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Abstract

The aim is to build a predictive model that analyse the sales of each product at a particular outlet and
predict their future sales for helping them to increase their profits and make their brand even better and
competitive as per the market trends by generating customer satisfaction as well. The resulting data
can then be used to prediction potential sales volumes for retailers such as Big Mart through machine
learning. The estimate of the system proposed should take account of price tag, outlet and outlet
location. The technique used for prediction of sales are Linear Regression Algorithm and Random
Forest algorithm, which is a supervised algorithm in the field of Machine Learning that offers an
efficient prevision of Big Mart sales based on gradient.
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. Introduction

Due to the rapid development of malls and online shopping, competition between different shopping
centres and large marts is growing more heated and violent on a daily basis. Each market seeks to offer
personalized and limited-time deals to attract many clients relying on period of time, so that each item's
volume of sales may be estimated for the organization's stock control, transportation and logistical
services. The current machine learning algorithm is very advanced and provides methods for predicting
or forecasting sales any kind of organization, extremely beneficial to overcome low — priced used for
prediction. Always better prediction is helpful, both in developing and improving marketing strategies
for the marketplace, which is also particularly helpful.

1. Related Work

A great deal of work having been gotten really intended to date the territory of deals foreseeing. A
concise audit of the important work in the field of big_mart deals is depicted in this part. Numerous
other Measurable methodologies, for example, with regression, (ARIMA) Auto-Regressive Integrated
Moving Average, (ARMA) Auto-Regressive Moving Average, have been utilized to develop a few
deals forecast standards. Be that as it may, deals anticipating is a refined issue and is influenced by
both outer and inside factors, and there are two significant detriments to the measurable technique as
set out in A. S. Weigend et A mixture occasional quantum relapse approach and (ARIMA) Auto-
Regressive Integrated Moving Average way to deal with every day food deals anticipating were
recommend by N. S. Arunraj and furthermore found that The individual model's exhibition was slightly
less than the crossover model's.

E. Hadavandi utilized the incorporation of “Genetic Fuzzy Systems (GFS)” and information gathering
to conjecture the deals of the printed circuit board. In their paper, K-means bunching delivered K
groups of all information records. At that point, all bunches were taken care of into autonomous with
a data set tuning and rule-based extraction ability. Perceived work in the field of deals gauging was
done by P.A. Castillo, In a publication market the executives environment, sales estimation of newly
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distributed books was carried out using computational tools. Additionally, "artificial neural
organisations™ are used for income estimation. Fluffy Neural Networks have been created with the
objective of improving prescient effectiveness, and the Radial “Base Function Neural Network
(RBFN)” is required to have an incredible potential for anticipating deals.

Dataset: Collected the dataset form the internet for the website called kaggle.com.in this work all
having test Dataset in Test Dataset and Training Dataset a 5500 dataset and in the train data having a
8500 data.

Dataset:

The dataset consists of 8523individual data. There are 12 columns in the dataset, which are described
below.

1.1temldentifier - Unique product ID

2.1temWeight - Weight of product

3.ItemFatContent - Whether the product is low fat or not

4.1temVisibility - The % of the total display area of all products in a store allocated to the particular
product

5.1temType - The category to which the product belongs

6.1temMRP - Maximum Retail Price (list price) of the Product

7.0utletldentifier - Unique store ID

8.OutletEstablishmentYear - The year in which the store was established

9.0utletSize - The size of the store in terms of ground area covered

10.OutletLocationType - The type of city in which the store is located

11.Outlet Type - Whether the outlet is just a grocery store or some sort of supermarket
12.1temOutletSales - Sales of the product in the particular store. This is the outcome variable to be
predicted.

Train data set:

Figl: Shows the sample of train data
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13 FOGS6 6.59 Law Fat Q10681147 Feuits and Vepetuldes 045 2000 Ties 2 Supermariut Tyoet
14 NCCSA ow F st 01731029235 Hesith and Hygiece 2404196 OUTONY 1985 Sevall Tier 1 Grocery Stone

15 rbu A8 Lowim 0092737611 Beoads 122309 OUTHA9 199% Medium Tier 1 Swpermarket Typel
16 DHLIS 1675 F 0021200864 Hord Drinks 32,0298 OUTDE3 1587 Hgh Tier 3 Supermacket Typel
17 Fom24 6.135 Regula 0.0794507 Baking Goo 151.6366 1955 Medium Tier 1 Supermarket Typel
18 FINS? 19.85 Low Fat 005413521 Seafood 158.7768 2002 Tier 2 Supermacket Tyoel
19 DACI2 17.85 Low Far 0037980053 Saft Drinks $02.2188 OUTIY 2000 Maedium Ther 3 Separmarket Type2
2 NOM&y tow 0.0)%184344 Houvehald 100.6912 OUTD 1985 Medium Tier 3 Spermariat Tyoe )
21 FOwAs 01968972037 Smack Foods 193,713 OUt 195% Fier 3 Grocery Store

22 FDA3l 0.105520132 Fruits and Yegetables 175,008 OUTDL3 1957 Hgh Thee 3 Supermarket Typel
&3 NCIEL 19.2 Low Fat 0.152619235 Ochevs 239.9196 OUTD3S 2004 Seall Ther 2 Supermarket Typel

Fig2: Shows the sample of test data

Il. Methodology

Fig3 shows the architecture Diagram of the proposed model where they focus on the different
algorithm application to the dataset. Where we are calculating the Accuracy, MAE, MSE, RMSE and
final concluding the best yield algorithm. Here are the following Algorithm are used.

BigMart Dataset 4 Apply
Preprocessing

Regression and Classification

els
Linear Random
Regression Farest
Classifier Classifier

= Predicted Result

Comparison with Performance
Computation

AN

Accuracy RMSE MAE MSE

Fig3: Shows the proposed Architecture Diagram
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A. Linear Regression:

* Create a shattered plot. A data pattern, either linear or nonlinear, and a variance (outliers). If
the marking isn't linear, think about a transformation. Outsiders can recommend only removing them
If there is a non-statistical rationale if this is the case.

» Use the residual plot (for the constant standard deviation assumption) and the normal
probability plot (for the normal probability assumption) to connect the data to the least squares line
and validate the model assumptions. If the presumptions seem to be unfounded, a transformation might
be required.

* If necessary, change the data to the-least-squares form a regression line using the converted
data.

» Write the least-square regression line equation when a "good-fit" classic is specified. If a
change has been finished, go back to step 1; if not, move on to phase 5. consist of R-squared errors,
estimation, and normal estimation.

B. Random Forest Regression:

* Random Forest is a classifier that contains a number of decision trees on various subsets of
the given dataset and takes the average to improve the predictive accuracy of that dataset.” Instead of
relying on one decision tree, the random forest takes the prediction from each tree and based on the
majority votes of predictions, and it predicts the final output.

V. Result And Discussion

Linear Regression
TABLE 1: Shows the linear regression result on the various parameter

Parameter value
MSE 1162.4412631603452
MAE 880.99990440845
R"2 0.5041875773270634

Random Forest regression
TABLE 2: Shows the Random Forest regression result onthe various parameter

Model MSE MAE R"2
Linear 1162.44 880.999 0.504
Regression

Random 0.547 782.253 1110.49
Forest

Regression
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TABLE 3: Comparison of MAE, MSE, RMSE with the model

Model MSE MAE RA2
Linear 1162.44 880.999 0.504
Regression
Random 0.547 782.253 1110.49
Forest
Regression

V. Conclusion

In this work, the effectiveness of various algorithms on the data on revenue and review of, best
performance-algorithm, here propose a software using regression approach for predicting the sales
based on past sales data, this method can improve the forecasting accuracy of linear regression. We
can therefore conclude that Linear Regression and Random Forest regression provide better
predictions than linear and polynomial regression approaches in terms of accuracy, MAE, and RMSE.
you can forecast sales and create sales plans to avoid unexpected cash flows and manage production,
staffing, and financing needs more effectively. In future work, ARIMA models showing time series
plots can also be considered.
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