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1 Introduction

The configuration file covers the critical dependencies needed for the project ”Cloud-
Optimized Fusion of Time Series and Machine Learning Models for Enhanced Real-Time
Forecasting.” The file comprises of a carefully curated set of critical Python modules
that enable different features that are critical to the project’s success. These libraries
encompass a range of tasks, including web application development, data manipulation,
numerical computation, visualization, statistical modeling, machine learning, and spe-
cialized time series forecasting. With the help of this configuration file, developers can
easily set up their environment and gain access to the resources required to create a
dynamic and robust forecasting system that uses both time series and machine learning
approaches.

2 Software Tools and Libraries Required

The following software tools are required for successful implementation of the project:

1. Visual Studio Code - Visual Studio Code - offers a solid programming en-
vironment for smooth Python integration, making it a great choice for Python-based
implementation.

2. Postman - provides essential API testing capabilities for validating the Flask API

3. Python - used for data analysis, model creation, and several other tasks in the
project.

4. Flask - It is a Python web framework that enables for the rapid development of
web-based applications. It offers tools and libraries for developing web APIs, managing
routes, templates, and managing server-side functionality. Flask is used in this project
to develop a web service that can publish requests, allowing forecasting models to be
integrated with cloud infrastructure.

5. pm2 - PM2 is a Node.js application process manager. It is used to manage and
deploy applications, assuring that they function in the background reliably. In this pro-
ject, PM2 is used to launch and maintain the Flask application.

6. pandas - Pandas is a strong Python data manipulation toolkit. It includes data
structures and tools for manipulating, analyzing, and visualizing data. Pandas aids us in



working with structured data in this project, such as time series and datasets, by making
it easier to preprocess and manipulate the data before feeding it to the forecasting models.

7. numpy - NumPy is the primary Python library for scientific computing. It allows
us to do efficient numerical operations by supporting arrays, matrices, and mathematical
functions. NumPy is used in this project to conduct numerical computations that are
required for data pre processing and other computations needed by the forecasting models.

8. matplotlib - Matplotlib is a Python library that may be used to produce static,
interactive, and animated visualizations in applications. It is used in this project to create
graphical representations of time series data, forecast outcomes, and model evaluations,
which aid in the comprehension of the findings.

9. statsmodels - Statsmodels is a statistical model building and hypothesis testing
package. It includes a number of tools for estimating and analyzing statistical models,
including time series models. Here, it is used to create and analyze time series models like
ARIMA, which are critical for projecting future values based on historical data patterns.

10. scikit-learn - It offers simple and effective data mining and data analysis capab-
ilities. Scikit-learn is used in this project to train, evaluate, and deploy machine learning
models that complement the time series models, resulting in improved forecasting accur-
acy.

11. sktime - It is a Python-based time series forecasting package providing a com-
prehensive range of time series analysis and forecasting tools and algorithms. Sktime
includes specific forecasting techniques such as AutoARIMA and STLForecaster in this
project, allowing us to use complex time series forecasting methodologies.

3 Software Installation

pip install Flask
pip install pandas
pip install numpy
pip install matplotlib
pip install statsmodels

pip install scikit-learn

pip install sktime

npm install pm2 -g

pm2 start "python3 flask code.py™ --name "timeseries”

Figure 1: Library Installation

1. Installation of the required libraries are done with the following commands:[Fig.

pip install Flask - This command installs the Flask library, which is used to build
the API.



pip install pandas - installs the pandas data manipulation and analysis library.
pip install numpy - installs the numpy numerical calculation library.

pip install matplotlib -installs the Matplotlib library for data plotting and visual-
ization of data

pip install statsmodels - installs the Statsmodels library for estimating and under-
standing statistical models.

pip install scikit-learn - installs the scikit library, which can be used for classifica-
tion, regression, clustering, dimensionality reduction, model selection, and other tasks.

pip install sktime - This command installs the sktime library, which is used for time
series forecasting, classification, and regression.

npm install pm2 -g - Installs PM2 for Node.js application management and deploy-
ment.

pm?2 start ”python3 flask_code.py” —mame ”timeseries” - starts the Flask ap-
plication with PM2.

2. Then installed libraries are then imported as shown in Fig[3

Flask, request, jsonify

t numpy
t pandas

t statistics

statsmodels.tsa. t adfuller
statsmodels.tsa.arima_model i
statsmodels.tsa.arima_model i ARIMA
statsmodels.tsa.holtwinters i mpleExpSmoothing
statsmodels.tsa.holtwinters i Exponentialsmoothing

.1linear_model imp
rn.linear_model imp

rn.linear model imp

rn.linear_model imp

rn.linear model import HuberRegressor
rn.linear model import Lassolars

rn.model_sele G
rn.preproce rt MinMaxScaler
sklearn.preprocess i StandardScaler

Figure 2: Library Import



from sklearn.tree i ExtraTreeRegressor
1 sklearn.svm import SVR
1 sklearn.model n import Gridsearchcv, RandomizedSearchcv
n sklearn.prepro i i MaxScaler
1 sklearn.prepros ing i t StandardScaler
rt AdaBoostRegressor
rt BaggingRegressor

1 sklearn.ensemble i

1 sklearn.ensemble

1 sklearn.ensemble il

1 sktime.forecasting. AutoARIMA

1 scipy.stats import randint sp_randint

1 sktime.forecasting.trend STLForecaster

logging
warnings
gs.filterwarnings(

Figure 3: Library Import

4 Implementation

e Data is processed and transformed based on different flags that indicate the type of
processing required. [Fig.

, infer_datetime format= )
riod(M')
for i in data]]

stype(str), ‘va
inplace=
result = result.to_dict()
result = result[’

elif flag

dates.columns = ['time’, ‘sales’
datetime(
nfer_datetime_format= )

n’)

stype(str), ‘val facc': data})
inplace=

result = result.to_dict()

result = result[’ !

, infer_datetime_ format= )

ate_range(last_date, periods=int

)

date_range.pop(@)
data = [float(format(i. ' 2f')) for i in datal

Figure 4: Data Pre Processing

e Calculating forecast accuracy for specific SKUs in the time series data set.[Fig.

e Outlier treatment is performed on the dataset using a sliding window approach with
a specified interval and partition size. [Fig. @

e Supervised dataset is created after data pre processing making it suitable for re-
gression tasks.[Fig. [7]

e Making predictions using various machine learning models for time series forecast-
ing.[Fig.

e Model selection and hyperparameter optimization for the time series forecasting. [Fig@ﬂ

e Selecting the appropriate modeling technique based on the input algorithm and
order, and producing forecasted values.|[Fig.

e Defines an endpoint that accepts data uploads, processes the data to generate fore-
casts for different keys, and returns the forecasted results in JSON format.[Fig. [11]]
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recast_accuracy(expected, forecast):
snan (expected):

at (format(facc, '.3f')), float(format(mape, '.3f')), float(format(bias, '.3

Figure 5: Forecast accuracy

outlier_treatment_tech(dataset, interval, pt):

start = @
end - pt
sku_data = [0]*len(dataset)
wh nd < len(dataset):
| data[start:end] = outlier treatment(dataset[start:end])
start = end
end += pt
if start < len(dataset):
sku_data[start:len(dataset)] = outlier treatment(
dataset[start:end]))

sku_data = pd.DataFrame(sku_data)
return sku_data

acf_plot(dataset, freq):
res = acf(dataset)

*1len(res)
.sgrt(len(dataset))

pshort ]
pshortind = [0]*len(pshort)

pshortind[i] = np.where(abs(res) = pshort[i])[0][e]
ind = np.uhere(acfval > ub)[e]

finalacf = acfval[ind]

plist = [0]*len(finalacf)

Figure 6: Outlier Treatment

5 AWS Deployment

The models are then deployed in AWS Cloud.[Fig[12][13]

6 Postman Installation and File Import

1. Download the appropriate version of Postman depending on the operating system
(Windows, macOS, or Linux).

2. Launch Postman once the installation is complete.
3. Click on "Import” button in the upper left corner.[Fig.

4. In the URL field, enter the URIl: https://api.postman.com/collections/
12533933-85644ef0-acla-4fb8-9986-e8256dcb59d4b7access_key=PMAT-01H7H57YCOCRUWFE1FTAOT:


https://api.postman.com/collections/12533933-85644ef0-ac1a-4fb8-9986-e8256dc59d4b?access_key=PMAT-01H7H57YC0CRQWFE1FTA9T17MT
https://api.postman.com/collections/12533933-85644ef0-ac1a-4fb8-9986-e8256dc59d4b?access_key=PMAT-01H7H57YC0CRQWFE1FTA9T17MT

timeseries_t
dataset

y.append(dataset)
dataset = pd.concat(y, axis=1)

app:
cols.append(
dataset.columns = cols

dataset.dropna(axis=0, inplace=

return dataset

scaler_selection(key):
key == "knn":

Figure 9: Model Selection

5. Click on the ”Body” tab below the URL field.

6. Choose the "form-data” option and give the dataset, forecast type and forecast

period[15]



model_predict(best_algo, best_order, data, forecast_period, rept:

predictions = []
HL_mo

= model_LinearRegression(
lues, forecast_period, best_order)
1if best_algo == 'SVR_Sigmoid':
dictions = model SVR_Sigmoid(
data.values, forecast_period, best_order
elif best_algo X
15 = model_SVR_REF(
v ecast_period, best_

shape_add = test_shape_adder
t_shape_fin ast_period+t
predictions, rm model_ML(datase orecast_period,
test_shape=test_shape_fin, model=ML_models[best_algo], order-
est_shape_add > ¢
st = test_shape fin-1
ape_add-1

ast_period, order-ARIMA models[best algo], train flag=e)

est_algo in [
edictions,
_algo, train ecast_period, tr

data = df[df
t=1i
0]
pop(
values
ves - []
fum in d:
Tsvalu
patarore

, forecast_ty)

Figure 11: Flask Application

EC2 > Instances > i-0Sfe4asecasT3e65c

Instance summary for i-05f64a6cca673e65¢ (21223785) into

Connect || Instancestate v || Actions ¥,

nstance 1D Public 1Pea adres: Private Py acdresses

(3 - 05fesasccasTIeESE (21225785

6 address

Hostname type
1P name: p-1

633419321 (21223785P) | open a

Instance state
©Running
Private 1P ONS name (IPud only)
ip17 eu-west-1.compute internal

Answer private resource DN name.
1Pua (3)

Auto-assigned I ad

Instance type
tBlarge

veciD
VpC-0c73578763693¢094 14

@ 1723140

Public IPva DNS
02.63-34-195-21.eu-west.1.compute.amazonaws com
n address 4

astic P adresses
8 633419321 (2122

ptimizer finding

User: armaws:sts: 250738637992 assumed-role/AWSReserve

tEnrollmentStatus on resorce: * because no identity-based

policy allows the compute-optimizer-GetEnrollmentStatus a
ction

Figure 12: EC2 Instance

7. Click on ”Send” to view the forecasted resultd16l



Figure 13: Application Status

X
0, te cCURL reque: port D
Dr heretoi t
[ o
O & v arn m importing dat
Figure 14: Import End Point URL
=D

ssa = -

Figure 15: Input Parameters



output['1

forecast_result = add_foreca
sku, dataset, sku_data, output)
forecast_results.append(forecas

eturn forecast_results
add_forecasted_results(sku,

sku_data = dict()
sku_data[ *sku'] = sku

in output:
sku_data[key] = output[key]

return sku_data

calculate forecast_accuracy(e
h. isnan(exp

Figure 16: Forecasted Values
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