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Abstract

Resource utilization in e-commerce services is a critical factor in maintaining performance, scalability, and cost efficiency
within the evolving landscape of cloud computing. Effective resource allocation ensures that systems can handle
fluctuating traffic loads, minimize downtime, and optimize operational costs while providing a seamless user experience.
Resource management systems applied to modern cloud environments also generate resource waste or overloading as a
result of over-provisioning, insufficiency of resources, or inefficient scaling, making operational efficiency and service-
level agreement (SLA) penalties complex. These flaws require the implementation of a more data-driven, responsive
resource distribution mechanism. Our research proposes a dynamic auto-scaling model integrated with ARIMA-based
predictive scaling, which enhances load balancing and performance efficiency. Using predictive models, the system
automatically allocates resources ahead of workload predictions, reducing costs by up to 30% and system uptime by up
to 99.5%. These inefficiencies in scaling challenges are met by our model by providing optimal usage of resources with
predictive scaling, ensuring reduced waste and improved responsiveness. Compared to conventional scaling, the model
reflects an impressive boost in efficiency by providing 30% cost reduction, 20% improved resource usage, and 4.5%
improvement in uptime. The findings confirm that our method performs better than conventional scaling methods
regarding resource usage and cost savings. This research will add to the design of a smart and scalable cloud resource
management solution for e-commerce websites that will provide the best performance, lower costs, and improved user
experience.

Keywords: Dynamic Auto-Scaling, Load Balancing, ARIMA Model, Predictive Scaling, Resource Allocation, Cost
Optimization, Scalability.

1. Introduction Cloud environments typically incorporate strong security
capabilities that can protect sensitive user data, and
therefore cloud environments are most suitable for e-

commerce businesses seeking high performance and

Cloud computing is today the backbone of modern e-
commerce because it enables enterprises to manage

massive volumes of information efficiently, withstand
fluctuating levels of customer activity, and maintain high
system responsiveness [1, 2]. Cloud technology offers
scalable, elastic, and cost-effective solutions that enable
e-commerce sites to dynamically scale resources based
on demand in real-time [3]. Such dynamic scaling helps
companies offer seamless user experiences during times
of peak traffic without incurring unnecessary costs [4, 5].
Cloud infrastructures can scale resources upward or
downward to make memory, processing power, and
storage available at the moment needed [6].
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secure data handling [7]. With the growing demands of e-
commerce applications, efficient management of cloud
resources becomes increasingly important to guarantee
top-of-the-line performance and cost efficiency in
dynamic environments [8].

Historical data or reactive thresholds-based traditional
auto-scaling systems tend to be inadequate in capturing
the abrupt and unpredictable nature of e-commerce
traffic patterns, especially during promotional promotions
or seasonal spikes [9]. Such suboptimal performance in
real-time prediction can result in scaling actions being
taken with some latency, causing loss of performance
during abrupt spikes or unnecessary resource utilization
during unexpected downtime [10, 11]. They ignore long-
term traffic trends, thereby making sub-optimal scaling
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decisions and incurring higher operational cost [12]. The
failure of predictive visibility in auto-scaling algorithms
diminishes the ability to maintain maximum performance
and economical operation under varied workload
scenarios, particularly in fast-paced e-commerce
deployments [13, 14]. The models fail at making timely
adjustment to absorb surprise spikes, thereby incurring
the loss of customer experience and associated revenue
streams [15]. As e-commerce websites keep evolving,
advanced, data-intensive scaling solutions need to be
dynamic in facing unexpected spikes in traffic and
demand [16, 17].

To overcome these limitations, Auto-scaling is applied
to dynamically tune resources, deploy or remove virtual
machines or adjust resource allocation based on the true
demand [18]. It guarantees that the resources are being
utilized more optimally, maintaining system performance
but reducing operational expenditures [19]. Yet auto-
scaling even by itself could still be susceptible to
accurately foretelling traffic patterns and shifting
resources in advance [20]. To enhance auto-scaling
effectiveness, the predictive scaling model based on
ARIMA is integrated, predicting future workload patterns
[21, 22]. The integration of predictive analytics and auto-
scaling offers a more accurate resource allocation, giving
a better-performing, responsive infrastructure capable of
anticipating traffic variations to optimize performance as
well as cost-effectiveness [23, 24]. This approach ensures
e-commerce platforms remain both scalable and cost-
efficient amid changing demands [25].

2. Literature review

[26] demonstrated cloud resource management
strategies like auto-scaling, load balancing, and resource
optimization to enhance the performance of enterprise
applications. It examines the use of Al and recent

innovations like edge computing and serverless
architecture to realize improved scalability, cost-
effectiveness, and reliability [27]. The suggested

measures attempt to protect applications from disruption
while maintaining flexibility and efficiency in order to
serve future operational requirements [28]. [29]
explained a new architecture for virtual clusters that
enables cloud application scaling with dynamic scaling
relying on auto-scaling, scaling resources according to
user requirements without forgetting energy expenditure.
The auto-scaling algorithm is effective in handling sudden
spikes in load and achieving resource utilization and
energy efficiency [30]. Overall, it is a keen observation of
auto-scaling mechanisms with a practical strategy for
efficient cloud service management and optimization.

[31] explored a more effective auto-scaling approach
using statistical processing to select appropriate
measures for specific goals to aid in improved usage of
resources and service availability. The method minimizes
QoS violations by up to 80% and lowers VM utilization by
3% to 50% as compared to traditional approaches [32].
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Experimental findings on Hungarian Research Network
(HUN-REN) Cloud demonstrate the enhanced efficiency of
the proposed approach to more efficient handling of
dynamic workloads [33].[34] demonstrated planning
secure, scalable, and cost-effective cloud-based e-
commerce solutions, such as product catalogs, payment
processing, and logistics management. It shows
integrating security features, scalability mechanisms, and
cost reduction to achieve quality-rich, high-return
services [35]. The framework presented enables e-
commerce websites to meet evolving consumer demands
without sacrificing operational effectiveness and
regulatory compliance [36].

[37] explored the revolutionary impact of Al on cloud
computing as intelligent resource allocation, predictive
scaling, and automated threat detection. It emphasizes
how Al-driven mechanisms, such as machine learning for
workload balancing and deep learning for security,
enhance the efficiency, security, and cost management of
cloud infrastructure [38]. [39] demonstrated the impact
of cloud integration on e-commerce sites, with
improvement in performance, security, and cost of
operation over its conventional server-based equivalents.
It cites significant advantages like enhancement in load
speed, security, and scalability along with the overcoming
of limitations like vendor lock-in and data security
concerns [40]. The report provides sound empirical
evidence to support the adoption of cloud as a strategic
imperative for e-commerce growth and efficiency in
operations [41].

[42] developed a new auto-scaling priority-based
mechanism using machine learning for optimal utilization
of cloud resources and minimizing cost. Its operation has
four stages, i.e., monitoring, analysis, planning, and
execution, that utilize hybrid tree-enhanced vector
machine and H-VWPO model in efficiently managing
workload and scaling policy [43]. The approach is very
promising in the optimization of VM utilization and
response times, and it offers an effective solution to
resource optimization for cloud computing [44].

[45] explored real-time data processing pipelines
optimization for scalability, reliability, and cost-benefit
approaches in digital media and electronic commerce
environments. It highlights how machine learning, Al, and
cloud technologies come together to optimize pipeline
performance and latency [46]. It offers insightful findings
in the form of practical examples, case studies, and
suggestions that will drive future studies on real-time
data pipeline optimization for business and research
communities [47]. [48] provided a novel ensemble
learning method optimized for edge computing platforms
for enhancing predictive accuracy in online machine
learning for 10T use cases. Their method performs better
than existing data stream algorithms and ensemble
regressors at the cost of processing on low-resource
devices [49]. Experiments demonstrate its efficacy in
auto-scaling Virtual Network Function (VNF) dependent
applications on the network edge and demonstrate its
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application and performance enhancing capabilities in
reality [50].

[51] displayed a hyper-scalable, cloud-native Al
platform supporting predictive hyper-personalization-
based high-traffic e-commerce apps on microservices,
containerization, and dynamic load balancing
fundamentals. The platform combines collaborative
filtering with deep learning models to produce low-
latency, highly accurate recommendations with
personalization retained even under dynamic traffic loads
[52]. Experimental performance is shown to exhibit better
scalability and responsiveness than traditional systems,
and future research will minimize response time and
resource utilization at peak load [53]. [54] explored a
predictive auto-scaling framework for cloud-based
services using time-series forecasting techniques such as
machine learning and neural networks to forecast
resource usage and trigger scaling operations ahead of
time. The approach reduces scaling latency by projecting
future load increments and applying threshold policies
accordingly [55]. Experimental outcomes validate the
effectiveness of the method, which is rolled out as an
open-source OpenStack module, and are on par with
traditional non-predictive auto-scaling policies [56].

[57] introduced the ATTLB (Adaptive Threshold Tuning
Load Balancing) algorithm, which dynamically adjusts CPU
and memory thresholds based on real-time cloud
resource price data to improve cost-savings. The
algorithm utilizes a threshold optimizer, VM profiler, and
a pricing monitor to dynamically adjust thresholds and is
superior in performance to traditional load balancing
algorithms like WRR, ACO, and LCLB [58]. In simulation,
the cost saving with ATTLB exceeds 35% and the SLA
satisfaction increases by 41%, and an efficient solution is
presented for dynamic pricing and load balancing [59].
[60] demonstrated a new load balancer and auto-scaler
tuning model against bursty traffic as a weakly coupled
Markov Decision Process (MDP) which is linear
programmable. The authors propose a relaxed LP
formulation and extend it to include online parameter
learning and policy optimization using a two-timescale
algorithm [61]. Experimental outcomes demonstrate the
efficiency of the proposed method, which achieves the
best policy convergence while providing insights in
managing distributed systems [62]. [63] explored Humas,
a self-scaling framework for large microservices that
overcomes issues such as machine heterogeneity and
pattern drifts that happen due to repeated version
upgrades. Humas quantifies resource efficiency
differences across different machines and uses a least-
squares density-difference (LSDD) algorithm to detect
pattern drifts [64]. The system generates capacity
adjustment plans from new performance patterns and
predicted workloads to maximize resource allocation and
maintain performance stability [65].

[66] investigated the use of reinforcement learning
techniques to enhance auto-scaling decisions in cloud
environments. The study proposes a model that learns
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optimal scaling policies by interacting with the
environment and adapting to workload variations in real
time. Results indicate improved resource utilization and
reduced operational costs compared to rule-based scaling
methods. [67] introduced a hybrid auto-scaling
framework combining both reactive and predictive
approaches to better manage cloud resources. The
framework leverages machine learning to forecast
demand and applies reactive scaling when unexpected
spikes occur, thereby balancing responsiveness and
resource efficiency. The experimental evaluation
demonstrates notable improvements in SLA adherence
and cost savings.

[68] focused on containerized cloud applications and

developed a container auto-scaling technique based on
workload pattern recognition. This approach uses
clustering algorithms to classify workload behaviors and
adjust container replicas dynamically, resulting in
enhanced scalability and reduced latency for
microservices architectures. [69] examined the impact of
integrating edge computing with cloud auto-scaling
strategies for loT-driven e-commerce applications.
The proposed architecture offloads latency-sensitive tasks
to edge nodes while dynamically scaling cloud resources
for backend processing. This dual-layer scaling
mechanism improves overall system responsiveness and
resource allocation efficiency [70]. [71] proposed a
predictive auto-scaling model utilizing Long Short-Term
Memory (LSTM) networks to capture temporal
dependencies in workload data. The model outperforms
traditional time-series forecasting methods like ARIMA by
providing more accurate predictions and faster scaling
responses, which are critical for maintaining service
quality during traffic bursts. [72] presented a cost-aware
auto-scaling algorithm that integrates spot instance
market data into decision-making processes. By
intelligently incorporating the price fluctuations of spot
instances, the method achieves significant cost reductions
without compromising the performance or reliability of
cloud-based e-commerce services. [73] explored security-
aware auto-scaling solutions that incorporate threat
intelligence to dynamically adjust resource allocation
based on detected security risks. The framework
enhances the resilience of cloud infrastructures by scaling
protective resources during attack periods while
optimizing costs during normal operations.

2.1 Problem Statement

E-commerce platforms are unable to effectively utilize
cloud resources to accomplish changing user demands
with high efficiency and performance at low prices [74].
Under heavy loads and dynamically varied workloads,
conventional resource allotment techniques become
lagging and hence the consumption of resources turns
out to be inefficient [75]. This inefficiency often leads to
over-provisioning, resulting in unnecessary expenditures,
or under-provisioning, producing a poor quality of
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experience and degraded performance [76]. Best load
balancing and maintaining performance under different
levels of traffic remain demanding challenges [77]. In the
absence of effective mechanisms for dynamically
adjusting resources based on actual demand, e-
commerce platforms risk both cost inefficiency and
service delivery ineffectiveness [78]. Furthermore,
traditional static scaling policies cannot adequately adapt
to the highly variable and unpredictable traffic patterns
typical of modern e-commerce environments [79]. This
necessitates the development of intelligent, real-time
resource management frameworks that can balance cost
and performance dynamically while ensuring scalability
and reliability [80].

2.2 Objectives
e Analyze cloud resources in real-time to adjust them

based on instantaneous demand, ensuring optimal
performance and cost control without over-

provisioning or under-provisioning.

T e )
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o Utilize the ARIMA model to predict future resource
requirements, enabling proactive scaling decisions
that prevent performance degradation during traffic
spikes.

e Implement auto-scaling groups to dynamically adjust
resource allocation, promoting  well-balanced
workloads and guaranteeing high availability and
service quality.

3. Proposed Dynamic Auto-Scaling Framework

Figure 1 illustrates a cloud resource management model
for e-commerce applications that exploits dynamic auto-
scaling for performance and cost optimization. The
architecture is organized in layers: the Compute Layer,
Service Layer, Application Layer, and Management Layer
to make the resources efficiently allocated and scaled.
The auto-scaling mechanism is at the center of this
model, and it provides both horizontal scaling and vertical
scaling. Horizontal scaling includes addition or deletion of
virtual VMs depending on needs, while vertical scaling
reallocates resources (CPU and memory) of live VMs.
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Figure 1: Cloud Resource Management Framework with Dynamic Auto-Scaling for E-Commerce Applications

The architecture employs hybrid scaling such that both
horizontal and vertical scaling are employed and blended
together for handling mixed levels of workload
requirement. Predictive scaling with power from the
ARIMA mode helps optimize resource management,
forecasting usage patterns, forecasted resource
reservation, and taking proactive scaling interventions

This predictive ability enables the system to scale
resources according to future demand, minimizing the
risk of over-provisioning and maintaining service
continuity. The system also provides cloud-agnostic
deployment, which guarantees compatibility across AWS.
With an emphasis on evaluation metrics such as response
times, cost reduction of resources, and scaling efficiency,
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this framework ensures optimal utilization of cloud
resources, enhancing cost efficiency and performance in a
dynamic cloud environment. The combination of
predictive scaling models and anticipatory resource
allocation makes the system efficient and adaptive,
allowing companies to scale effortlessly while retaining
performance.

3.1 Auto-Scaling Policies
3.1.1 Identify Key Metrics

The first step in creating auto-scaling policies is to
determine and monitor continuously the critical metrics
that reflect the system's resource usage. These metrics
provide real-time feedback regarding the system's
performance and help in scaling decisions. The principal
counters include CPU utilization, which displays compute
load; memory utilization, that depicts system RAM usage;
network utilization, measuring data traffic transfer; and
response time, indicating how fast the system responds
to requests. The system can launch appropriate scaling
activity, i.e., provisioning resources or change in capacity,
through monitoring such counters for maximizing
performance.

3.1.2 Set Thresholds

Having proper thresholds for every important metric is
essential to decide when the scaling activities need to be
initiated, so that the system will scale only when required
and prevent wasteful allocation of resources. These
thresholds are decision points so that the system can
preserve performance and cost-effectiveness. By
establishing specific thresholds for CPU usage, memory
consumption, network traffic, and response time, the
system will automatically trigger scaling operations when
resource utilization reaches critical levels, maintaining
optimal performance under peak demand scenarios.

3.1.3 Establish Scaling Actions

Once thresholds are established, the system must then
define the scaling actions to take when the metrics reach
beyond these thresholds. Scaling actions tend to be
horizontal and vertical scaling. Horizontal scaling is
increasing or decreasing virtual machine (VM) instances
to distribute the workload better. This would be useful in
situations of elevated demands. Vertical scaling involves
the assignment of additional resources to existing
instances to address increased demands without adding
new instances. It is useful when the workload is
concentrated on particular instances. Finally, scaling
down is employed when resource usage declines,
eliminating redundant instances or cutting allocated
resources to minimize costs during low-demand times.
These measures ensure the system adjusts to varying
workload requirements without compromising
performance and efficiency.
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3.1.4 Cooldown Periods

Cooldown periods serve to avoid over-scaling by
preventing scaling because of short-lived, transient
increases in workload. Once scaling measures are taken, a
cooldown period ensures that the system stabilizes
before scaling starts again, rather than scaling
unnecessarily and repeatedly as a result of short-term
surges. Otherwise, the system might scale continuously
up and down based on temporary spikes, allocating
resources unnecessarily and causing instability.

3.2 Horizontal, Vertical and Hybrid Scaling

The goal of horizontal and vertical scaling is to improve
resource utilization by varying the number VM instances.

3.2.1 Horizontal Scaling

Horizontal scaling is performed through adding or
stripping away VM instances to manage increase in
demand. Horizontal scaling comes in handy for ensuring
the system can maintain with higher workload through
spreading load in multiple instances. Horizontal scaling
will be invoked should system performance figures like
CPU load, memory used, or traffic on the network surpass
the previously set threshold figures. Let's use PcpyPmem
and p,.: for the CPU utilisation percentages, memory
used percentage, and percentage of traffic respectively.
When any of them exceeds their thresholds Ty, Trem OF
Thet, @ scale-out operation takes place by inserting new
VM instances to support the increased workload. The
equation is presented in (1)

pcpu > Tcpu or pmem > Tmem or pnet >
Ther ( scale-out action ) (1)

This ensures that extra resources are allocated when
demand outstrips capacity, avoiding system overloads.

3.2.2 Vertical Scaling

Vertical scaling, entails the modification of resources of
the current VM instances. Vertical scaling is preferably
done when there is increased demand on one particular
instance but adding new VMs will create unnecessary
overhead. An example is when the memory usage crosses
a threshold, vertical scaling will add memory capacity to
the current VM to serve the demand. Let pyem be the
percentage of memory usage, and Ty,.,, is the memory
usage threshold. In case pyem is greater than Tyem,
vertical scaling allocates more memory to the instance
without requiring the addition of additional VMs. The
formula is expressed in (2)

Pmem > Tmem ( scale-up memory of existing instances )  (2)

This method ensures that each VM is able to handle the
extra load without the intricacy of managing more
instances.
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3.2.3 Hybrid Scaling

The Hybrid Scaling Logic integrates horizontal and vertical
scaling such that the system is able to make a dynamic
decision on which scaling method to use based on the
current workload and the trade-off between performance
and cost-effectiveness. If CPU as well as memory usage is
high, horizontal scaling is triggered, but if memory usage
is high by itself, vertical scaling can be the optimal option.
The decision-making process can be simulated as in (3)
and (4).

Scale-out if pepy > Tepy and Prem > Trem (3)
Scale-up if pem >
Tmem @nd no significant increase in other metrics  (4)

This hybrid model ensures that the system would be able
to cope with varying workloads, dynamically optimizing
resource utilization. By the combination of horizontal and
vertical scaling, the system can support maximum
performance through wasteful-free usage of resources,
thereby becoming cost-effective as well as scalable.

3.3 Predictive Scaling Using the ARIMA Model

Predictive scaling attempts to scale resources ahead of
time according to expected changes in workload, which
can be predicted through time series models such as
ARIMA. ARIMA predicts resource requirements and
allows proactive scaling measures, keeping the system
ready for future traffic spikes, workload variations, or
seasonal fluctuations.

3.3.1 Workload Pattern Analysis with ARIMA

ARIMA is a popular time series forecasting model that
integrates three major components:

1) AR (Auto Regressive): The model makes predictions
about future values using previous values of the time
series data. Autoregression strength is denoted by p,
the number of lag observations.

2) | (Integrated): This is the differencing of the time
series data to render it stationary, i.e., to make sure
that the mean and the variance remain constant over
time. d represents the order of differencing.

3) MA (Moving Average): This component describes the
relationship between an observation and a residual
error in a moving average model on lagged
observations. The order of moving average is
denoted by q.

Let p(t) be the usage of the resource at time t, and let
Dyise = {(tup(tD), (t2p(t2)), .., (tnp(tn))}  be the
historical resource usage data. The goal is to predict
p(t + k), the future usage of the resource at time t + k
using this historical data.
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The ARIMA model
demonstrated in (5).

uses the equation, that is

p(t+k) =X, dp(t—i) +X7_, Get—j) +e() (5)

where ¢; are autoregressive parameters, and they
denote the effect of previous values within the time
series on the current one. 6;are moving average
parameters, and they denote the effect of previous errors
or differences between the actual and forecasted values.
The error term e(t) is the discrepancy between actual
and forecasted values at some time. It has three main
parameters p, the number of past values, d, the number
of times the data is shifted so that it becomes stable, and
q, the number of past errors. The parameters are learned
by looking at past data so as to help the model make
future value predictions.

3.3.2 Predictive Resource Allocation

Once trained on historical data, it predicts future resource
usage. Suppose the system has historical CPU usage data,
then ARIMA predicts CPU usage at some point in the
future t+k. |If the predicted value Ppyregicted (t + k)
exceeds the set threshold T, then the system triggers a
scaling action in anticipation of the expected increase in
demand. We call the predicted value of CPU usage at time
t + k as Pyregicted (t + k),by using the ARIMA model. The
system now compares this predicted value with the
threshold T, (say, 80%) to make a scale-out or scale-up
action. The formula is shown in (6).

Dpredicted (t + k) > T,py (scale-out action ) (6)

If the ARIMA model shows that CPU utilization will exceed
80% at time t + k the system will undertake a scale-out
operation by creating new instances of VMs to distribute
the computation load. In the same way, if the model tells
us that memory usage will exceed Ty,.p,, the system will
do vertical scaling by scaling up the memory of the
current instances. The equation is expressed in (7).

ppredicted (t + k) >
Tmem (scale-up memory of existing instances) (7)

3.3.3 Proactive Scaling Actions Based on Forecasted
Demand

With predictive scaling, the system can prepare in
advance for expected spikes or dips in resource usage. As
a case point, during promotional time or during the
season spike, the ARIMA model can predict a spike in CPU
or memory usage, and the system can provision in
advance or provide extra resources in advance prior to
the spike.

Let Dpredicted (t + k) denote the predicted resource usage
at time t + k, and T denote the threshold for resource
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usage. When the predicted usage is greater than T, the
system will scale resources as per requirement.
Whenever the projected use of resources crosses the
threshold T, scaling measures are initiated. The
expression is presented in (8).

Dpredicted (t + k) > T ('scale-out or scale-up action )  (8)

If the system predicts a rise in resource consumption
through a promotion campaign, the ARIMA model
predicts the peak beforehand, and the system can pre-
scale resources to prevent performance bottlenecks.

3.4 Optimize Resource Allocation

Resource optimization refers to the optimal utilization of
computer resources, i.e., CPU, memory, storage, and
network bandwidth, to meet the varying needs of a
system. The goal is to distribute the resources in a way
that resources are used efficiently to yield the maximum
performance without wasteful usage. This may be
achieved with dynamic re-allocation of the resources
according to actual requirement, expected workload, and
system performance. Best resource planning entails some
of the following vital strategies, i.e., auto-scaling, scaling
the number of resources dynamically based on changing
traffic; load balancing, evenly distributing resources
within the system to prevent any single piece from
becoming too busy; and predictive scaling, using machine
learning algorithms and historical data to forecast future
demands so that anticipatory action may be taken. These
strategies allow for the availability of resources at times
as needed, achieve maximum system efficiency, and
minimize costs by avoiding over wastage. There exists a
proper resource optimization, which is very important in
offering high availability, response, and low cost,
particularly in the event of diverse demands such as in
cloud applications or e-commerce web sites.

3.4.1 Cost Efficiency

The system constantly tracks the usage of resources,
including CPU, memory, and network usage, and adjusts
resource allocation so that excess resources are
eliminated during low-demand times. Dynamic scaling is
important in eliminating waste by scaling down resources
during low demand. The system scales dynamically by
scaling in whenever the usage of resources goes below
predefined thresholds. If CPU utilization p.,, goes below
threshold T,,, the system can invoke the scale-in
operation through decreasing the active VMs or
decreasing the allocated resources. The scale-in operation
invocation formula on the basis of CPU utilization can be
given as in (9).

Pepu(t) < Tgpy (scale-in action) (9)
Where p¢py, (t) is the CPU usage at time t. Ty, is the CPU

usage threshold. This ensures that resources are used
efficiently, minimizing costs during low-demand periods.
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3.4.2 Performance Efficiency

Performance efficiency ensures that the system remains
responsive and responsive to user expectations despite
resources being dynamically scaled. The system monitors
response times and user experience metrics to ensure
that performance is at its optimum. Whenever the
response time p,.(t) exceeds a given threshold T, it is
an indication that the system is operating below optimum
and needs to be allocated more resources to maintain
optimum performance. To accommodate this, load
adaptive algorithms vary resources by load patterns. The
algorithms decide to scale up when, and to scale down
when, in an attempt to balance cost with performance.
The performance threshold is set as in (10)
pPre(t) > T, (scale-up action ) (10)

Where p,..(t) is response time at t.T,; represents the
maximum tolerable response time threshold. It uses a
formula that initiates a scale-up operation once response
time exceeds the threshold, making the system allocate
additional resources.

3.5 Cloud-Agnostic Deployment

The intention of cloud-agnostic deployment is to make
resources optimally available and utilized to meet the
different requirement for computational resources. Here,
AWS ASG are the central point of scaling, scaling the
number of EC2 instances automatically according to the
demand at a given time.

3.5.1 Platform Compatibility
Scaling Operation Using Auto Scaling Groups

The crux of Auto Scaling Groups is the ability to add or
remove EC2 instances based on the demand. The ASG
continuously compares against metrics (CPU, memory,
network) and triggers scaling activity whenever the
thresholds are crossed. The dynamic scaling activity can
be written as in (11).

New VM Instances =
f(pcpu (t)’ pmem (t)’ pnet(t)' Tcpu' Tmem' Tnet)

Where f is a function defining the scaling policy that
dynamically changes the number of instances.

(11)

o If ppu(t) exceeds Ty, it triggers a scale-out action
to add instances to handle the increased load.

o If pepy(t) falls below Ty, it triggers a scale-in
operation, removing idle instances.

This function ensures resources are automatically added
or deleted based on the real needs of the system in real
time, improving performance as well as cost savings.
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3.6 Evaluation Metrics for Cloud Resource Scaling
3.6.1 Response Times

Response time is an important measurement for
assessing system performance. It is the amount of time
that the system requires to respond to a request or
execute a task. Tracking response times ensures the
system is holding at optimal user experience, even when
resources are dynamically scaled. In cloud deployments,
response time tends to relate to system load since
resource availability affects processing speed. p,.(t) is
the response time of the system at any time t. The
objective of the system is to keep the response time
within a given limit T,;, which is the maximum allowable
response time. The equation is expressed in (12).
Pre(t) < T,; (acceptable response time ) (12)
If p,-+ (t) is greater than T,., then the system is performing
below its capabilities, and scaling action must be initiated
to cut latency and increase processing speed.

3.6.2 Resource Cost Reduction

Resource cost reduction captures how well the system
saves operational costs without affecting performance. As
resources are scaled in during low-demand times, costs
are minimized by deallocating unused resources. Let us
assume cost savings Cg,yings (t) as the difference among
the cost of resources before and after scaling action.
Let Coefore (t)  and Cyprer (t)  be the cost of resources
prior to and subsequent to scaling activities, respectively.
The cost savings from scaling activities can be formulated
asin (13).

Csavings (t) = Cbefore (t) - Cafter (t) (13)
If the system scales in effectively during low resource
usage, then Cg,yings (t) will be positive, which represents
cost savings.

The overall cost savings over time can be computed as in
(14)

Total Cost Savings = Y1—; Csayings (t) (14)
This overall cost savings ensures that the system

maximizes resource utilization without spending
unnecessary money when demand is low.

3.6.3 Scaling Efficiency

Scaling efficiency is a measure of how effective the scaling
activities are, i.e., how effectively the system scales
resources in relation to the variations in workload. Scaling
efficiency relies on two major activities: scale-out and
scale-in. The count of successful scaling operations is a
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critical measure of determining the  system
responsiveness to demand variation. S, is the Count of
successful scale-out operations.S;,, is the Number of
successful scale-in operations.T,i,; is the Number of
scaling operations attempted.

The scaling efficiency can be computed as in (15).

Scaling Efficiency =
Sout +Si

= (successful scaling operations ratio) (15)

Tscaling

The larger the value of scaling efficiency, the more
efficient and responsive the scaling system will be in
processing the workload variation.

4. Results and Discussions

The study applied a dynamic auto-scaling system
combined with ARIMA-based predictive scaling to
optimize cloud resource utilization for e-commerce
applications. The system was developed using AWS cloud
infrastructure and auto-scaling groups to manage
changing traffic patterns. The system utilized up to 50
VMs during high-load hours, depending on the load, from
20% to 80% CPU usage. The system was optimized to
handle 1000 simultaneous users, with about 800 active
users at times of high traffic. Important parameters such
as response time were gauged, with a normal load
average of 100ms and peaks up to 500ms during high
traffic. The results show the efficiency of the proposed
framework in ensuring system performance and cost-
effectiveness, and dynamically allocating resources
according to real-time demand projections.

Response Time Spikes When Demand Changes Rapidly

—— ALB Response Time

Response Time (ms)
- & & 2 &a

#

0
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Figure 2: Response Time Fluctuations Over Time

Figure 2 indicates the fluctuation in the response time
over 24 hours as indicated by the green line, which
represents the ALB (Application Load Balancer) Response
Time. The x-axis is labelled by time in hour, and the y-axis
is labelled by response time in milliseconds. The high
points on top of the green line are times of high demand
when the application is finding it difficult to keep the
response times low. These spikes reflect the notice that
resources of the system are not increasing at a very high
pace to meet the additional load and are causing the
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requests to be delayed. Under low-load conditions, the
green line is level and low, as request handling is efficient
with little latency. This is driven by the need to ensure
consistency of performance in varied traffic loads and
stresses the need for timely and responsive resource
scaling so as to avoid undermining response times in
conditions of heavy load.

Dynamic Workload Scaling and Resource Allocation

Resources (%)

0 5 10 5 B
Time (hour)

Figure 3: Dynamic Workload Scaling and Resource
Allocation Over Time

Figure 3 illustrates the dynamic scaling of resource
allocation and workload against time. Hourly time is on
the x-axis, and both percentage of resources utilized in
workload and resource allocation are on the y-axis.
Workload is represented by the red line, which is highly
volatile, indicating periods of peak demand when the
system's resource usage goes as high as 200%. This means
that the system needs to dynamically scale resources to
be able to handle shifting workloads. On the other hand,
the blue line of resource utilization is relatively flat,
indicating the system's resources being utilized on a much
lower basis consistently (between 25% and 50%) than the
workload spikes. This is a signal that the system must
auto-scale its resources dynamically based on the
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fluctuation of the workload, so that they are not under-
provisioned but not over-provisioned either. The graph
suggests the requirement for real-time prediction of the
workload and dynamic auto-scaling so that the system
operates optimally and is cost-efficient.

Table 1: Comparison of Key Metrics Between Traditional
Scaling and Auto Scaling

Metric Traditional Scaling Auto Scaling
Scaling Latency (s) 120 30
Cost Efficiency (%) 70 90
System Uptime (%) 95 99
Response Time (ms) 100 50

Table 1 contrasts the Traditional Scaling and Auto Scaling
performance in terms of major metrics. The Scaling
Latency (s) metric provides an indication of the time to
scale resources and it takes the Traditional Scaling a 120-
second latency, whereas this is several orders of
magnitude higher than the 30 seconds observed for Auto
Scaling that allows faster responsiveness to change in
traffic. Cost Efficiency (%) is how much Auto Scaling is
20% cost-efficient compared to Traditional Scaling,
utilizing resources in the best way possible and
minimizing costs. For System Uptime (%), Auto Scaling
provides a staggering 99.5% versus 95% using Traditional
Scaling, with greater availability and reliability. Lastly,
Response Time (ms) is improved in Auto Scaling to 50
milliseconds compared to the response time of
Traditional Scaling to 100 milliseconds, an indicator of
improved performance and faster user interaction under
various loads. Results of this nature are a testament to
the fact that Auto Scaling massively improves resource
use, performance, and system reliability compared to the
traditional approach.

Table 2: Cost Savings Analysis with ARIMA-Based Workload Pattern Prediction and Auto-Scaling in E-Commerce

Applications
Scenario Traditional Auto Scaling Savings (%) Workload Pattern 2::;3?:: Proactive
o . . . .
Costs ($) Costs ($) Analysis (using ARIMA) Allocation Scaling Actions
Normal Load 5000 3500 30% ARIMA predicts steady, Predicting steady, Minimal scaling
low-demand pattern low resource needs
High Trafﬂc 8000 6000 5% ARIMA foresasts Predicting high Aggre§5|ve
Spikes upcoming traffic surge demand scaling
L - —
ow L.Jsage 3000 2000 339% ARIMA predicts reduced Predicting low Minimal scaling
Periods demand resource needs

Table 2 provides the Cost Savings Analysis Table utilizes
ARIMA model for workload trend forecasting and better
utilization of cloud resources by means of dynamic auto-
scaling. The table illustrates a comparison of the regular
scaling approach based on static threshold with ARIMA-
based auto-scaling. Under Normal Load, ARIMA predicts a

consistent low demand and experiences minimal scaling
activity resulting in 30% cost saving. During High Traffic
Peaks, ARIMA predicts future demand peaks so the
system can pre-scale resources and, as a result, incur a
25% cost savings. During Low Usage Times, ARIMA
predicts low demand and, therefore, causes the system to
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scale down resources, saving 33%. Through the
implementation of ARIMA, wastage is prevented due to
the forecasting of demand fluctuation, enhancing
performance and cost savings in the form of lower over-
provisioning and under-provisioning. The table describes
the ways predictive scaling can achieve maximum cost
efficiency and system performance across different
workload scenarios.

5. Conclusion

This study introduced a dynamic auto-scaling system
based on ARIMA-based predictive scaling to improve
cloud resource management in e-commerce systems. The
model effectively overcomes some of the most important
challenges such as over-provisioning, under-provisioning,
and inefficient scaling that are typically faced in
conventional approaches. With the application of this
framework, we were able to reduce costs by 30%,
improve resource utilization by 20%, and 4.5% greater
system uptime, which shows tangible improvements in
efficiency of operations. Although the framework
successfully enhances resource allocation and lowers
operational costs, certain limitations are still present,
such as real-time prediction and performance during high
traffic loads. Future work includes the integration of
multi-cloud capability and using edge computing to make
the system response even faster and latency even
smaller. Overall, the suggested model is a cost-efficient,
scalable solution that can provide maximum cloud
resource utilization for ensuring efficient working of e-
commerce websites and presents a base for further
research work on dynamic scaling and cloud resource
optimization.
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