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1 Introduction

This document provides an comprehensive overview of the software and tools used through-
out the entire project. It provides a clear steps and guidelines for installing all required
software dependencies for executing the project. Additionally it also provides an struc-
tured and systematic roadmap for successful project implementation by showcasing the
mechanisms used to achieve the desired outcomes. Considering the extensive resource re-
quirements and prerequisites associated with the Machine Learning algorithm and AWS
Cloud with serverless functions.

2 System Configuration

This section outlines the Hardware and Software Requirements for the project.

2.1 Hardware & Platform specifications

Type Tool & Platforms
Cloud VM Amazon Web Service EC2 (Amazon Elastic Compute

Cloud), Cloud9
Operating System Linux Ubuntu 24
Container Technology Docker version 28.3
Performance/Load
Testing

Apache JMeter 5.6.3

FaaS Openwhisk

2.2 Software specification

Software specifications Details
Python 3.12 version
Google Colab & Cloud 9 For Machine Learning - Python 3.12
Visual Studio Code Version: 1.97.0 IDE, OS: Windows 11

Note: This experiment was performed in Google Colab Notebook and Kaggle Note-
book considering high resource utilisation. If anyone attempt to replicate the experiment
on a local system, it is advisable to utilize Jupyter Notebooks.
GitHub Link for Project Code:
https://github.com/Mohannci/Research-Project-Artefacts
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3 Implementation and Integration

3.1 Environment setup

I have used AWS for jmeter and openwhisk load testing, Kaggle Notebook for model
training and testing and Google Colab notebook for data visualization.

Figure 1: Aws Home Page

Figure 2: Kaggle Notebook home page
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Figure 3: Colab notebook homepage

3.2 Software Packages and Libraries

The models were implemented using Google Colab Notebook, utilizing the Python pro-
gramming language. The following packages and imports are essential for the proper
functioning of the models:”

Python is used to programme the suggested model. The machine learning project is
best suited for the Python programming language. Python is the best choice for machine
learning applications due to its consistency, platform freedom, ease of use, accessibility
to top-notch ML tools and frameworks, flexibility, huge community, and ease of use.

Pandas is an open source python library. It is a free and high-performance data
analytics tool. With qualities like extreme user friendly and creating a table like format
from given dataset which intern is very user friendly. It’s a library or tool used in machine
learning for a wide rage of fields like statistics, finance, economics etc.

Numpy:
Numpy(Numerical python) is a python library. It consist of multi-d array objects and

a set/collection of routines for the existing array processing. Mathematical and logical
operation in python are done with the help of numpy.

Sklearn:
Sklearn also known as Scikit learn is a python library used for pre-processing, visu-

alization and cross-validation algorithm. It is a library built on Numpy, Scipy and Mat-
plotlib. It is also used for data mining and analysis of data. Sklearn consist of various
classification, regression and clustering algorithms.

Matplotlib:
Data Visualization in python can be done wth the help of Matplotlib. It is for creating

two-dimensional graphs in ML from data set available in form of arrays. It makes use of
GUI tool PyQt in python for creating user friendly graphs.

Keras & TensorFLow: Keras is a high-level, deep learning API developed by Google
for implementing neural networks. It is written in Python and is used to make the
implementation of neural networks easy. It also supports multiple backend neural network
computation. TensorFlow is an open-source library for numerical computation, large-scale
machine learning, deep learning, and other statistical and predictive analytics.
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Figure 4: Importing packages in Kaggle notebook.

Figure 5: Importing packages in Colab notebook.

3.3 Project Execution Phases

This section has the details of my project Implementation and evaluation.

3.3.1 Data Cleaning

First I have read the data then I listed down columns it has and calculated percentage
of inter-arrival times and at last checked for null values.
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Figure 6: Data Cleaning

3.3.2 Data Preprocessing

In these phase I have added few columns to the dataset because dataset has only 4
columns which will lead models to predict values incorrectly so I have added additional
columns like wait time, hours, minute, month, year so that models have enough attributes
to predict inter-arrival time accurately.

Figure 7: Data preprocessing.

3.3.3 Data Exploration

In these phase I have explored the data like what is the average inter-arrival time per
the day. Reason behind this exploration is it helps models to learn inter-arrival time of
functions Precisely.
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Figure 8: Data Exploration.

3.3.4 Training Deep Learning Models

I have used three deep learning models (LSTM, BiLSTM, Multi-head BiLSTM) out of
these 3 Multi-head Lstm scored good mse and rmse scores and predicted 90.9% of warm
starts.
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Figure 9: Multi-head BiLSTM model training

3.4 Testing and Evaluation

3.4.1 Phase 1: Deep Learning

Here we implement 3 experiments using 3 different algorithms namely : LSTM, BiLSTM,
Multiview feature focused Bilstm. All these algorithms use the same Azure functions
dataset.

These models will forecast 100 delay values which will be used by JMeter further to
perform the load testing experiment.
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Figure 10: Training Data results

Figure 11: Testing Data Results

3.4.2 Phase 2: JMeter Load Testing

A total of 3 main experiments were conducted to validate the hypothesis put forward by
this research. Phase 1 experiments simulated the machine learning models to forecast
Wait times based on Azure Functions data. Phase 2 experiments were performed using
this forecasted values as an input to custom controller function for getting the docker
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warm. In the background a process consumes the machine learning predictions and heats
function containers accordingly. Following are the steps involved in replicating the same
one AWS.

Figure 12: AWS EC2 Instance Created.

Figure 13: Cloud 9 Env Created.

3.4.3 Phase 3 : Running the JMeter Test

Step 1: Verify git is installed on the VM (which it should be) with the command git
–version. Type sudo apt install git if it’s not already installed.

Step 2: Now clone the projects codebase from the Github repository with the following
command sudo git clone.

Step 3: Use the following commands to move the downloaded Jmeter files and ex-
ecutables to an appropriate location on the server

sudo unzip /apache-jmeter-5.6.3.zip
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sudo mv /apache-jmeter-5.6.3 /jmeter
echo ’export PATH=”$PATH: /jmeter/bin”’ ¿¿ /.bashrc
source /.bashrc
Step 4: Verify Jmeter install on EC2 can be executed sudo /jmeter/bin/jmeter.sh

–version

Figure 14: Jmeter Installation

3.4.4 Phase 4 : Running the Experiments

Make sure you’re in the root directory cd /home/ubuntu/
Experiment 1:
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Run the Jmeter test plan against the custom modules for “experiment 1 results.csv”
generated by the LSTM model:

./run experiment 1 with controller.sh
Experiment 2:
Run the Jmeter test plan against the custom modules for “experiment 2 results.csv”

generated by the BiLSTM model:
./run experiment 2 with controller.sh
Experiment 3:
Run the Jmeter test plan against the custom modules for “experiment 3 results.csv”

generated by the Multiheaded BiLSTM model:
./run experiment 3 with controller.sh

Figure 15: Experiment 1 Execution

3.4.5 Phase 5 : Evaluating the Results

Experiments will generate have an additional results CSV file that contains cold start
information. These files were written directly to:
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Figure 16: Experiments Results

These files will evaluated based on their cold / warm start values for the respective
serverless custom function.

3.5 Data visualization

Using csv files generated by the jmeter I have visualized cold and warm starts percentage
predicted by the deep learning models I have used google colab for data visualization.

Figure 17: Multi-head BiLSTM Prediction
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