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Abstract 

Many businesses are becoming increasingly interested in managing the supply chain to 

survive in today’s dynamic market. Of the many factors that influence supply network 

maintenance, demand forecasting forms the origin of all activities in the supply chain. It 

has, however, been irregular and inadequate at forecasting in a dynamic market. The 

intermittent and irregular characteristics of replacement demand for products and parts 

make forecasting demand particularly difficult. Moreover, as information concerning 

demand from a specific period is often required on site, a demand forecasting method 

unlike those available at present is needed.  

In this study, an Internet of Things environment is built and a technique proposed to 

forecast replacement demand in a specific period featuring intermittent and irregular 

demand characteristics. The study measured the lifespans of batteries, and compared the 

Weibull distribution, artificial neural networks (ANNs), and recurrent artificial neural 

networks. 

The ANN had a shorter application period and higher forecast rate than the demand 

forecasting method employing the Weibull distribution. Further, when this network was 

circulated, the forecast rate improved over the general ANN. 

 

Keywords: IoT, demand forecasting, artificial neural network, failure forecasting, 

intermittent demand 

 

1. Introduction 

Businesses in a dynamically changing market work to dynamically respond to 

customer demands [1]. As demand forecasting is a factor that directly influences effective 

supply chain management, it is the origin of all activities in the supply chain. However, 

many limitations hinder effective demand forecasting at present, as it fails to consider 

complicated business environments and assumes that non-linear business environments 

are linear [2]. 

Irregular and intermittent demand may occur in a dynamic market, but current demand 

forecasting methods tend to forecast with excessive demand. Although a variety of 

demand forecasting methods have been researched, such as the dual exponential 

smoothing method and forecasting through a Weibull distribution, they rely on 

distributions and cannot provide an accurate forecast for a specific period, as demand 

information specific to the period in question or point on site is needed in this case [3]. 
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This study proposes a method to forecast irregular and intermittent demand, which has 

been difficult to forecast thus far, using an artificial neural network (ANN) to accurately 

forecast replacement demand according to each time point. 

 

2. Theoretical Basis  
 
2.1. Demand Forecasting 

Demand forecasting can be considered the most important factor assisting businesses 

make decisions, as it predicts the near future and helps advance a company’s efficiency. A 

majority of companies today enforce supply chain management (SCM) to increase 

efficiency. Demand forecasting can be divided into qualitative, quantitative, and 

systematic methods according to the characteristics of demands and the information that 

can be secured. 

This study uses ANNs and a systematic method to accurately forecast irregular and 

intermittent demand. 

 

2.2. Characteristics of Intermittent Demand  

The characteristics of intermittent demand must first be examined before forecasting 

demand. Demand can be divided into regular and irregular demand based on regularity. 

Irregular demand can be further divided into intermittent and non-intermittent demand. 

Irregular and intermittent demands, the subject of this study, are difficult to accurately 

forecast using traditional demand forecasting methods. Intermittent demand features 

periods of zero demand interspersed with irregular demand. Therefore, it differs from the 

forecasting of irregular but non-intermittent demand, as both the point at which demand 

occurs and the demand scale need to be predicted. 

 

2.2.1. Studies on Forecasting Intermittent Demand 

Research has been conducted on forecasting a product’s replacement time and 

replacement volume to forecast intermittent demand. The Weibull distribution is the most 

widely used method to forecast replacement demand. 

The Weibull distribution indicates the failure rate through a general U-shaped 

distribution. An initially high failure rate occurs owing to a product’s initial defect rate at 

the start of production. Once sales are complete, the product’s lifespan is exhausted over 

time and the failure rate begins to increase. 

The exponential smoothing method forecasts demand by analyzing general time series 

data, but Croston predicted intermittent demand through the exponential smoothing of 

demand size and the interval of demand occurrence. Intermittent characteristics, in other 

words, are reflected in the general time series analysis method [4]. 

The ANN used in this study was also used to forecast intermittent demand. Gutierrez 

used an ANN to forecast intermittent demand, and built a neural network that learns and 

analyzes the lengths of sections where demand does not occur as well as the size of the 

demand that occurs thereafter to forecast intermittent demand. This method can arrive at 

conclusions most similar to the data in comparison with other methods of inference. 

However, as it forecasts the size of future demand after a certain point in time, it is 

difficult to apply to industries with long production lead times, or those that require 

immediate responses. 

Chan–Yeong Hong combined Bayesian probability and recurrent ANNs to analyze 

irregular time series data and predict intermittent demand. The ANN in his method did not 

learn data itself but instead learned processed them with different weighted values 

according to the lengths of sections without demand using Bayesian probability to 

forecast demand [6]. 
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2.3. Research Subject Selection 

Specific product information can be acquired in real time in the Internet of Things 

(IoT) environment. Thus, demand can be predicted using a variety of past information. 

This study builds a model that forecasts demand under the assumption of an IoT 

environment. 

Research subjects were selected from products involving replacement demand by 

considering whether real-time information can be acquired based on the IoT environment. 

Batteries are the most representative functional product with replacement demand. 

Regarding lifespan experiments, as batteries do not possess much internal power, 

information concerning the status of various batteries can be collected within a short 

period. Therefore, this study verified the proposed demand forecasting model using 

batteries as subject. 

 

2.3.1. Failure Modes According to Product Characteristics 

Figure 1 illustrates three failure modes for the product. “Functional parts” are replaced 

due to factors affecting the product’s lifespan, such as wear and tear; “consumable parts” 

must regularly be replaced with time; and “incidental parts” are replaced due to incidents. 

A product’s consumable and incidental parts are replaced owing to the lapse of time or 

because a certain incident has occurred, and not because demand occurs according to the 

product’s state [7]. Therefore, this study focuses on forecasting intermittent demand based 

on functional parts. 

 

 

Figure 1. Modes of Parts’ Failure 

Functional parts include tires or batteries, and their lifespans are affected by wear and 

tear, power, and other similar factors. Products that have completed their lifespan must be 

replaced, which differentiates them from consumable parts. Functional parts have a main 

body where IoT equipment can be installed, and the time of use influences the product’s 

lifespan [5].  

Therefore, if the user only intermittently uses the product, it becomes difficult to 

forecast when demand for a replacement occurs. This study examines the states of 

products in real time and analyzes the relevant data using an ANN. Further, it seeks to 

sensitively respond to the amount of intermittent usage to accurately forecast demand. 
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2.4. Artificial Neural Network 

The ANN is a systematic model of complex activities that occur in the human brain. It 

is known to have greater predictive power than a regression analysis for a non-linear 

correlation between independent and dependent variables [8]. 

Neurons transmit information in the brain, where each neuron receives weak electric 

signals from connected neurons. When the sum of these signals exceeds a certain 

threshold, the neurons become excited (ignition) and signal other neurons [9]. Delivering 

these countless signals allows for a high-level information processing mechanism in 

humans. 

This ANN model has been applied to a variety of fields. Lippmann explained that the 

ANN is the “method with the most standout results in the modeling and forecasting fields, 

signal processing, professional systems, and other various fields [10].” 

The ANN simulates the human brain, and works to more effectively resolve complex 

issues by simultaneously checking multiple possibilities to deduce a conclusion [8]. 

Therefore, it is important to quickly process complex calculations. Many input variables 

are added using their weighted values and are output through an activation function. The 

Heaviside function, which outputs a value of zero or one based on a specific threshold, 

and the S-shaped sigmoid function are typically used as ANN activation function. 

 

2.4.1. Concept of the Artificial Neural Network  

The basic structure of the ANN is similar to that of neurons in the human brain. 

Multiple variables are combined using an activation function and entered accordingly. 

The sum of the inputs is then converted through a non-linear function, or the activation 

function, and generates the output [9]. 

 

 

Figure 2. Model of Neuron 

2.4.2. Application of Artificial Neural Networks 

Odom and Sharda, and Geon-Chang Lee used ANN model to forecast company 

bankruptcies [11] [12]. Yeong-Tae Kim used this model to evaluate a company’s stock 

credit level and compared it with another statistical model. So-Ye Han used this model in 

a study to determine a product’s warranty [13] [14]. Another study assessed a vehicle’s 

failure type and predicted additional failures that may occur to establish a quality 

assurance policy. In-Hwan Ryu used the ANN on time series data to forecast demand, and 

Yu-Seop Hwang used a case-based inference technique and the ANN to build a service 
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demand forecasting framework [8] [15]. Moreover, research is actively ongoing on robot 

control and Artificial Intelligence. Gwang-Ju Lee used an ANN and the genetic algorithm 

to learn the behaviors of autonomous mobile robots [16]. 

 

2.5. Recurrent Neural Network 

The recurrent neural network (RNN) is a model that remembers content previously 

learned by the ANN or outputs to adjust to a dynamic situation, unlike the typical 

prospective structure of the neural network model. The RNN network can be divided into 

the Elman or Jordan recurrent neural network depending on factors that are remembered. 

As the RNN remembers the past, this is deemed appropriate to handle the “time” factor, 

which advantageous because it is stricter than a regular neural network model [8]. 

 

 

2.5.1. Elman Recurrent Neural Network 

The Elman RNN determines the weight of each variable based on the learned 

information. Newly input information is combined through an activation function 

according to the determined weights to initiate the activation function [17]. The activation 

function yields its results to the output layer and circulates them to the hidden layer where 

they are output. When new information is entered, the Elman RNN includes information 

from the previous hidden layer in the input layer and learns new information to remember 

the past. 

 

 

Figure 3. Elman Recurrent Neural Network 

3. Research Method and Model 

 
3.1. Research Model 

This study differentiated battery depletion using power consumption because the status 

information of batteries, by assuming an IoT environment, was analyzed through an ANN 

to forecast the final replacement demand. 
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It was assumed that failures do not occur as a result of battery defects or accidents. 

When a battery’s power is depleted, it is determined to require a replacement: in other 

words, demand is generated. 

 

3.1.1. Activation Function of the Model 

The ANN outputs a value using the input of many variables. Information input through 

the activation function can be formulated through the following formula: 
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The sum of inputs is converted through the activation function and output accordingly. 

If the value of the sum of inputs minus the threshold is positive, the output is one, and is 

zero if the value is negative [9]. Power was measured in real time in this study and 

entered for each period. The threshold was then subtracted from the sum of inputs. If the 

calculated value was positive, the output was one, and was zero if the output was 

negative. When the output was one, the battery was determined to have depleted its 

lifespan, which was translated as a type of demand. 

When defining the activation function as  , the output value as y , and the threshold 

value as , this can be formulated as follows: 
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3.1.2. Demand Forecast Modeling 

In the above formula, y  determines whether batteries are depleted by displaying one 

or zero as output. Therefore, the final demand can be observed as the sum of y , which is 

formulated as follows: 

1

N

kk
D y


  

where D  is the overall demand and 
ky  the depletion of the thk battery. 

 

Thus, the formula for overall demand forecasting is as follows: 
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3.2. Implementing the Measurement Modeling 

The most recently preprocessed power data were used to build and verify the ANN. 

The National Instruments NI9203 module was used to measure battery power, and three 

4WD (four-wheel-drive) toy cars were used to consume battery power.  

The LabView software was used to record power data from the power measurement 

model. Power was measured in real time and saved in Microsoft Excel to implement the 

measurement model. 

 

 

Figure 4. Block Diagram of LabView 

The power data measured in real time and saved in Microsoft Excel were accumulated 

to assume the IoT environment, as Figure 5 indicates. 
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Figure 5. Front Panel of Power Observation 

Figure 5 illustrates each channel’s connection to a battery, and power was measured in 

real time with a measurement interval of 10 seconds. 

The data collected for each battery were divided by 50 to derive information 

concerning their status. 

 

 

Figure 6. Power Data 

Figure 6 indicates that the rows and columns were switched for the data collected and 

divided for each battery. Thus, each battery denoted individually observed values. For 

example, for variable “AY,” T was inserted if the battery was depleted at each time point, 

and F was inserted if it had not been depleted, which enabled the ANN to learn the 

results. 
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3.2.1. Building the Artificial Neural Network Model 

The most recently preprocessed power data were used to build and verify the ANN. All 

“NA” values, or power data values when power was depleted and was no longer 

measured, were processed as zero and the ANN was built accordingly. The network was 

verified by dividing these data into three datasets. 

 

 

Figure 7. Data Separation 

The “Volt” variable in each column extracted only the same columns to divide data 

into “VoltT” or “VoltF.” When configuring the three data types to build the ANN, the 

seed values for “ind1” and “ind2” were differently set to evenly and randomly insert the 

data categorized through the Volt variable. Each sample was then extracted and saved. 

The ANN then learned all data from the completed “Volt.train” and “Volt.test,” and 

was then configured to start from the first experiment to the verification stage. The ANN 

was built based on the Volt variable in “myformula” so that the remaining variables could 

be analyzed. 

 

3.2.2. Deducing the Number of Nodes in Hidden Layer 

 

 

Figure 8. Deducing the Number of nodes in Hidden Layer 

The number of hidden layer nodes in the ANN changes according to the amount of 

data learned. Therefore, a process is needed determine the number of hidden layers 

whenever change occurred in the input data to properly use the ANN. Figure 8 shows the 

process by which the test data were used to check the error rate for each hidden layer. 

A graph was used to express the error rate for each result for the hidden layers 1–15. 

The “Volt.train” data were learned for the model that determined the number of hidden 

layers and “Volt.test” data were analyzed to derive the error rate for each number of 

hidden layers. 
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Figure 9. Error Rate of the Hidden Layer 

Figure 9 reveals that both the error rate and the number of nodes were lowest when 

there were five hidden layers. Therefore, this model used five hidden layers, and the ANN 

was trained as indicated in Figure 9. 

 

3.3. Verification of the Artificial Neural Network 

 

 

Figure 10. Building the Artificial Neural Network Model 

The ANN model was verified as shown in Figure 10. The number of nodes of the 

hidden layer was set to five through “size = 5” for “model12.” The “Volt.train” data were 

learned for verification and “Volt.valid” data were input to record the predicted value in 

the “Volt.pred.valid” variable through the ANN. 

Table 1. Model Categorization Table (valid data) 

Category 

Obs 

(Observed 

Value) 

Remaining 

Batteries 

Depleted 

Batteries 

Pred 

(Predicted 

Value) 

Remaining 

Batteries 
16 0 

Depleted 

Batteries 
0 13 

Sensitivity 1 

Specificity 1 

Accuracy 1 

 



International Journal of Control and Automation 

Vol. 11, No. 3 (2018) 

 

 

Copyright © 2018 SERSC Australia 163 

Table 1 records the results of the ANN. The network used was evaluated in terms of 

“valid data” by configuring and assessing three evaluation metrics: sensitivity, specificity, 

and accuracy. The accuracy obtained was 100%.  

 

3.4. Experiment on Artificial Neural Network Model 

The verified ANN model was tested using data on a larger scale. As with model 

verification, Volt.train data were learned and a forecasting experiment conducted on 

Volt.test data. The Volt.test data had the lowest error rate using five hidden layer nodes, 

and the method of analysis was the same as in the verification process. 

Table 2. Model Categorization Table (test data) 

Category 
Obs (Observed Value) 

Remaining Batteries Depleted Batteries 

Pred 

(Predicted 

Value) 

Remaining 

Batteries 
23 1 

Depleted 

Batteries 
0 27 

Sensitivity 1 

Specificity 0.9642857 

Accuracy 0.9803922 

 

The Volt.test data, which consisted of data for 51 batteries, recorded an accuracy of 

0.98, which indicates that the configured model is capable of accurate predictions. 

 

4. Results of Analysis 

 

4.1. Circulation of the Artificial Neural Network 

The ANN used in this study was circulated to create a dynamic forecasting model that 

could adjust to realistic changes. It was circulated based on Elman’s RNN model, which 

circulates nodes in the hidden layer to the input layer to remember the weights of past 

activation functions. New data from the input layer were entered again into the previously 

remembered hidden layer to reflect new hidden layers. 

A method that only returns properly categorized information was used to circulate 

information in the hidden layer based on Elman’s neural network. Therefore, only data 

that were correctly predicted in the ANN experiment based on Volt.test were merged with 

new data and learned. 
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Figure 11. Recurrent Data Selection 

The subset function in Figure 11 was used to select only properly predicted data. The 

additional “obs” and “pred” variables were deleted and preprocessed to be merged with 

new data. 

 

4.2. First Recurrent Neural Network 

Data correctly categorized in the previous experiment were relearned using the 

previous set of learning data. The ANN was then circulated through the same procedure 

as above. 

A maximum of 14 suitable hidden layer nodes occurred in the first recurrent neural 

network and 144 newly categorized battery data items were entered. The measurement 

point was randomly set for each battery. 

 

Table 3. Model Categorization Table (1st circulation of data) 

Category 

Obs (Observed Value) 

Remaining 

Batteries 

Depleted 

Batteries 

Pred 

(Predicted 

Value) 

Remaining 

Batteries 
66 3 

Depleted 

Batteries 
3 72 

Sensitivity 0.9565217 

Specificity 0.96 

Accuracy 0.9583333 

 

Table 3 shows that six errors occurred in the first circulation of data. The RNN was 

less sensitive than the regular ANN to them because when the amount of newly entered 

data is greater than learned data, sensitivity decreases by one. However, it remained high. 

The specificity also increased as the neural network was circulated; as more data were 
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learned, more stringent standards were applied on batteries corresponding to the 

replacement demand. 

 

4.3. Second Recurrent Neural Network 

Data correctly distinguished in the first recurrent neural network were relearned and 

144 new battery data were added and distinguished accordingly. 

Table 4. Model Categorization Table (2nd Circulation of Data) 

Category 
Obs (Observed Value) 

Remaining Batteries Depleted Batteries 

Pred 

(Predicted 

Value) 

Remaining 

Batteries 
66 1 

Depleted 

Batteries 
3 74 

Sensitivity 0.9565217 

Specificity 0.9866667 

Accuracy 0.9722222 

 

Table 4 reveals that the results were better than those from the first recurrent neural 

network analysis. A total of 144 battery data items were extracted at random times; 75 

depleted and 69 remaining batteries were analyzed. Of the 75 depleted batteries, 74 were 

correctly predicted, and 66 of the 69 remaining batteries were correctly predicted. 

Sensitivity spiked at 0.956, identical to sensitivity results from the first RNN. 

However, specificity spiked at 0.986, superior to the results of the first RNN. 

Of the 144 batteries in the last 500 seconds, 77 were predicted for replacement demand 

with an accuracy of 97%. Thus, the ANN can provide better results when circulated. 

 

5. Conclusion 

A forecasting method was proposed in this study based on the IoT environment to 

predict intermittent demand. This method is more accurate than forecasts that rely on 

distributions when acquiring real-time information. If an ANN can acquire information in 

real time, more accurate forecasts can be made than using existing demand forecasting 

methods. 

This study collected and analyzed battery data to test the proposed method. An 

environment similar the IoT was implemented by assessing power using a power 

measurement module. 

The ANN model proposed here can make predictions in a shorter time than existing 

time series-based forecasting methods. It is more accurate even though it learns a 

relatively small amount of data. If data are circulated and learned accordingly, its 

accuracy increases. The RNN proposed in this study is applicable to the industry in the 

context of an IoT environment. 

However, this study is limited in that it only used data concerning the amount of 

power. If a future IoT environment is built and more data are combined, more complex 

predictions will become possible. 
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This study also determined only whether a battery was depleted. Thus, it was difficult 

to predict its expected remaining lifespan. Future studies should distinguish such values, 

either by using the sigmoid function or duplicating the Heaviside function. Hence, they 

can not only forecast demand in a short period, as proposed in this study, but can also 

make more accurate demand forecasts over the long term. 
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