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Abstract 

This study compares the behavior of the various auto-scaling policies in cloud-native streaming pipelines under the presence 

of retail surges like flash sales and holiday traffic. The comparison is made between Vertical Scaling, Horizontal Scaling, 

Predictive Scaling, and Adaptive Scaling on the basis of the resource utilization, availability of the systems and performance. 

Statistical analyses, such as ANOVA and t-tests, demonstrate that there are substantial differences in models in the way they 

use resources. The results are that Predictive and Vertical Scaling have an effective use of resources and Adaptive Scaling has 

the opportunity to be flexible in case of dynamic traffic. The study offers practical implications on the choice of the best scaling 

model to achieve maximum efficiency in a cloud environment in times of heavy retailing. 
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I. INTRODUCTION 

This study investigates elasticity of cloud-native streaming 

pipelines in the case of retail surges, especially the flash 

sales and holiday traffic behavior. With the e-commerce 

platforms showing sudden demand bursts, auto-scaling 

solutions are needed to ensure the performance and 

availability. Through an official benchmarking analysis, 

this study is expected to measure the effectiveness of 

different auto-scaling strategies, which will be helpful in 

streamlining the cloud architecture and provision of 

smooth customer experiences during peak events. 

Research Aim and Objectives 

Aim 

The aim of this research is to assess and compare auto-

scaling approaches to cloud-native streaming pipelines 

with the purpose of optimizing performance when there is 

a flash sale or high-traffic holiday periods in retail 

environments. 

Objectives 

● To evaluate the effect of retail surges, like holiday 

traffic, flash sales on cloud-native streaming 

pipeline performance. 

● To test the different auto-scaling plans on the 

optimization of performance and resource 

distribution in case of the high demand periods. 

● To measure the efficacy of the various auto-

scaling strategies in ensuring the availability and 

responsiveness of systems under varying traffic 

rates. 

● To give practical suggestions for improving the 

cloud infrastructure scalability and efficiency 

during peak retail events, to ensure seamless 

customer experiences. 

Problem statement 

As e-commerce applications face sudden surges in traffic 

during flash sales and the holiday seasons, ensuring 

performance and availability of the systems is a burning 

issue. Conventional techniques of scaling do not usually 

respond to such volatile and unanticipated patterns of 

traffic [1]. The proposed research determines the best auto-

scaling plans in case of cloud-native streaming pipelines, 

so that e-commerce platforms will be able to manage 

increased demand of users without compromising the best 

user experiences. 

Novel contribution 

The study provides a novel contribution that gives an in-

depth benchmarking analysis of the auto-scaling strategies 

of cloud-native streaming pipelines during retail traffic 

peaks. It appraises the performance of different scaling 

strategies with some of them showing efficiency in terms 

of resource allocation and system availability during flash 

sale and holiday events [2]. It eventually led to an improved 
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scaling behavior and improved user experiences on the e-

commerce sites. 

II. LITERATURE REVIEW 

Impact of Retail Surges on Cloud-Native Streaming 

Pipeline Performance 

 

Fig.1: The Missing Control Plane in Cloud-Native 

Supply Chains 

Peak times in retail especially in flash sales and holiday 

seasons pose a big challenge to e-commerce websites [3]. 

These occurrences also result in spikes on customer 

demand and thus more traffic in site, transactions, and 

stream of content [4]. These operations are based on cloud-

native streaming pipelines which are used in the processing 

of real-time data. Nevertheless, performance bottlenecks 

may be observed in these pipelines during these surges as 

reflected by slow transactions, loss of data and downtime 

of the service [5]. During peak operations, the efficiency of 

cloud infrastructure is a critical aspect in order to facilitate 

smooth operations [6]. Reasons such as bandwidth of the 

networks, server capacity and speed of processing data 

determine the general performance of streaming pipelines 

[7]. Cloud infrastructure is not able to handle high-traffic 

times without the proper scaling to ensure poor customer 

experiences. 

Auto-Scaling Strategies for High-Demand Periods 

 

Fig. 2: Auto-Scaling Techniques in Cloud Computing 

One of the strategies that have been employed in dealing 

with the changing traffic in case of surges in the retailing 

business is auto-scaling. Auto-scaling makes systems 

optimally perform by utilizing automatic reallocation of 

resources in accordance to demand [8]. One common 

scaling method is vertical scaling, where the capacity of 

individual resources is added, but it has a risk of not being 

able to sustain a load of sustained traffic spikes [9]. 

Horizontal scaling is a more scalable solution of adding 

additional instances or services and may be more difficult 

to manage [10]. The system can predictively scale 

resources to prevent the spikes of the traffic through 

predictive scaling which uses previous data and machine 

learning models to predict the demand ahead of time [11]. 

Adaptive scaling is more responsive as it adjusts the 

parameter of scaling on-the-fly according to current data 

[12]. The strategies can assist businesses in dealing with 

the unpredictable retail surge so that the performance of the 

system does not suffer during peak moments of traffic. 

Benchmarking the Effectiveness of Auto-Scaling 

Approaches 

 

Fig. 3: Common auto-scaling techniques for reactive 

and proactive methods 

The outcome of the auto-scaling strategies is determined 

by their capacity to balance the resource allocation and 

demand [13]. These strategies can be benchmarked on the 

basis of performance in relation to changing load levels of 

traffic and the primary key performance indicators (KPIs) 

are response time, system availability, and resource usage 

[14]. Excessive resource provision may cause inefficiency 

and unwarranted expenditure whereas insufficient 

provisioning causes blockages and unavailability [15]. 

Good auto-scaling needs to be implemented to have low 

response time and make use of the available resources 

without wasting them [16]. Comparative benchmarking on 

the auto-scaling strategies assists in the determination of 

the most effective methods in various circumstances of 

traffic [17]. As an example, the scaling strategies can be 

tested on a simulated performance during flash sales or 

holiday rushes [18]. These metrics give an idea on the 

consistency of performance and the resource optimization 

of various auto-scaling strategies. 
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Improving Scalability and Efficiency of Cloud 

Infrastructure During Peak Events 

 

Fig. 4: Scalability And Flexibility in The Cloud 

Scalability and efficiency of cloud infrastructure are 

optimized by businesses to be ready during peak retail 

events both in terms of architecture and auto-scaling 

mechanisms. Multi-layer architecture facilitates the 

distribution of traffic among the various infrastructure tiers 

and does not overload key services [19]. Isolating 

transactional data, user sessions and content delivery make 

it possible to scale only particular aspects of the 

infrastructure so that traffic spikes do not impact the entire 

infrastructure [20]. By integrating content delivery 

networks (CDNs), traffic can be taken off the core 

infrastructure by passing through the pipeline content that 

is cached nearer to the user rather than the streaming pipes 

that hold excessive bandwidth [21]. The performance is 

also enhanced by edge computing to process data nearer to 

its origin, thereby decreasing the latency and increasing the 

responsiveness of the system when it is demanded the most 

[22]. In addition, cloud-native tools are used (Kubernetes 

to coordinate containers) to enable an efficient scale, in 

which resources are dynamically changed with changes in 

traffic conditions [23]. Auto-scaling strategies can only be 

perfected through post-peak event analysis [24]. 

Reviewing the performance data of the past surges enables 

businesses to determine the areas needing improvement, 

like scaling thresholds and predictive model fine-tuning 

[25]. The iterative process will keep the auto-scaling 

mechanisms enhanced and refined thus improving the 

scalability and resource efficiency in future surges in 

retailing. 

Literature gap 

Although the auto-scaling strategies have improved, very 

few studies have specifically aimed at benchmarking the 

efficiency of various strategies during the retail surges, in 

cloud-native streaming pipelines [26]. The knowledge gap 

lies in the fact that these strategies must be used to 

efficiently allocate resources and sustain performance and 

keep systems accessible during increasing and decreasing 

demand during flash sales and holiday traffic. 

III. METHODOLOGY 

A. Research Design 

The study adopts a controlled experiment in which 

different auto-scaling plans are evaluated to include 

vertical scaling, horizontal scaling, predictive scaling, and 

adaptive scaling all with simulated conditions of retail 

surge [27]. Traffic patterns of e-commerce as indications 

of flash sales and holiday seasons are simulated and each 

auto-scaling strategy is tested with reference to the 

performance of the system. 

B. Simulation Setup 

The study involves cloud-native simulation of a streaming 

pipeline in order to simulate an e-commerce traffic burst. 

All the auto-scaling models are put through a series of 

traffic events, including low, moderate, and peak loads 

[28]. Each strategy has its performance metrics (response 

time, system uptime, resource consumption (CPU, 

memory) gathered. 

C. Auto-Scaling Models 

The research adopts four methods of auto scaling (Vertical 

Scaling, Horizontal Scaling, Predictive scaling and 

Adaptive scaling). Vertical Scaling, the study adapts 

resource capacity of individual instances (such as 

increasing CPU capacity or memory); Horizontal Scaling, 

the study adds more instances to reduce traffic load; 

Predictive scaling, the study uses historical data and 

machine learning to predict and scale the resources 

beforehand; and Adaptive scaling [29]. All the models can 

be tested in the same simulated conditions of a retail surge 

to determine the level of its efficiency in sustaining the 

performance of the system. Various resources like CPU 

memory are dynamically scaled using Kubernetes. By 

addition or reduction of nodes this Kubernetes during the 

traffic surges in high-demand events and flash sales.  

D. Performance Analysis 

Performance is analyzed including response time which is 

the duration of the system to respond to user request in 

milliseconds. Horizontal scaling help to add new instances, 

Vertical scaling help to increase the resource capacity, 

demands are anticipated by Predictive scaling, Resources 

in real-time can be adjusted by Adaptive scaling. The 

availability of the system is calculated as a percentage of 

the time that the system is online and not offline, and the 

formula will be the following: 

System Availability =
Total Uptime

Total Time
× 100 
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The resource utilization measures the efficiency of 

resource utilization and the cost efficiency is determined 

by: 

Cost Efficiency =
Total Cost of Resources

Performance Metric
 

E. Statistical Analysis 

The data about performance is summarized with the help 

of descriptive statistics, including mean, standard 

deviation, and variance. The inferential statistics, such as 

the ANOVA (Analysis of Variance) and t-tests, is used in 

comparing the performance of the various auto-scaling 

strategies. For identification of whether there are any 

significant differences in the performance of the systems 

when different conditions prevail, the hypothesis tests are 

performed. The level of statistical significance is set at 

p<0.05. For example: 

ANOVA Test: F =
Between Group Variance

Within − Group Variance
, p < 0.05 

The effect size (including Cohen’s d) is going to be 

reported to indicate the applicability of the findings in 

practice. 

F. Visualization of Results 

In order to present the results visually, several graphs and 

charts are employed, and one of them is the line graph, 

which is utilized to show the response time, resources 

usage, and the availability of the system per time [30]. The 

bar chart is used to compare the effectiveness of both 

models of auto-scaling in regards to response time and the 

availability of the systems. Also, heatmap signifies the 

performance of the system at different traffic loads. 

G. Pseudocode 

 

Fig. 5: Pseudocode 

This pseudocode outlines a program, that can adjust auto-

scaling during the flash sales and holiday season peaks, 

horizontal and vertical scaling, performance metrics 

measurements, and real-time analytics generation to 

streamline resource efficiency. 

H. Architecture diagram 

 

Fig. 6: Architecture Diagram 

The architecture diagram shows the process in cloud native 

streaming pipelines; the process of auto-scaling occurs 

when the traffic during the flash sales and peak periods of 

holiday seasons is detected. It places importance on such 

important elements as horizontal scaling, real-time 

analytics and benchmark metrics, such as scaling speed, 

efficiency of resource usage, and stability of performance 

to achieve ideal elasticity. 

I. Flowchart 

 

Fig. 7: Flow diagram 
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This flow chart demonstrates how the detection of traffic 

peaks, horizontal and vertical scaling, benchmark 

measurements log, and real-time dashboards are used to 

maximize resource efficiency on flash sales and holidays. 

J. Data Analysis Integration 

The integration of quantitative findings and performance 

measurements is used to give a comprehensive analysis of 

the auto-scaling models. The significant findings are 

summarized by descriptive statistics and allow comparing 

the models in terms of their effectiveness by means of the 

inferential statistics. This research approach is expected to 

deliver practical suggestions about the most efficient auto-

scaling strategy to use when the retail experiences surge 

activity in order to achieve the best system performance 

and user experience. 

IV. FINDINGS AND ANALYSIS 

A 2 TB video or image processing tasks can be handled 

within a Kubernetes cluster for simulation of the demanded 

retail surges like holiday traffic and flash sales. The metrics 

include the response time, resource usage and the system 

availability helps to assess the impact of the scaling 

strategies in the process of retail surges. The Adaptive 

scaling responds dynamically to the real-time traffic 

fluctuations, and the Predictive scaling helps in forecasting 

the traffic demands. Both of this scaling techniques give 

assurance for the optimal resource allocation during the 

surges.  

 

Fig. 8: Vertical Scaling output 

The figure depicts the Vertical Scaling Output of CPU and 

memory Usage with time. Blue line means CPU usage, and 

green line means memory usage. The two values have a 

range of 90% to 100%, which means that the resources 

required vary when there is a surge in traffic. The spikes in 

memory usage are sharp, indicating that there are spikes of 

high demand, which are common when there are surges in 

the retail industry. 

 

Fig. 9: Horizontal Scaling Output 

The number shows Horizontal Scaling Results of CPU and 

memory consumption as a function of time. The red line is 

used to depict the memory usage and the yellow line 

depicts the CPU usage. Both the lines vary between 90-

100%, which implies that the system is dynamically 

adjusting the resources. The steep spikes indicate periodic 

upsurge in demand, which focuses on resource allocation 

at different occasions during spikes in traffic. 

 

Fig. 10: Predictive Scaling Output 

The figure shows Predicted Scaling through linear 

regression, which is expressed using a magenta line. It has 

reached a steady point of 100% utilization of resources, 

which means that the scaling that has been projected to 

occur with time is also constant. The dashed line is Actual 

Scaled Traffic with no substantial variation. This implies 

there is limited predictive adjustment in the simulated 

conditions. 

http://www.ijritcc.org/


International Journal on Recent and Innovation Trends in Computing and Communication 

ISSN: 2321-8169 Volume: 11 Issue: 7 

Article Received: 25 May 2023 Revised: 12 June 2023 Accepted: 30 July 2023 

________________________________________________________________________________________________________________ 
 

 

    635 
IJRITCC | July 2023, Available @ http://www.ijritcc.org 

 

Fig. 11: Adaptive scaling output 

The CPU (in cyan) and Memory (in red) resource 

utilization under the Adaptive Scaling model is shown in 

the figure. The utilization of the resource varies between 

90% and 100%, which represents the dynamic changes to 

respond to the alterations of the traffic conditions. These 

steep ups and downs can be used to show how the system 

can respond to the immediate surges and declines in 

demand. 

 

Fig. 12: Response Time Over Time 

The graph below depicts Response Time (in milliseconds) 

versus time and it varies between 100ms and 200ms. The 

second graph is the System Availability at Time, and it 

showed the highest availability of up to 15% which means 

that there was variability in performance of the system 

during retail spikes. The bursts in availability are 

associated with increased response times which indicates 

that resources are being stressed at times 

 

Fig. 13: System Availability Over Time 

The second figure is a reflection of the first one, as 

Response Time always oscillates near the range of 100-200 

ms, and System Availability oscillates near different 

values, reaching the highest point of 15%. This means that 

response times grow with traffic overflow resulting in 

inconsistencies in the availability of the system and this 

affects the user experience. 

 

Fig.14: Comparison of Auto-Scaling Models 

The bar chart compares CPU usage and memory with the 

various auto-scaling models (Vertical Scaling, Horizontal 

Scaling, Predictive Scaling and Adaptive Scaling). It 

indicates that CPU and memory utilization are always high 

(near to 100%) in all models with slight variation, which 

demonstrates the effective resource allocation in each 

scaling model. 

 

Fig.15: Descriptive statistics 

The table displays the descriptive statistics of the CPU 

usage with varying scaling models. Vertical scaling has a 

steady CPU capacity of 100% whereas horizontal scaling 

and predictive scaling have an average CPU capacity of 

approximately 98.4%. The mean of adaptive scaling is 98.4 

and the data is slightly different (std = 2.49).  

 

Fig. 16: ANOVA test 

The output presents the findings of the ANOVA test on the 

use of CPU of the various auto-scaling models. The F-

statistic stands at 26.76 with the p-value of a very small 

value (8.86e-16) which means that there are statistically 
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significant differences in CPU usage between the two 

models. 

 

Fig. 17: T-test  

The outcome of the T-Test is a comparative exercise of the 

CPU utilization in Vertical Scaling and Horizontal Scaling 

models. The t-statistic is 6.34 and the p-value is very low 

(1.56e-09) implying that the difference between CPU 

usage in these two models is statistically significant. 

 

 

Fig. 18: Cohen's d value for Vertical vs Horizontal 

Scaling 

The output indicates that the Cohen d value between 

Vertical and Horizontal Scaling stands at 1.1952, and it 

implies that the effect size between the two models is 

insignificant. The Precision loss warning states that it 

experienced numerical instability because of the 

differences that are very small. 

 

Fig. 19: Correlation Between Traffic and Resource 

Usage 

The heat map shows the relationship among traffic, CPU 

usage, and the memory usage. Traffic and Memory Usage 

have a moderate correlation (0.31) whereas CPU Usage has 

very little correlation to Traffic and Memory Usage (0.046 

and -0.058, respectively), which point to the weak 

associations. 

TABLE 1: COMPARISON OF AUTO-SCALING 

MODELS BASED ON KEY PERFORMANCE 

INDICATORS 

Scaling 

Model 

CPU 

Usag

e (%) 

Memor

y Usage 

(%) 

Respons

e Time 

(ms) 

System 

Availabilit

y (%) 

Vertical 

Scaling 

100 100 120 98 

Horizont

al Scaling 

98.4 98.4 130 97 

Predictiv

e Scaling 

100 100 125 95 

Adaptive 

Scaling 

98.4 98.4 135 96 

Discussion 

The outcomes of the analysis give important information 

about the efficacy of different auto-scaling techniques 

applied to the administration of resources usage in cloud-

native streaming pipelines in response to surge demand in 

the retail sector like flash sales and holiday traffic. The 

descriptive statistics indicate that Vertical Scaling and 

Predictive Scaling have almost 100 percent of the CPU and 

memory usage implying that both are efficient in their use 

of resources. Nevertheless, both Horizontal Scaling and 

Adaptive Scaling have minor differences with Adaptive 

Scaling demonstrating a slight reduction in the 

consumption of resources (mean of 98.4%), which was 

observed in the descriptive statistics. Based on the 

statistical analysis, the results of the ANOVA test indicated 

that there are significant differences in the scaling models, 

the p-value is very low (8.86e-16) and it is well known that 

at least one of the models is better in the usage of resources, 

than others.  

The t-test (p-value = 1.56e-09) indicates that the 

differences in CPU usage of Vertical and Horizontal 

Scaling are statistically significant, so additional studies 

are necessary to determine the scaling ability and 

efficiency of these methods under the conditions of high 

traffic. In addition, the value of d between Vertical and 

Horizontal Scaling is 0.0094, as stated by Cohen, which 

means that the practical value of the difference in the 

number of resources used is not really high, implying that 

both models are similar in their performance in case of 

retail surge. The analysis of the heatmap also supports the 

argument that the correlation between the memory usage 
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and the traffic is more significant than the correlation 

between the CPU usage and the traffic. This implies that in 

high-traffic environments, demand spikes have a direct 

impact on the memory consumption of the system than the 

CPU.  

V. CONCLUSION 

This paper underscores the efficacy of different auto-

scaling measures in optimizing streaming pipelines that are 

native to the cloud at times of retail spikes. Vertical Scaling 

and Predictive Scaling are the ones that provide good 

resource utilization, and Horizontal and Adaptive Scaling 

are the ones that vary. The analysis has shown that the 

choice of a suitable scaling method is based on the traffic 

activity, the requirements of the system, and cost-

effectiveness factors that will guarantee smooth operations 

during peak times. 

Future Scope 

Future studies can look into combining hybrid scale 

methods by taking the best of predictive and adaptive scale 

methods. Furthermore, it is possible to create real-time 

machine learning-based algorithms that would provide 

more effective traffic forecasting to improve the 

responsiveness of auto-scaling systems. 
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