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Abstract: Accurate demand forecasting plays a critical role in most furniture businesses’
operational, tactical, and strategic decisions, as the demand in the furniture business is considered
seasonal and becomes more complex in crises. In this work, a neural network model using the Long
Short-Term Memory (LSTM) method was developed to forecast the demand for specific product
groups. LSTM is a leading deep learning model for time series prediction, particularly seasonal,
multi-item, and non-linear situations. The developed model was used to predict the demand based
on old data before the Covid-19 pandemic and recent data of the first months of the pandemic as a
fast response to the crisis. In addition, a comparison study was conducted between the developed
model and the traditional planning inventory used by furniture businesses that provided us with
the data. The results showed that the Covid-19 pandemic significantly impacted demand
forecasting. Also, the fast response to Covid-19 pandemic has slightly increased the model
performance. Finally, the comparison study demonstrated that our model is robust and better than
the traditional demand forecasting method. Therefore, the developed model may help the business
improve inventory and production planning to create a more flexible supply chain.
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1. Introduction and Literature Review

Supply chains play a key role in today’s changing world. Understanding how global
manufacturers and suppliers manage disruptions will help businesses prepare better for any major
or minor shift in the demand of their goods or services[1]. A paramount feature of a robust supply
chain is an efficient and dynamic demand forecast method that allows supply chain managers to
mitigate the bullwhip effect or outrightly predict major disruptions that may occur. The important
capacities required for a resilient supply chain are resistance to respond to smaller variability in
demand and the ability to recover from a major disruption [2]. There have been several works
highlighting the seasonality of demand which results in predictable changes in demand of products.
For example, toy purchases are seasonal with demand rising around the Christmas holidays [3] and
the seasonal behavior of demand for non-durable goods such as food, and energy [4]. The disruption
caused by the advent of the Covid-19 pandemic, for example, has generated a rippling effect around
the world that has adversely affected most product supply chains. The damaging effect is being felt
globally in mostly difficult ways to model and assess. Several literatures have dealt with the subject
of demand forecasting by combining or comparing pertinent machine learning techniques.

At the onset of the Covid-19 pandemic, Goic et al. [5] developed a demand forecasting solution
to assist the health authorities in Chile towards a better and more efficient ICU capacity planning for
rapidly increasing cases of the Covid-19 infections. The prediction model was developed for 7 and 14
days ahead because more distant forecasts are associated with greater volatility and tendency to drift
away from current values. The forecast was done by combining two autoregressive models, three
artificial neural networks models, and an implantable device in the human body, which captures
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relevant epidemiological and clinical parameters and different phases and dynamics of the disease.
This ensemble approach had smaller errors than those of the individual models. During model
validation, it was confirmed by the relatively smaller mean absolute percentage error (MAPE)
calculated as 4% and 9% for the 7 and 14 days ahead, respectively. An extensive body of literature
has shown that a pooled forecasting method improves prediction accuracy and that a simple average
performs better than complex combination schemes [6]. However, for this case of ICU capacity
planning, a trimmed mean approach was used where the simple forecast mean was applied only after
discarding the two most extreme predictions [5].

Machine learning techniques have also been compared in forecasting sales of a product [7]. Here,
the simple moving average, exponential moving average, artificial neural network, K-nearest
neighbor, and a combined approach were investigated. Experimental results showed that the
combined approach performed better than the other individual techniques [7].

Artificial neural networks are advanced non-linear statistical data modelling techniques that are
commonly used to solve problems in forecasting. The most widely used type is the feed-forward
error back-propagation type neural nets. In these networks, the individual elements (“‘neurons”) are
organized into layers such that the output signals from the neurons of a given layer are passed to all
of the neurons of the next layer [8]. The design of neural networks involves making several decisions
regarding the size, type, and number of neural networks to be used [9]. A deep neural networks
approach has been applied in the demand forecasting of high-dimensional time series data by
exploiting global patterns and combining them with local calibration for better prediction [10].

In our work, a suitable demand forecasting procedure was developed for a furniture wholesale
distribution company in the United States using an artificial neural network model, specifically the
Long Short-Term Memory (LSTM), a type of recurrent neural network (RNN).

2. Problem Description

Our product group is the “Ready to Assemble” closets and drawer chests which are imported
and sold by a furniture wholesale distributor in New Jersey and these are made by particle boards to
be assembled by the customer at home; each design series comes in six colors (Black, White, Cherry,
Beech, Mahogany, and Espresso). As this group of products is flat-pack, it takes low storage space
compared to other groups of products such as semi or fully assembled living room or bedroom
furniture sets that require high storage space.

The company used to forecast its demand according to traditional methods by calculating
averages for selected months from the previous three years, considering the seasonality in the market.
The Covid-19 pandemic has affected home furniture sales because of the changes in consumer
behavior as millions of Americans were forced to stay at home and because of the disruption of the
supply chains globally. Consumer habits in the Household Goods industry altered because of
people’s necessity to rearrange their living spaces and create areas for working and studying from
home. As a result, home furnishing stores had a 79.1% rise in sales from April to May 2020, whereas
online sales saw an 89% surge in home products” e-commerce revenues (reference for these statistics).
The effect of the Covid-19 dilemma on buyer behavior and production trends has increased the
relevance of digitization and technology in the furniture industry [11,12].

In this study, we selected two designs: 1100 series, which is a drawer chest that comes in six
colors (1100: Black, 1101: White, 1102: Mahogany, 1103 Cherry, 1104: Beech, and 1105: Espresso); and
1310 Series which also comes in six colors (1310: Black, 1311: White, 1312: Mahogany, 1313 Cherry,
1314: Beech and 1315: Espresso). The company started selling this group of products (which group)
in 2013, and sales numbers achieved a good annual increase as part of the overall company growth.
We use the data starting from 2015 to ensure that the item sales are stable enough and that the product
is well-known in the market. Furthermore, we assume that the items are independent, which means
that any item/color sales rates are not correlated with another item/color.
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3. Methodology

In this research, the data used was time-series data. Unlike normal regression models, this data
can be hard to deal with because of the sequences and the trends. For such data, the Long Short-Term
Memory (LSTM) method is the most convenient as it predicts the next outcome depending on the
needed amount of information from the previous observations. LSTM is a type of recurrent neural
networks that uses the output as feedback to improve the next prediction. Neural Network developed
here is a type of deep learning that uses multi-deep layers to analyze the model. It is inspired by the
human brain. It consists of neurons with connection layers between them, and the model is provided
with the inputs and the outputs, so it trains itself to recognize the pattern between the data and
predicts the output on any new input [13]. The recurrent neural network is a dynamic model that
uses the output of each observation to develop better predictions [14].

The long-short term memory, see Figure 1, is a type of recurrent neural networks, and it is
suitable for the time-series data. The name refers to the model’s ability to keep only the important
information from the previous observations. Instead of neurons, the blocks in this model are called
memory blocks, and each block consists of three gates and the “state”. The forget gate determines the
amount of information to be used from the previous inputs. After each prediction, the input gate
determines how much to save in the “state”. The output gate determines the amount of information
to be used from the input and the state to predict the output. Thus, the system can recognize the
trends and sequences in the data by using only the information needed for each prediction [15].

Input Output

Figure 1. Long short-term memory model.

The data taken from the factory had some negative, zero, and missing values. To deal with it,
the data has been cleaned by removing all the zero and negative values and filling the missing values
by the mean value for each product. LSTM can be sensitive to the scale of the data, so normalization
has been carried out for the data. Then, data has been split into training and testing to evaluate the
model's performance. Unlike other data sets, the data sequence has been taken into consideration
while splitting the data because it is a time-series data set.

The data then were categorized into X and Y, where X is the input at t and Y is the output at t+1.
The inputs are shaped into sample, time steps, and features. The LSTM model has been applied to
the data and tested for its performance by root mean square error (RMSE) [15], see Figure 2.
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Figure 2. Methodology.
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4. Results and Discussion

In this work, we used the long short-term memory (LSTM) for demand forecasting of furniture
sales during the Covid-19 pandemic. The model’s training data were from Jan. 2015 to Feb. 2020,
while the test data were during pandemic from March 2020 to Sep. 2021.

In Figure 3, we presented only four out of 12 products due to limited space. From Figure 3. we
can see the plot of the predicted demand of our model. The charts present the actual dataset,
predicted data, and training data. From the dataset, we can see the high variation during pandemic
after month number 61 to month number 81. The heightened uncertainty and variation are due to
customers’ needs and behavior changes during the pandemic.
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Figure 3. LSTM model result of four products from both series.

Also, from Figure 3, we can observe that some products data have a good fit of the LSTM model,
where the model has a good fit on both the training dataset and the predicted test dataset. For
example, product 1104, product 1310, and product 1311 seem to have a good fit. However, other
products’ data appears to have underfitting problems, such as product 1105. The underfitting cannot
predict either model, the training data, or generalize to new data. These problems occur because the
model cannot capture the relationship between the output and the actual values. A further systematic
study is needed to diagnose the fitting issues.

Besides the previous model evaluation by visualization of the predicted demand, we analyzed
Root Mean Square Error (RMSE) in Figure 4. RMSE tells us how robust the data is around the line of
best fit. Figure 4 shows that the RMSE of training data is lower than that of test data. This difference
between RMSE values of training data and test data is due to fitting issues and the complexity of
data. The complexity of data comes from seasonal behavior, and it is worsened by high variation
during the Covid-19 pandemic. In addition, RMSE values have high variations within products.

The Hyperparameter optimization method was used to minimize the RMSE value for each
product. Hyperparameter tuning is the method of defining the right combination of hyperparameters
that helps boost model performance. Setting the proper sequence of hyperparameters is one way to
obtain the high performance of models. In our model, we optimized two parameters of LSTM, which
are the number of layers and neurons (1 to 20). Unfortunately, our tuning was performed manually,
which was time-consuming; therefore, further work is required to make it automated and include
other hyperparameter values.
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Figure 4. Model evaluation of training data and test data by using RMSE.

Another critical point is that we implemented fast response for the Covid-19 pandemic by using
the first five months of the pandemic as training data to predict the demands of the coming months
after that. The training data were from March 2020 to July 2020. The RMSE values slightly decreased
for a few products, as shown in Figure 5. Using a paired t-test with a significance level of 0.05 shows
no significant difference between using the old data and the fast response to pandemic using the first
five months data. However, further hyperparameters tuning and a more comprehensive training data
set may show significant results.
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Figure 5. Comparison of fast response and using old data for demand prediction during the
pandemic.

The furniture company that provided us with data used the traditional averaging method. They
averaged the demand of the previous three years and multiplied it by 1.5 in typical months, while in
the season of the tax return from February to April, they multiplied the average by 2. The calculated
RMSE of the averaging method shows a dramatic difference compared to our model. Using paired t-
tests with a significance level of 0.05 indicated a significant difference in the mean between our model
and the traditional averaging method (Table 1 and Figure 6). In addition, fast response by using the
averaging method has worsened the prediction and increased RMSE values.
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Figure 6. Comparison between the averaging model performance and LSTM in terms of RMSE.
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Table 1. Paired t-test for comparison of our model and averaging method.

RMSE of Averaging Method RMSE LSTM
Mean 44.03 28.75
Variance 621.77 314.02
Observations 12.00 12.00
Hypothesized Mean Difference 0.00
df 11.00
t Stat 3.54
P(T<=t) one-tail 0.00
t Critical one-tail 1.80
P(T<~=t) two-tail 0.00
t Critical two-tail 2.20

5. Conclusion and Future Work

From the previous sections, we can conclude that the Covid-19 Pandemic has caused a dramatic
demand uncertainty due to customers’ needs and behavior changes. Furthermore, long short-term
memory neural network has better performance than traditional demand forecasting techniques,
such as averaging. In addition, neural networks can model complex data. We think that
implementing a fast response to the pandemic is helpful, and it may help accommodate the variations
and better demand forecasting.

Future work includes extensive hyperparameters optimization, implementing more neural
network methods and comparing their performance, and investigations of fast response in more
details
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