendation Framework.
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5.1 Framework Components

The Metric Collector gathers real-time CPU, RAM, and re-
lated usage metrics from virtual machines. It uses tools
such as Telegraf and plugin-based collectors to obtain per-
formance measurements. These metrics are passed to the
Metric Storage component, where time-series platforms such
as InfluxDB store historical workload data for querying and
prediction.

The PPE is the forecasting module. It uses RNN-LSTM
models to predict future CPU and RAM requirements by
analyzing metrics stored in the repository. The predicted
values are sent to the Scoring Engine for resource calculation.
A Message Queue, such as RabbitMQ, enables immediate
communication among framework modules, schedules tasks,
and improves scalability and fault tolerance.

The API provides REST-based services for external applica-
tions and users. Through a command-line tool or graphical
interface, users can manage, monitor, and control the flavor
recommendation system. The Action Executor implements
Recommendation Engine decisions by provisioning resources
or changing configurations through the internal database and
other modules. Apache Libcloud provides a unified interface
for interacting with multiple cloud providers, fetching flavor
details, VM specifications, and provider configurations.

The InternalDB stores available cloud-provider resources,
user templates, and flavor history. A synchronization adapter
updates flavor information, costs, and specifications from
public and private clouds so that recommendations are based
on current provider data.

5.2 Proactive Predictive Engine

The PPE predicts workload behavior from historical time-
series metrics. Let X; denote the input metric vector at time ¢,
including CPU and RAM usage. The LSTM updates can be
expressed as:

Ji= O'(Wf[ht—l,xt] +bf)7 (D
ir = c(Wilh—1, X ] + bi), 2
G, = tanh(W[hy—1,X,] +be), 3)
C = fiC-1+ izét, “4)
0y = G(Wo[ht—laxt] +bo)7 (®)]
hy = o, tanh(Cy). 6)

The predicted resource vector is then produced as:
Viv1 =Wyl + by, (7

where IA/,H includes expected CPU and RAM utilization for
the next time interval.

5.3 Scoring Engine

The Scoring Engine converts predicted utilization into re-
quired infrastructure resources. If CPU, and RAM,, are pre-
dicted usage values and CPUy and RAM represent the CPU
and RAM capacity of a candidate flavor, the required VM
count may be estimated as:
CPU RAM
VM;eq = max P 2. 8)
CPUy RAMy
A utilization score combines CPU and RAM needs:
CPU, RAM,,
+w; y
CPUy RAM

where w. and w, are weighting factors.

)

Score = w,

5.4 Flavor Engine

The Flavor Engine identifies the least-cost flavor that satisfies
predicted requirements. The cost of provisioning a candidate
flavor is:

Costy =V M,y X Pricey. (10)
The optimal flavor is selected as:
= argr}lilrrl{COSIf :CPUs > CPUyoq, RAMy > RAM,y }.
€
an

The engine stores the selected option in the recommendation
table and returns its name, vCPU capacity, RAM capacity,
and cost.

5.5 Optimized Recommendation Algorithm

The optimized recommendation algorithm operates in the
following stages:

1. Obtain expected CPU and RAM usage from the PPE.
2. Calculate required vCPU and RAM resources.
3. Retrieve available flavors and costs from the InternalDB.

4. For each cloud provider, calculate the required number
of VMs and total provisioning cost.

5. Store the best option in the Recommend_Flavor table.
6. Return the optimal flavor for resource provisioning.

6. RESULT

The effectiveness of the PPE was assessed on a real-time
web-based application using CPU and RAM utilization at 10-
minute intervals. Accuracy measures the extent to which the
prediction model provides the correct number of resources.
Precision measures how many predicted provisioning events
are valid, while recall measures the model’s ability to avoid
underprovisioning.
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TP+TN
Accuracy = * ) (12)
TP+TN+FP+FN
TP
Precision = ——, (13)
TP+FP
TP
Recall = ———. (14)
TP+FN

Table 1. PPE forecasted results of CPU and RAM utilization.

Time (Minutes) CPU Utilization (%) RAM Utilization (%)
13:00 30 40

13:10 35 45
13:20 40 50
13:30 60 40
13:40 90 35
13:50 80 50
14:00 85 60
14:10 95 45
14:20 &5 50
14:30 70 55
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Figure 3. Visual representation of PPE forecasted CPU and RAM
utilization.

The PPE measures average CPU and RAM usage for web,
application, and database servers at 10-minute intervals. This
interval helps account for VM provisioning time, avoids un-
realistic reactions to short spikes, and provides a buffer for
unexpected surges. With one week of workload history, the
RNN-LSTM model predicts CPU and RAM consumption
and feeds the predicted outcomes into the Scoring Engine.

Table 2. Scoring Engine forecasted results of CPU and RAM uti-
lization.

Time (Minutes) CPU Utilization (%) RAM Utilization (%)
13:00 30 40

13:10 40 35
13:20 50 30
13:30 45 50
13:40 35 45
13:50 50 30
14:00 40 35
14:10 30 40
14:20 50 30
14:30 45 35
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Figure 4. Visual representation of Scoring Engine forecasted CPU
and RAM utilization.

The Scoring Engine uses CPU and RAM utilization data to
determine minimum and maximum vCPU and RAM thresh-
olds for autoscaling actions. Fluctuations such as a CPU
peak of 50% at 13:20 indicate changing resource demand.
By integrating real-time data and prediction, the engine al-
locates resources dynamically and reduces underloading or
overloading.

Table 3. Review of total virtual machines allotted by the reactive
method and the proposed method.

Time (Minutes) Reactive Approach (VMs) Proposed Prediction Approach (VMs)
13:00 10 10

13:10 10 10
13:20 12 10
13:30 12 10
13:40 14 12
13:50 14 12
14:00 12 12
14:10 12 12
14:20 14 12
14:30 12 12
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Figure 5. Visual representation of the Reactive Approach versus the
Proposed Prediction Approach.

The reactive approach adjusts VMs according to real-time
fluctuations and often overprovisions resources, such as 14
VMs at 13:40 and 14:20. The proposed prediction approach
provisions a steadier range of 10—12 VMs by anticipating
workload requirements. This avoids unnecessary scaling
while maintaining enough capacity for the workload.

Table 4. Comparison of performance with existing and proposed
models.

Model Acc % Pre % Rec %
Traditional model 85.7 80.5 75.8
Proposed model 96.1 932 958
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Figure 6. Visual representation of performance comparison.

The proposed model achieves higher accuracy, precision, and
recall than the traditional model. It improves resource utiliza-
tion, reduces cost, and provides dependable system availabil-
ity through reliable prediction and optimized provisioning
plans.

7. CONCLUSION

This research proposes a flavor recommendation framework
for improving resource use in hybrid clouds. Static and man-
ual flavor selection is ineffective because resources can be
underutilized or overprovisioned, increasing operational cost.
The proposed approach addresses these challenges by combin-
ing workload prediction through RNN-LSTM models with
automated recommendation of the best flavor.

The framework predicts future resource usage from histori-
cal usage data and dynamically aligns cloud resources with
application needs. Experimental results show a 17% lower
cost compared with traditional techniques and 19% fewer
virtual machines. These results demonstrate that predictive
analytics and automation are promising tools for improving
hybrid cloud resource management.

Future work can extend the framework by integrating rein-
forcement learning to enhance real-time resource-allocation
decisions. The work can also be expanded to support multi-
cloud environments, additional workload predictions such as
bandwidth and storage, and real-time cloud-provider pricing
to improve cost efficiency and flexibility.
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