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1. Introduction  

Strict competition among businesses in any area has made it difficult for them to accurately forecast the 

customers’ demands using traditional demand forecasting approaches [1]. Therefore, companies are 

moving toward using advanced deep learning techniques to forecast their customer demand. In general, 

customer demand is represented as a sequential data which is considered as sequences of customer 

demands over time. Therefore, the demand forecasting task can be articulated as a time series 

forecasting problem [2]. Time series prediction has been applied in various areas of applications such 

as electricity load forecasting [3], tourism demand forecasting [4], passenger demand prediction [5], 

ATM cash demand forecasting [6], forecasting of petroleum production [7], and etc. 

Artificial Neural Networks (ANNs) have several valuable characteristics such as universal 

approximation, being data-driven, and the capability to better model nonlinear patterns in data [8]. A 

distinct category of ANNs is Recurrent Neural Networks (RNNs) that differ from feed forward neural 

networks. Contrasting to ANNs, in RNNs, the connections between nodes create a cycle that allows 

signals to move in different directions [9]. RNNs are better suited for modeling sequence data as they 

provide a short-term memory by storing the activations from each time step [9]. The major drawback 

of the RNN model is the vanishing and exploding gradient problem which makes it hard to train [9]. 
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A B S T R A C T P A P E R    I N F O 

Demand forecasting is a vital task for firms to manage the optimum quantity of raw 

material and products. The demand forecasting task can be formulated as a time 

series forecasting problem by measuring historical demand data at equal intervals. 

Demand time series usually exhibit a seasonal pattern. The principle idea of this 

study is to propose a method that predicts the demand for every different season 

using a specialized forecaster. In this study, we test our proposal using the Long 

Short-Term Memory (LSTM) which is a deep learning technique for time series 

forecasting. Specifically, the proposed method instead of learning an LSTM model 

using the whole demand data builds a specialized LSTM model corresponding to 

each season. The proposed method is evaluated using different topologies of the 

LSTM model. The results of experiments indicated that the proposed method 

outperforms the regular method considering the performance measures. The 

proposed method can be used in other domains for demand forecasting. 
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The solution to tackle this weakness is using gated architectures, like Long Short-Term Memory 

(LSTM) [10] which can exploit longer-range timing information [11].  

In this study, we aim to forecast the demand for a strategic product of a furniture manufacturer company. 

The investigation of the demand series used in this study indicated that it contains seasonality patterns. 

For example, the demand pattern for the first 6-month period of each year differs from the demand 

pattern of the second 6-month period of the year. Therefore, we propose a method that builds a 

specialized LSTM model corresponding to each 6-month period. For each period, an LSTM model is 

trained using training instances whose target values belong to that period. In this study, different 

topologies of the LSTM network were investigated to assess the proposed approach. 

The rest of this study is organized as follows. Section 2 gives a literature review on time series 

forecasting and demand prediction using LSTM also, this section describes the structure of the LSTM 

network. In Section 3, we describe the proposed method. Section 4 presents the experimental results 

and compares the utilized models. In Section 5, we conclude the paper and suggest future works. 

2. Literature Review 

In this study, we formulate demand forecasting as a time series forecasting problem. Therefore, we 

provide the related literature in this context. Generally, time series forecasting techniques are classified 

into three categories including statistical [5], AI-based methods such as ANNs and hybrid techniques 

[12].  

From statistical techniques, the Auto-Regressive Integrated Moving Average (ARIMA) is a widely-

used method [12-14]. Statistical methods can model linear patterns existed in time series, but time series 

contain nonlinear patterns that can suitably be captured using nonlinear models such as ANNs [8]. The 

popularity of ANNs is attributed to their non-parametric and data-driven nature. The feed forward 

Multi-Layer Perceptron (MLPs) are the originally-used ANN architectures that have been applied in 

time series forecasting. However, MLPs are memory-free models and do not consider the temporal 

dependencies among data [15]. To reflect dependencies among data, new ANN architectures called 

RNNs have been developed [9]. Although RNNs are suitable for time series forecasting, they suffer 

from the vanishing and exploding gradient problem which makes them hard to train [9, 16]. To 

overcome this problem an extended variant of RNNs called LSTM [11, 17] has been introduced that 

has gained popularity due to its great performance in time series forecasting. Also, various hybrid 

models have been proposed in the literature to improve forecasting accuracy [12]. In this study, we 

select LSTM to evaluate the proposed method, so in the following subsection, we present some 

researches that utilized LSTM for demand forecasting. 

2.1. Demand Prediction by LSTM 

Prior researches (e.g. [6, 18, 19]) has exhibited the great potential of LSTM network for time series 

forecasting. The popularity of LSTM is due to its capability in taking into account the long-term 

dependency among data [11, 17]. As mentioned earlier, demand prediction is considered as a special 

type of time series forecasting task. In Table 1, we provide some recent studies that utilized LSTM for 

demand forecasting. For each study, the contribution, domain of study, and the utilized dataset are 

illustrated in Table 1. 
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Table 1. Some of recent studies in the context of demand prediction by LSTM. 

Study Contribution Domain- Dataset 

[20] 

Proposing a novel deep learning approach based on the fusion 

of LSTM and convolutional neural networks to forecast short-

term passenger demand. 

On-demand ride services- dataset 

from DiDi Chuxing.  

[21] Devising an LSTM-based model for airline demand forecasting.  

Airline industry- The dataset contains 

the information of route from Dalian 

to Jinan. 

[22] 

Proposing a hybrid approach based on Empirical Mode 

Decomposition (EMD) and LSTM to predict electricity demand. 

Firstly, the load time series is decomposed using EMD, and 

then each of extracted subseries is predicted using LSTM and 

finally the predictions are aggregated to obtain the predicted 

demand. 

Electricity industry -Electricity 

demand of the UT Chandigarh 

collected in 15 min interval. 

[23] 

Employing LSTM for prediction of electricity demand data. 

Genetic algorithm is used to optimize the hyper parameters. 

The proposed method outperformed the benchmarking models. 

Electricity industry- 

Electricity consumption data collected 

in 30 minutes interval. 

[24] 
Proposing a deep learning-based framework using LSTM for 

electricity demand forecasting. 

Electricity industry- 

Electricity demand of the UT 

Chandigarh collected in 15 min 

interval. 

[4] 
Proposing a deep learning architecture based on LSTM and 

attention mechanism to forecast monthly tourist arrival. 

Tourism industry-tourist arrival data 

of Macau (a region in China). 

[25] 

Proposing a hybrid deep learning-based approach using LSTM 

networks and genetic algorithm for hours-ahead gas demand 

prediction. 

Natural gas industry- data is taken 

from OpenEI. 

[6] 

Proposing a framework that initially identifies similar groups 

of time series using clustering algorithms and then use LSTM to 

build forecasting models. 

Banking, ATM cash demand 

forecasting- 

CIF2016, NN5. 

[18] 

Proposing an optimized LSTM model for demand series 

prediction. The proposed method outperformed the state-of-the-

art methods in time series prediction. 

Furniture industry - 

demand series of a furniture company. 

[26] 

Developing an LSTM-based ensemble learning method for 

ultra-short-term power demand forecasting. LSTM is selected 

as the base learner of the utilized ensemble algorithm. 

Electricity industry- 

The dataset contains half-hourly 

electricity load data during 2013 in 

Australia.  

[27] 

Proposing a method based on bidirectional LSTM to predict 

tourism demand. The method incorporates a Bayesian 

Optimization model to choose the best hyper parameters of 

bidirectional LSTM. 

Tourism industry- dataset consists of 

the number of tourist arrivals from 5 

source countries to Singapore. 

[28] 
Proposing a hybrid method of LSTM and random forest to 

forecast the demand for products of a multi-channel retailer.  

Retailing industry-data is taken from a 

food retailer.  

[29] 

Adopting LSTM for power demand forecasting problem. The 

result of this study indicated that LSTM outperforms the linear 

regression. 

Electricity industry - hourly power 

consumption data of fifteen 

apartments in Korea. 

[30] 

Developing a hybrid method based on Seasonal ARIMA and 

LSTM to predict tourist arrival. The proposed hybrid method 

performs the best among the utilized methods in this study.  

Tourism industry- 

the dataset contains information of 

daily tourist arrival to Macau (a 

region in China). 
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As the literature review indicates, LSTM is the popular method in the recent years. Therefore, we use 

LSTM to evaluate the proposed approach for handling seasonality problem in the utilized demand 

series.  

2.2. LSTM 

The LSTM network is an extension of RNN that can memorize long-range time dependency information 

[31]. As mentioned before, the major weakness of RNNs is the problem of vanishing gradient. LSTM 

solves this problem by introducing memory cells and gating mechanisms [10]. Each memory cell  c t  

preserves the temporal states of the network and consists of three gates, including the input gate  i t , 

the forget gate  f t and the output gate  o t  that controls the flow of information. The architecture of 

LSTM is portrayed in Fig. 1. The operations of gates are as follows [32].  

 The input gate decides the information that is to be added to the cell state. 

 The forget gates determine the information that is to be discarded from the cell state. 

 The output gate determines the outgoing information of the cell state. 

Considering the following notations, the Eqs. (1)-(6) describe the modeling process of LSTM at every 

timestep t [32]. 

x ( t ) : The input vector at time step t . 

 h t : The output value at time point t .  

 c t  and  c t : Cell states and candidate values at time step t . 

 i f c o cb b ,b ,b ,b ,b  are biases of i , f ,c ,o ,c . 

 1 i f c c oW w ,w ,w ,w ,w  are weight matrixes. 

 2 hi hf hc ho hcW w ,w ,w ,w ,w are the recurrent weights. 

  and tanh  denote the recurrent activation functions, and   represents the element-wise multiplication. 

In the first step, the forget layer decides which information to be discarded from the previous cell states

c( t 1) . The forget layer utilizes the current input x ( t ) , the output of the memory cells at the previous 

steps h( t 1 )  and the bias of the forget gate (
fb ) to calculate the values f ( t ) by applying a sigmoid 

activation function ( ). Sigmoid function scales all the computed value into  0 ,1 . 

 

  f hf ff (t) (w x(t) w h(t 1) b ).     ( ) 
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In the second step, the LSTM layer determines which information will be stored in the cell stateC ( t ) . 

This step involves two parts: At the first step, new candidate values c( t ) are calculated using a 

hyperbolic tangent function (tanh) as the activation function. In the second step, the activation values 

i ( t ) of the input gates are computed as follows: 

 

 

 

 

In the third step, the new cell state value c( t ) is computed using new information. 

 

  

 

In the last step, the output of the memory cell at time step t  ( h( t ) ) is computed using the following 

equations: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. The structure of LSTM [32]. 

 

3. Our Proposal 

In this section, we describe the steps of the proposed method. Firstly, the data preprocessing steps 

consisting of the data normalization and instance creation are accomplished. In data normalization step, 

the given time series is normalized using the min-max normalization [33]. To train an LSTM network, 

the data must be transformed into a set of instances containing both the inputs and the outputs. In the 

instance creation step, using a lag L , subsequences of length L 1  are derived from the series. The first 

L  points of a sequence are considered as the input and the last point, L 1 is labeled as the target. The 

procedure of construction of instances from a time series with length n is depicted in Fig. 2. 

c hc cc(t) tanh(w x(t) w h(t 1) b )    , ( ) 

i hi ii(t) (w x(t) w h(t 1) b )     . ( ) 

c(t) f (t) c(t 1) i(t) c(t)     . ( ) 

o ho oo(t) (w x(t) w h(t 1) b )     , ( ) 

h(t) o(t) tanh(c(t))  . ( ) 
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Fig. 2. Creation of instances for LSTM network. 

 

3.1. Proposed Model  

Usually, when machine learning techniques are applied to forecast demand series, the data of the whole 

series are utilized for the creation of instances. However, a given demand series often contain different 

seasonal patterns, and thereby relying on whole data may lead to a forecasting model with poor 

accuracy. Most of the prior research in time series forecasting and especially in demand forecasting do 

not consider this issue. In this study, the principle idea is to propose a method that predicts the demand 

for every different season of demand series using a specialized LSTM. 

Investigation of the demand time series used in this study indicated that the pattern of the first 6-month 

period is not similar to the pattern of the second 6-month period. To improve the forecasting 

performance, our proposed method trains a specialized LSTM for forecasting each 6-month period of a 

year. As indicated in [34], including whole time series data for forecasting may decrease the accuracy 

of a forecasting technique. The LSTM model used to forecast a given 6-month period only consists of 

instances whose targets belong to that period. The procedure of the proposed approach is described 

below:  

Given a time series of length n , perform the following steps:  

 Select a lag L. 

 Create instances from the time series using L. 

 Select the instances whose target belonging to the first 6-month period and train the LSTM_a using the 

selected instances. 

 Select the instances whose target belonging to the second 6-month period and train the LSTM_b using 

the selected instances. 

 To forecast the demand for a month belonging to the first 6-month period use LSTM_a. 

 To forecast the demand for a month belonging to the second 6-month period use LSTM_b. 

To describe the proposed method, suppose that we have a monthly time series with a length of 18. Also, 

assume that the selected lag is 6 (L=6). Therefore, the first step is to create instances. The created 

instances are illustrated in Table 2. According to our proposal, the specialized LSTM for the first period 

(LSTM_a) will be trained using the instances (1)-(6) and the specialized LSTM for the second period 

(LSTM_b) will be learned using the instances (7)-(12). 
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Table 2. Instances for time series with a length of 18 and lag=6. 

Ins # Input Output 

1 1 2 3 4 5 6 }{ M ,M ,M ,M ,M ,M  
7M  

2 2 3 4 5 6 7M ,M ,M , }M ,M ,M{  
8M  

3 3 4 5 6 7 8 }{ M ,M ,M ,M ,M ,M  
9M  

4 4 5 6 7 8 9M ,M ,M , }M ,M ,M{  
10M  

5 5 6 7 8 9 10M ,M ,M ,M },M ,M{  
11M  

6 6 7 8 9 10 11 }M ,M ,M ,M ,M ,M{  
12M  

7 7 8 9 10 11 12 }{ M ,M ,M ,M ,M ,M  
13M  

8 8 9 10 11 12 13 }M ,M ,M ,M ,M ,M{  
14M  

9 9 10 11 12 13 14 }M ,M ,M ,M ,M ,M{  
15M  

10 10 11 12 13 14 15M ,M ,M , }M ,M ,M{  
16M  

11 11 12 13 14 15 16M ,M ,M , }M ,M ,M{  
17M  

12 12 13 14 15 16 17M ,M ,M , }M ,M ,M{  
18M  

 

4. Empirical Study 

To assess the proposed method, we carry out a case study using real demand data of a furniture 

company. 

4.1. Data Description 

This data is the monthly sale quantity for a specific product from 2007-2017 of a furniture company. In 

fact, the time series of sale quantity consists of 132 months (time steps) (as seen in Fig.3). The aim of 

the company is to predict the demand for its products accurately to effectively plan to procure raw 

materials. The prediction of future demand based on this data allows the company to improve its 

strategies for resource management. As the analyzed data is for a long period, the resulted demand 

prediction can be reliable. 
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Fig. 3. The demand time series and its trend plot. 

 

4.2. Data Preprocessing 

The original demand series consists of monthly demand data for 11 years (132 months). We selected 

three demand series, D1, D2, and D3 to conduct the experiments.  1 2 132D1 : M ,  M  M is the original 

demand series;  1 2 120D 2 : M ,  M  M and  1 2 108D3 :  M ,M  M are the demand data for 10 and 9 

years. For each demand series, the last h=12 points of the series are selected as the test set and the 

remaining data points are used for model training.  

Each series is normalized using the min-max normalization [33]. Also, to create instances from each 

series, we set the Lag=12. As mentioned before, we aim to measure the performance of the LSTM 

network when utilized with our proposal.  

4.3. Model Building and Evaluation 

To comprehensively evaluate the performance of our proposal, four different LSTM models have been 

employed. The topology of each model is portrayed in Table 3. These LSTM models are based on the 

two LSTM architecture illustrated in Figs. (4)-(5). It should be noted that the LSTM models are 

implemented using Keras [31] in Python. 
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Fig. 4. The single layer LSTM architecture (This architecture is used in LSTM_1 and LSTM_3). 

 

 

 

Fig. 5. The 2-layer LSTM architecture (This architecture is used in LSTM_2 and LSTM_4). 

LSTM networks are prone to overfitting, so to prevent them from overfitting and improving their 

generalization to new data, we use early stopping [31]. To exploit early stopping, we set the epoch limit 

to 500. Using early stopping, model training will be stopped considering stopping criteria. In this study, 
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for all the models, we use the Adam optimization algorithm [31]. Furthermore, we use the dropout 

mechanism to avoid overfitting. 

To evaluate the accuracy of the models, we use Symmetric Mean Absolute Percentage (SMAPE) and 

Root Mean Square Error (RMSE) measures. SMAPE is defined by Eq. (7) [18]. 

 

 

  

RMSE is denoted as Eq. (8). 

 

 

 

  

In both Eqs. (7)-(8), 
ty and 

tŷ are the actual and predicted values at t , respectively [18]. 

Table 3. The topology of the LSTM models. 

Model Topology 

LSTM_1 
LSTM layer with 32 units. 

Dropout. 

Output (dense layer with 1 neuron). 

LSTM_2 

LSTM layer with 32 units. 

Dropout. 

LSTM layer with 32 units. 

Dropout. 

Output (dense layer with 1 neuron). 

LSTM_3 
LSTM layer with 64 units. 

Dropout. 

Output (dense layer with 1 neuron). 

LSTM_4 

LSTM layer with 64 units. 

Dropout.  

LSTM layer with 64 units. 

Dropout.  

Output (dense layer with 1 neuron). 

The results of applying all models on D1, D2, and D3 are illustrated in Table 4 and Table 5. It should be 

noted that for each dataset, each model was run 10 times and the results were averaged. As indicated in 

Table 4, all LSTM models with our proposal outperform the regular models in terms of SMAPE that 

demonstrates the usefulness of using specialized learners for demand prediction. Also, the mean 

SMAPE values for all models differ slightly. This demonstrated the usefulness of using specialized 

learners for demand prediction. Also, the mean SMAPE values for all models differ slightly. LSTM_4 

achieves the lowest mean SMAPE value which reveals that deep LSTM models can better capture 

patterns existed in time series. Besides, as illustrated in Table 5, the mean RMSE for all models with 

our proposal is lower than the regular models. 

 

n
t t

t 1 t t

ŷ y1
SMAPE

ŷ yn

2







 . 

( ) 

 
n

2

t t

t 1

1
ˆRMSE y y
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Table 4. The performance of the LSTM models with our proposal and the regular LSTMs in terms of SMAPE. 

Regular means that the model is trained using the entire instances. 

 Method D1 D2 D3 Mean  

LSTM _1 
Regular   11.85 14.45 20.23 15.51 

Our proposal  11.29 13.22 16.81 13.77 

LSTM _2 
Regular  12.79 15.61 16.56 14.99 

Our proposal  11.79 13.40 16.76 13.98 

LSTM _3 
Regular  12.52 13.34 20.23 15.36 

Our proposal  11.23 13.20 17.39 13.94 

LSTM _4 
Regular  12.15 14.16 19.59 15.3 

Our proposal  11.87 13.74 14.95 13.52 

 

Table 5. The performance of the LSTM models with our proposal and the regular LSTMs in terms of RMSE. 

Regular means that the model is trained using the entire instances. 

 Method D1 D2 D3 Mean 

LSTM _1 Regular 2429.91 3182.99 4329.20 3314.03 

Our proposal 2205.59 3530.47 3301.38 3012.48 

LSTM _2 Regular 2671.65 3343.83 4146.58 3387.35 

Our proposal 2309.39 3544.80 3400.75 3084.98 

LSTM _3 Regular 2565.62 3102.76 4293.95 3320.77 

Our proposal 2276.77 3504.86 3388.68 3056.77 

LSTM _4 Regular 2757.78 3169.40 4268.33 3398.50 

Our proposal 2347.32 3743.16 3109.89 3066.79 

 

 

5. Conclusion 

Demand time series usually contain a seasonal pattern. Therefore, considering the entire demand data 

for building forecaster may result in a model with poor performance. Considering this issue, this study 

proposed a method that takes into the seasonality of data and trains a specialized learner for every season 

using instances whose output values are from that season. The proposed method validated using the 

LSTM model. Different LSTM topologies are selected for this purpose. The experimental study carried 

out using the demand data of a furniture company revealed that the LSTM models with our proposal 

achieved better performance than the regular methods. As future work, we aim to apply our proposal 

for time series forecasting in other domains such as forecasting customer behaviors in banking. 

Furthermore, we aim to tune the hyper parameters of LSTM using a Bayesian optimization method. 
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