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Abstract—Forecasting future demand is essential to making
supply chain decisions. Time series forecasting methods use
historical demand to produce a forecast. The purpose of this
paper is to apply a deep learning model called Long Short-Term
Memory (LSTM) using historical sales data from a Thailand
retailer for forecasting sales in retail supply chain. The data
used in the analysis includes 46 months of actual daily sales of
selected consumer goods. Based on this data, LSTM models have
been trained and evaluated by using different look-back window
sizes and different amounts of time to forecast the future sales.
The result of the research is the appropriate deep learning
models and parameters for demand forecasting that concludes
from the analysis and evaluation of sales forecasting in the retail
supply chain based on LSTM models. For each model, the
relationships between the performance and the parameters, the
look-back window sizes and the number of predicted time points
into the future, are presented. Accurate demand forecasting in
consumer goods could increase the competitive power of a
retailer and improve its performance. The forecasting model
can be used by businesses to optimize their inventory level,
increase their bargaining power for purchasing, and ensure
product availability. A novelty is the use of the LSTM model
trained on real transaction data from a retail company that has
based its business on the supply chain with suppliers and
recipients in Thailand.
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I. INTRODUCTION

A. Retail business and management

Retail business is one of the most dynamically developing
market segments [1] and globally speaking, the most

prominent [2]. It involves selling consumer goods and services
to customers for their daily use as a role at the end of the
supply chain [3]. However, retail businesses have had high

competition [4] and numerous challenges [3]. The significant

problems of the retail trade are related to supply chain
inefficiencies, that can be found in both directions: upstream
and downstream. For instance, high out-of-stock conditions,
long lead times, inefficiencies affecting the accuracy of
demand forecasts, and low on-shelf availability result in losses

of revenue even if the products are available on site.
Meanwhile, overstocking affects non-sustainable actions,
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perishable products, the blockage of storage space, and needle
handling, including planning efforts [5].

Thailand, retailing emerged almost 70 years with a rapid
expansion of supermarkets, hypermarkets, and convenience
stores in the last two decades [6]. However, department stores
significantly impacted Thai retailing and are said to be
considering spinning off the supermarkets to become free-
standing operations [7]. Indeed, supermarkets were
appreciated as a one-stop shopping place and much preferred
by many Thai consumers on factors ranging from the
atmosphere (air conditioning), car parking availability,
hygiene, and price [6]. It is found that socioeconomic and
geographic diffusion is already advanced, with most Thai
people having access to and utilizing modern retail, while
modern retail controls half of the food sales [6]. The success
of the retail business in Thailnd is to offering low-price deals,
and improved purchasing convenience by using advanced IT

[8]-

Accordingly, retail management is crucial since it provides
guidance for the future usage of services and infrastructure
components [9] given that retail management involves all the
steps that are required to fulfill the needs of the customers [3]
and to enhance the shopping experience by providing good
product availability [10]. Retail management also involves

deploying accounting and management information systems
to control activities, warehouse activities, and distribution, as
well as to develop new products, including marketing
activities [3]. Finally, proper retail management can save time,
ensure customer satisfaction, and maintain business goals
[10].
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B. The time series method of demand forecasting in Retail

SCM
Making a supply chain decision to forecast future demand
is necessary [11]. However, demand forecasting truly depends

upon the quality of the data sets [5]. There are various factors,

which are related to demand forecasting for the customers in
retail business, such as seasonality [12], [13], new trends,
crisis, the commercial behavior of their competitors in the
marketplace [12], marketing factors [14], weather [15], etc.
Consequently, better demand forecasting for the retail
industry could optimize stocks, minimize costs, reduce
inventory problems, and could, as a result, increase revenues

and profits for retailers [12].

Recently, Predictive Analytics (PA) in Supply Chain
Management (SCM) has received attention from both
academicians and researchers and has been recognized as a

means to predict demand forecasting in the era of Industry 4.0
[5]. Unfortunately, for different settings and types of data,

suitable forecasting methods still remain unclear [16]. Despite
this, time series analyses are the most common method that
can be used for demand forecasting [5]. Moreover, time series

analyses are critical elements in the automation and
optimization of business processes and provide an intuitive
overview that can assist in solving large-scale forecasting
problems and in enabling data-driven decision-making

processes [9].

Forecasting time series data is vital in many aspects of
business [17]. It can be utilized to investigate both short-term

(6-12 months) and long-term levels (over 1 year) [5]. Indeed,

the time series method has gained acceptance in various fields.
For instance, in retail businesses, data mining has been used,
and database researchers have used the time series method to
forecast the consumption of individual households and the
demand for all products that the large retailers offer to their

customers [9]. Various techniques have forecasted the

subsequent lag time series data [17]. Long Short-Term
Memory (LSTM) is one of the practical techniques that is used
in time-series prediction [17]; [18]. In 2017, their usage grew
in many disciplines, such as economics, finance, business, and
computer science [17].

LSTM has been assimilated into the Recurrent Neural
Network (RNN), which has the capability of remembering the
values from earlier stages and employing them for future use

[17]. It can remember information far back in the time series

like a gated cell, which can be used to store information and is
similar to computer memory [18] and consists of a forget gate

(hidden layer), an input gate, and an output gate [19].
However, it is necessary to determine what a neural network
looks like before delving into LSTM [17]. Finally, formulating

sales predictions as time-series forecasting is vital for any
business. When retailers employ analytics, the data becomes a
factor that can be employed to create and/or to increase the

added value of their businesses [20].

Consequently, this study approaches sales prediction via
the LSTM model, which is expected to handle the non-
linearity of sales forecasting with a higher prediction accuracy

[18]. The investigation compares the performance of LSTM

models with different window of information. The data are the
weekly values of the regional wholesale revenue over 4 years
for 10 consumer goods placed in household retails.

II. LONG SHORT-TERM MEMORY (LSTM)

Time Series Forecasting (TSF) is predicting the future
values of variables based on the previous and current values
of time series [21]. Describing the relationships between these
values, functions or models for time series are traditional
models, machine learning models, and deep learning models.
Using a window of historical data, deep learning model is
created to predict the data point in the future. The deep
learning algorithm and the size of the look-back window
affects the performance of the model. This study investigates
the performance of the Long Short-term Memory (LSTM),
which is based on the Recurrent Neural Network (RNN). The
RNNs use the neural networks to represent the relationship
between the past variables (inputs) and the future variable
(output). This neural network consists of hidden layers and
weights that are recurrently adjusted using the inputs to
minimize the errors between the calculated and the known
values. The RNNs can result in inaccuracy due to gradient
vanishing problem; that is, the RNN models are the result of
data from a small window of time or short-term memory. To
address this problem the LSTMs introduced four additional
layers: forget layer (1), input layer (2), output layer (3), and
addition layer (4) [11]. The four layers manipulate the
information used in creating the model and allow learning
over longer-term data. While the forget layer decides
information to be stored in the cell state, the input layer
decides which to be updated. The output layer generates the
potential output and then combines with the results from
previous layer in the addition layer. Then the next layer selects
the cell states (5) and the last layer computes the output (6).

fe = o(Wy - [he—y, x.] + by) (1)
i, = a(W; - [he_y, %] + b;) )
gr = tanh(W, - [h,_y,x,] + by) (3)
Co=fi XxCoq + iy X g (4)

Or = a(Wy - [he-1, %] + bo) (5)
h, = 0, X tanh(C,) (6)

The Stacked Deep LSTM Network [22] is used in this
study with architecture shown Fig. 1. The models are built by
stacking two 50-node LSTM layers between the input and
output.
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Fig. 1. Stacked Deep LSTM Network

III. 1. DATA AND EXPERIMENTS

A. Dataset

The dataset used in this study is the daily sales of 10 best-
seller consumer goods from one retailer in Thailand, which
includes data for the four-year time period from July 2018 to
May 2022. The 10 consumer goods are 180ml UHT milk,
refined sugar 1kg, 200ml UHT milk, canned Fish, rice whisky,
energy drink, herbal drink, canned coffee, refined sugar 50kg,
and cane sugar. The data was collected daily and the data set
has 1,364 rows and 3 columns. The first column is simply an
index and was ignored for the analysis. The second column
labeled as date and time. The “sale™ column is the target
variable. The data have been transformed from daily sale to

weekly sale for forecasting. The time series for all consumer
goods are plotted in Fig. 2. Four consumer goods have less
consistency at the end of the time series, i.e., 180ml UHT
milk, refined sugar 1kg, 200ml UHT milk, canned Fish, and
rice whisky. This indicates unusual demand.

B. Experiments

The experiments were performed with the LSTM stacked
model and different values of the look-back window
representing the portion of the recent past used as inputs.
Window sizes of 1, 2, 3, 4, 5, 6, 7 and 8 weeks were used in
the experiment. For the LSTM deep learning models, hyper
parameters were set as follows:

e Leaming rates = 0.001
* Batch sizes = 32
e  Optimizer = Adam

e Epochs =500

The LSTM model used in the experiment can be summarized
as follow:

Layer (type) Output Shape Param #
Tstn 210 (LSTM) | (None, 1, 50) 10400
lstm 211 (LSTM) (None, 50) 20200
dense_105 (Dense) (None, 1) 51

Total params: 30,651
Trainable params: 30,651
Non-trainable params: @

C. Measures of Evaluation

To compare the performance of the models, the Mean
Squared Error (MSE) was evaluated as the loss function. The
training and testing loss were computed as a function of the
epochs to detect possible overfitting. The Mean Absolute
Error (MAE) (7) and Root Mean Squared Error (RMSE) (8)
were computed.

1 N
MAE = -3 lyi =il (7)
RMSE = |=37 (y,—9,)? (8)
IV. RESULTS

TABLE 1 summarizes the results of our experiments. The
LSTM models perform the good performance with the low
Mean Average Errors (MAE) and Root Mean Square Errors
(RSME). Overall, the results indicate the good performance of
the LSTM models for demand forecasting with the largest best
RMSE as small as 0.508. Smaller windows are likely to lead
to more efficient methods. For most cases the smaller-size of
look-back window results in better performance. These cases
have more consistent time series throughout the entire period,
while other cases have significant variations during the end.
The best size for the look-back window to predict 1 or 2
weeks. These cases also have less dependency on the size of
the look-back window as the MAEs and RMSEs are similar.
On the other hand, the four consumer goods with unusual
demands seem to need longer look-back window and have
more dependency on the size of the window.

V. CONCLUSION

To make well-versed supply chain decisions, results from
forecasting future demand is crucial. The demand forecasting
using a deep learning algorithm is investigated in this study
with the four-year sales of 10 best-seller consumer goods from
one retailer in Thailand. The time-series forecasting is
performed using the Stacked Deep LSTM Network with
various look-back window sizes. The Mean Squared Errors
(MSE) and the Root Mean Squared Errors (RMSE) are
evaluated to measure the performance of the LSTM models.
This investigation has found that the LSTM method is suitable
for demand forecasting and the suitable look-back window is
1 or 2 weeks for most cases. Future study can investigate other
architectures of the LSTM model or other deep-learning
algorithms such as Gated Recurrent Unit (GRU) and
Transformer model. Further exploration can be done on data
with different pattern from the best seller goods.
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Fig. 2. The time series for 10 consumer goods
TABLE L MAE AND RMSE OF DEMAND FORECASTING IN 10 CONSUMER GOODS
0783854 10208202 102370102 102700102 105170201 1071601 107160101 110060038 2020202 738070
Look-
back “':-' _lm" “""’I" Sugar T Milk Canned Fish | Rice Whisky | EnergyDrink | Herbal Drink | Canned Coffee | “onncd SUEF | cone Sugar
W kg 200ml S0kg
MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE | MAE | RMSE
1 week 0.226 0.321 | 0.105 | 0.163 0.201 0.252 | 0.561 1.052 | 0.217 0.583 | 0.202 0.292 | 0.094 0.112 | 0.114 0.140 | 0.105 0.167 | 0.118 0.151
2weeks | 0.204 0320 | 0.099 | 0.148 0.309 0.402 | 0.303 0.523 | 0.202 0.534 | 0.258 0.374 | 0.113 0.154 | 0.118 0.148 | 0.136 0.215 | 0.132 0.165
Iweeks | 0.208 0320 | 0.133 | 0.205 0.248 0310 | 0324 0565 | 0.193 0417 | 0221 0.301 | 0.095 0.130 | 0.171 0213 | 0.117 0.188 | 0.203 0.253
4weeks | 0272 0.379 | 0.150 | 0.301 0262 | 0337 | 0328 [ 0559 | 0.212 0414 | 0.255 0346 | 0.113 | 0.154 | 0.163 | 0201 | 0.136 | 0217 | 0172 | 0210
Sweeks | 0.266 0.376 | 0.151 | 0.344 0.258 0.342 | 0.337 0.578 | 0.192 0.404 | 0.243 0339 | 0.112 0.148 | 0.194 0.252 | 0.149 0215 | 0.192 0.214
6weeks | 0.252 0304 | 0.131 | 0.186 0315 0415 | 0403 0.680 | 0.226 0.421 | 0.231 0310 | 0.106 0.142 | 0.179 0.242 | 0.155 0.226 | 0.146 0.176
Tweeks | 0.249 0.343 | 0.128 | 0.181 0.199 0.262 | 0.357 0.560 | 0.366 0.821 | 0.235 0.344 | 0.097 0.136 | 0.199 0.236 | 0.128 0211 | 0.135 0.177
8weeks | 0250 0349 | 0.149 | 0242 0.245 0331 | 0306 0.508 | 0.347 0.717 | 0272 0348 | 0.118 0.149 | 0.153 0.202 | 0.129 0211 | 0172 0.206
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