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Abstract:



Makers of heavy-duty diesel engines (HDDEs) need to reduce their inventory of old-generation products in preparation for the demand for next-generation products that satisfy new emission regulations. In this paper, a new demand forecasting model is proposed to reflect special conditions raised by the technological generational shift owing to new emission regulation enforcement. In addition, sensitivity analyses are conducted to better accommodate uncertainty involved at the time of prediction. Our proposed model can help support manufacturers’ production and sales management for a series of products in response to new emission regulations.
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1. Introduction


Environmental issues have become an important topic of discussion globally, and many policies aimed at reducing exhaust emissions have been enforced in many countries [1,2,3,4,5,6,7]. The exhaust gas from heavy duty diesel engines (HDDEs) includes toxic substances, such as nitrogen oxide (NOx), hydrocarbons (HC), carbon monoxide (CO), and particulate matter (PM), which negatively impact human visual and respiratory systems [8]. In addition, diesel exhaust gases include carbon dioxide (CO2), the most important contributor to the greenhouse effect; some researchers have found that “the excessive emissions of greenhouse gas cause the frequent occurrence of extreme weather on Earth, which threatens the safety of human society and the natural system” [9].



These toxic emission materials are regulated by law in most countries. In Europe, EURO 5, an exhaust gas regulation for HDDEs, was instituted in 2009 and imposed in 2011. Subsequently, EURO 6 was instated in 2014 and imposed in 2015. The stricter emission regulations induce technological competition and innovation [10] in the HDDE market, and in this situation, HDDE companies have to control the production of past-generation and new-generation HDDEs for the management of inventory and efficient operation of limited production facilities.



When a new emission regulation is enforced, the stock of prior-generation goods must be depleted while enough next-generation goods must be produced to meet the anticipated demand. A company that continues to produce a prior-generation engine without preparing to produce a new engine that can satisfy new emission regulations will suffer significant losses from both overstocks of the old engine and shortage of the new engine. To determine a suitable time to initiate production of the new engine, forecasted demand is needed by the HDDE manufacturer.



In general, the Norton and Bass model [11] and Speece and Maclachlan model [12] have been utilized to predict the demand for a technological product or service with more than two generations. Following these models, many models of demand forecasting have been developed. However, the earlier models are not suitable for HDDE manufacturers owing to two unique features of the HDDE market, which is controlled by governmental regulations.



First, the HDDE market is characterized by a product generation shift that is affected by the adoption of a governmental policy rather than customer choice. Therefore, if a new emission regulation is enforced, sales of the old-generation HDDE should stop. In addition, two generations of HDDEs can coexist for only a very short time period and, accordingly, a radical generation shift has to be reflected in the new demand forecasting model. The market’s second unique feature is related to the announcement of a new emission regulation enforcement plan. The effective date for an emission regulation is typically reported to the public at least one year prior to enforcement. Therefore, customers can anticipate the release of new-generation HDDEs that can efficiently reduce toxic substances, specifically exhaust gas, by combustion optimization and the engine’s fuel economy. When customers have high expectations from follow-up products, they often stop purchasing the current model and wait for the release of the next model. In this case, demand for the old product begins to decrease prior to the release date of the new product. Empirical examples can be readily found in the case of popular “series products,” such as new smartphones and computer parts (CPUs and graphics cards) of popular brands. However, the previous demand forecasting models assume that the demand for old-generation technology would steadily decrease right after the release of next-generation technology, but these models also cannot explain these empirical circumstances.



In this paper, we aim to propose a new forecasting model that reflects these two unique features of the HDDE market. Before forecasting demand, we explore how HDDE sales were affected by emission regulations by using past HDDE sales data of Company D, a top-tier HDDE manufacturer in Korea. The new model considers the forced phase out of current products to forecast the demand for a new HDDE so that the manufacturer can prepare for the regulated market. A factor that reflects the attraction of next-generation technology, which can affect customer propensity to purchase both old and new products, is suggested. In addition, a scenario analysis is conducted to help determine how the manufacturer can better prepare for regulation under various conditions using the proposed model.



The organization of the rest of this paper is as follows: In Section 2, the related literature is reviewed. In Section 3, a new model is proposed and the scenario analysis is described. Finally, in Section 4, the findings are discussed and areas for further research are suggested.




2. Related Literature


2.1. Technology Diffusion Model


There are many models to represent technology diffusion processes. Mansfield [13] proposed a simple model using several factors, such as the market share of a product at a given time, the upper limit of the market share, and the coefficient of imitation related to the word-of-mouth communication between the adopters and potential adopters. Since then, many researchers have suggested new diffusion models or extended Mansfield’s model [14,15,16,17,18,19].



The Bass model, which was inspired by Roger’s [20] book on the diffusion of innovations, was derived from the “conditional likelihood of adoption (now called a hazard function)” [15]. The innovation diffusion theory has been applied to various research areas investigating consumer behavior, marketing, and management science, and the Bass model is the main impetus underlying studies that use this diffusion theory [21].



Dodds [22] predicted the long-term sales behavior of a product based on early sales data of cable television adoption using the Bass model. Tigert and Farivar [23], also using the Bass model, forecasted the demand of supermarket optical scanning equipment in the United States. They gave careful consideration to the question of how many monthly or quarterly periods of data are required for stable and robust estimations. Easingwood et al. [24] proposed an extension of the Bass model; they argued that word-of-mouth effect can increase, decrease, or remain constant over time and suggested a non-uniform influence innovation diffusion model using δ, the non-uniform word-of-mouth coefficient.



The stream of innovation diffusion research dramatically changed after Norton and Bass [11] published the first multigenerational diffusion model of sales [25]. The model provided a more complete interpretation of the decreasing end position of a technology demand curve by using a multigeneration technology concept. Many researchers have proposed extended models applicable to a unique situation and environment based on the Norton and Bass model [26].



Speece and Maclachlan [12] applied the multi-generation diffusion model proposed by Norton and Bass to milk container technology and performed fitting tests for two sizes: gallons and half-gallons. In the half-gallon market, the original Norton and Bass model was not successfully applied, and, therefore, the authors proposed an extension model that includes pricing and growth terms, which allowed for improved forecasts.



Islam and Meade [27] showed that the coefficients of innovation and imitation are not constant in the general situation using a full information maximum likelihood procedure. Krishnan et al. [28] proposed a brand-level diffusion model to accompany the product category level Bass model. The brand-level diffusion model reflects additional concepts, such as the competition among brands and the company’s market share.



Becker et al. [29] used the Bass model to forecast customers’ adoption of electronic vehicles because “it works well for pre-production products and accounts for network effects” [30]. Lamberson [31] estimated the rate of adoption of hybrid electric vehicles by applying the Bass diffusion model and Gompertz model. Park et al. [32] utilized the generalized Bass diffusion model on historical time series data to forecast the market penetration of hydrogen fuel cell vehicles. The generalized Bass diffusion model considers external variables, including marketing effort and cost reduction. Qian and Soopramanien [33] forecasted sales and composition change in the Chinese car market using car ownership data and five diffusion models: the Gompertz model, logistic model, Bass model, extended Gompertz model, and extended logistic model. In addition, they used a rolling forecast approach instead of a fixed horizon approach. Qian and Soopramanien [34] also forecasted the market share of hybrid and electric cars in China using a segmentation diffusion model.



There have been many studies on the demand forecasting of various vehicles, but none of them have investigated it in terms of vehicle parts complying with emission standards and using field data.




2.2. HDDE Emission Regulations


In 1996, the US Environmental Protection Agency (EPA) announced the first emission regulations, known as Tier 1, for HDDEs used in mobile off-highway operations in the United States. Three years later, in Europe, the EU Stage I regulations were initiated. Recently, the reduction of PM, NOx, CO, and HC has been controlled by regulatory agencies of nearly all governments [35]. Meanwhile, East Asian countries, who are latecomers in HDDE technology, presently require at least EURO 4 emission limit values for their new vehicles. China, one of the world’s largest markets, has introduced emission regulations that are comparable with EURO 3 [36].



NOx accounts for the highest proportion of HDDE pollutant emissions. NOx leads to environmental issues such as acid rain, ozone destruction, nutrient enrichment, and smog. Among NOx emissions, NO2 contributes to lung-related diseases in humans [37]. CO enters through a person’s lungs and hinders hemoglobin’s ability to supply oxygen by combining with it. The amount of HC emissions is affected by irregular operating conditions, and unburned HC can also contribute to respiratory diseases and cancer. PM, which is produced by incomplete burning of HC in fuel and lube oil, causes asthma, lung cancer, and cardiovascular diseases. Accordingly, EURO emission standards for HDDE have regulated the limits for NOx, CO, HC, and PM as follows:

	
NOx limits: 8.0 g/kWh in EURO 1, 7.0 g/kWh in EURO 2, 5.0 g/kWh in EURO 3, 3.5 g/kWh in EURO 4, 2.0 g/kWh in EURO 5, and 0.4 g/kWh in EURO 6.



	
CO limits: 4.5 g/kWh in EURO 1, 4.0 g/kWh in EURO 2, 2.1 g/kWh in EURO 3, and 1.5 g/kWh in EURO 4–6.



	
HC limits: 1.1 g/kWh in EURO 1–2, 0.66 g/kWh in EURO 3, 0.46 g/kWh in EURO 4–5, and 0.13 g/kWh in EURO 6.



	
PM limits: 0.61 g/kWh in EURO 1, 0.15 g/kWh in EURO 2, 0.13 g/kWh in EURO 3, 0.02 g/kWh in EURO 4–5, and 0.01 g/kWh in EURO 6.








In recent years, several researchers have predicted that emission regulations could accelerate. For example, California tightened 70% of criteria pollutant standards in 2009. In Europe, emission regulations for the HDDE market have continually tightened. The criteria regarding pollutant and efficiency mandates will push HDDE development [38]. Ligterink et al. [39] measured a direct estimate of real-world NOx emissions for modern common EURO 5 trucks using a portable emission measurement system. They estimated that the NOx emissions from trucks in common urban settings are three times higher than the corresponding emission limit and much higher than limits in laboratory tests. Therefore, they argued for the need to include real-world emissions in the new EURO 6 legislation.



Under these circumstances in which emission regulations have tightened, demand forecasting for new compliant HDDEs is very timely and meaningful; such research can help companies estimate optimal investment or development timing for new HDDEs.





3. New Model


As mentioned, companies consider in their production schedule how much they must reduce production of the old engine, which meets existing emission regulations, and how much they must increase production of the new engine, which must meet upcoming emission regulations. This problem can be resolved by more careful demand forecasting of the new-generation HDDEs.



3.1. HDDE Sales Data


Table 1 reflects emission regulations and their effective period in Korea. The HDDE emission regulations of the European Union and United States are well known globally, and many countries have applied the same standards. In Korea, vehicles and commercial trucks with diesel engines have to meet the EURO emission regulations. The emission regulation, Tier, applies to heavy equipment.



Table 1. Emission regulations in Korea, g/kWh.







	
Emission Regulation

	
Effective Period

	
NOx

	
NMHC

	
CO

	
HC

	
PM






	
EURO 3

	
January 2003–December 2005

	
5.0

	
-

	
2.1

	
0.66

	
0.10

0.13 a




	
EURO 4

	
January 2006–August 2008

	
3.5

	
-

	
1.5

	
0.46

	
0.02




	
EURO 5

	
September 2009–December 2013

	
2.0

	
-

	
1.5

	
0.46

	
0.02




	
EURO 6

	
January 2014–Present

	
0.4

	
-

	
1.5

	
0.13

	
0.01




	
Tier 2 b

	
January 2005–December 2008

	
NOx + NMHC ≤ 6.6

	
3.5

	
-

	
0.2




	
Tier 3 b

	
January 2009–December 2014

	
NOx + NMHC ≤ 4.0

	
3.5

	
-

	
0.2




	
Tier 4 b

	
January 2015–Present

	
0.4

	
0.19

	
3.5

	
-

	
0.02








a For engines of less than 0.75 dm3 swept volume per cylinder and a rated power speed of more than 3000 min−1; b Engine Power, 130 ≤ kW < 225.








Before forecasting demand, the past HDDE sales data of company D were explored, particularly in terms of how they were affected by the EURO regulations, which motivated this research. The data included quarterly sales of 8 L HDDE in Korea from 2007 to 2011 by company D, a heavy machinery and engine maker. In Figure 1, [image: there is no content] represents the real sales amount of HDDEs that meet EURO 3, and [image: there is no content] and [image: there is no content] are the real sales amounts of HDDEs that meet EURO 4 and EURO 5, respectively. These HDDEs are made by Company D and sold in the Korean market. Likewise, in Figure 2, [image: there is no content], [image: there is no content], and [image: there is no content] are the real sales amounts of HDDEs under Tier 2, Tier 3, and Tier 4, respectively.


Figure 1. Sales of 8 L HDDE for transportation vehicles made by Company D.



[image: Sustainability 09 00166 g001]





Figure 2. Sales of 8 L HDDE for excavators made by Company D.
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Figure 1 and Figure 2 show the common characteristics of the sales amounts of HDDEs in the Korean market. The common characteristics are marked from ① to ⑤, and Figure 2 includes the emergence of a third-generation HDDE for Tier 3. The Norton and Bass model, in general, represents the considerable overlap periods of first- and second- as well as second- and third-generation technologies. However, the coexistence periods, ①, of the two technologies (old- and next-generation technologies) in Figure 1 are much shorter than that described by the Norton and Bass model. This pattern was affected by the adoption time of emission regulations that affect the life of the older-generation technology.



The attraction of the next-generation product also influences the shapes of ② and ③; this is related to the customer delay in purchasing an old-generation product. A large attraction of the next-generation product indicates that many customers are waiting for the next-generation product. For instance, if the attraction of the third-generation HDDE is large, then the sales of the second-generation HDDE, as represented by ②, decline even before the third-generation HDDE becomes available in the market. The peak sales for the next generation, ③, are influenced by the decreased sales of the previous generation, ②. A customer who does not purchase the second-generation product to wait for the third-generation product may buy the latter at its initial release. In addition, ④ represents the effect of a company’s promotion to dispose of prior-generation product stock. Finally, ⑤ represents the company’s average HDDE sales. The mature market’s potential in period t is uncertain, and the average sales represent the market share of a company. In addition, fluctuation due to exogenous factors and random error is observed.




3.2. Proposed Model


The Norton and Bass model [11] is broadly used for demand forecasting of new technological innovations. In addition, after the Norton and Bass model, many researchers have extended this technology diffusion model to reflect various situations of various markets. The original Norton and Bass model, which considers three generations of technology, is as follows.


[image: there is no content]



(1)






[image: there is no content]



(2)






[image: there is no content]



(3)






[image: there is no content]



(4)




where:

	
[image: there is no content] is the i-th generation’s sales at time t;



	
[image: there is no content] is the fraction of the ultimate potential of the i-th generation that has been adopted at time t;



	
[image: there is no content] is the probability distribution function of adoption time t of the i-th generation;



	
[image: there is no content] is the market’s maximum sales per unit life period of the i-th generation;



	
[image: there is no content] is the introduction time of the i-th generation;



	
t is the accumulated quarter from [image: there is no content];



	
p is the coefficient of innovation; and



	
q is the coefficient of imitation.








However, it is difficult to apply this model to the case of new HDDEs that comply with emission regulations because the HDDE case has unique characteristics. The emission regulations require that the next-generation HDDE replace the old-generation of HDDE within a specified period. If new emission regulations are enforced in a country, construction and transportation vehicles, including excavators, roaders, forklifts, buses, and trucks, which are embedded with old-generation HDDEs, cannot be sold. Therefore, in the HDDE case, the next-generation technology quickly and completely replaces previous-generation technology, and the follow-up HDDE gains the whole market potential previously available to the prior-generation technology. Generally, however, the past-generation technology coexists with the next-generation technology in the contemporary market as long as the two technologies are able to retain customers.



For instance, a mobile phone is a next-generation technology that incorporates all of the functions of a pager. Although mobile phones have been wildly popular for almost 30 years, pagers are still used by people who have a specific purpose for the device. The HDDE is a special case because early studies have not considered a shift in technology generations motivated by regulatory policy, but rather reflected consumer choice, producer choice, or production cost, and have not considered a complete shift in technological generation due to regulation within one year, at the longest.



Additionally, the “effects of expectations for next-generation products” are derived by promulgating emission regulations on the HDDEs. The plan for an emission regulation is issued at least two or three years before the regulation is enforced by the government. Note that emission regulations imposed by the government provides customers with two pieces of important information. The first piece of information is the approximate release date of vehicles equipped with the new HDDE, and the second piece of information is that such vehicles have higher fuel efficiency and engine performance because toxic substances, specifically exhaust gas, are reduced, which is closely related to the combustion efficiency of the HDDE.



As the next-generation model becomes more attractive, consumers may postpone their purchase of old-generation HDDE vehicles, if possible, such that they may purchase the new models. Thus, the potential consumer expectation for the next-generation model affects the purchasing decision for the old model even before the next-generation model is released. Actually, this phenomenon is not limited to the diesel engine market, but can also often be observed in other areas. For instance, sales of older-model products dramatically decreased as the release date of the new iPhone neared; consumers delayed their purchases because of the pending release of a next-generation product. However, earlier studies have not considered the possibility of decreased demand for older-generation technology due to this phenomenon.



From this perspective, [image: there is no content] is defined as a company’s i-th generation sales at time t as follows.


[image: there is no content]



(5)






[image: there is no content]



(6)




where:

	
[image: there is no content] is the fraction of the ultimate potential of the i-th generation technology that has decreased due to the attraction of the (i + 1)-th generation technology at time t before the (i + 1)-th generation technology release date;



	
[image: there is no content] is the quarter in which news of the regulation requiring the (i + 1)-th generation technology is released;



	
[image: there is no content] is the phase-out quarter of the i-th generation technology due to the regulation;



	
[image: there is no content] is the inverse of the degree of expected attraction of the (i + 1)-th generation technology; and



	
[image: there is no content] is the market share of the company’s i-th generation product.








In Equation (6), if news of the regulation that requires the (i + 1)-th generation technology is not yet released ([image: there is no content]), the modified sales amount is the same as the sales amount of the Norton and Bass model ([image: there is no content]). When the i-th generation HDDE is phased out by the emission regulations ([image: there is no content]), the modified sales amount is zero ([image: there is no content]). The anticipation of the (i + 1)-th generation technology can also influence the demand for the i-th generation technology. Therefore, the sales of the i-th generation HDDE decreases until such sales are suspended by the HDDE emission regulation ([image: there is no content]). As the release date of the next-generation HDDE approaches, the trend increasingly factors in. Additionally, if the attraction of the (i + 1)-th generation technology (k, 0 < k < 1) is high, [image: there is no content] is close to 1 and [image: there is no content] has a high value.



The individual engine maker’s market share, [image: there is no content], was also considered and was found to suitably explain the expected amount of demand. Many prior studies of the technology diffusion model have considered company activities from the point of view of competition among various brands [28,40,41,42,43]. However, Korea has an oligopolistic market for HDDEs, where a few large corporations dominate the supply and competition using temporary sales promotions does not overthrow opponents. That is why large companies in an oligopolistic market compete strictly on market share. Thus, it was determined that there is no need to reflect the acute tension of the competition among HDDE companies for market share and to use the average market share of individual engine manufacturers.



On the other hand, companies usually apply a discount to the price of older-model products to clear the stock as the release date of a new product approaches. This type of company activity can re-attract customers who have postponed their purchases to wait for next-generation products. The final model for the company’s i-th generation sales at time t is defined as follows:


[image: there is no content]



(7)




where:


[image: there is no content]



(8)




where:

	
[image: there is no content] is the time when the regulation associated with the i-th generation is imposed;



	
[image: there is no content] is the portion of [image: there is no content] consumed at time t;



	
[image: there is no content] is the discount rate for the i-th generation product;



	
[image: there is no content] is a sensitivity parameter of the sales price; and



	
[image: there is no content] is the promotion period.








To reflect the situation of re-attracting customers, the ideas of Speece and Maclachlan [12] were incorporated into the extension model. First, the sensitivity parameter for the sales price was defined as [image: there is no content]. If customers are not sensitive to the sales price, [image: there is no content] is greater than 1, and if customers are sensitive to the sales price, [image: there is no content] is close to 1; [image: there is no content] is the re-attraction rate of the customers who have postponed their purchases in favor of the (i + 1)-th generation HDDE. The term [image: there is no content] represents the total number of customers who have postponed their purchases in order to buy the (i + 1)-th generation HDDE. Therefore, [image: there is no content] represents the number of re-attracted customers for the i-th generation HDDE, and [image: there is no content] represents the number of customers who transfer from the (i − 1)-th generation HDDE to the i-th generation HDDE by postponing their purchases.



The term [image: there is no content] represents the portion of [image: there is no content] that is consumed when the (i + 1)-th generation product is available. Customers often wait for news of the market reaction to a new product, as there is frequent coverage of the new product’s reliability and performance when it is first released in the market. Thus, the initial [image: there is no content] would be typically low but would increase quickly due to the effect of the regulations. These characteristics of the HDDE market, namely a quick and complete shift of technology generations, effects of expectations for new-generation products, company market share, and company marketing activities, are considered simultaneously in the proposed model.




3.3. Scenario Analysis


In Section 3.1, the attraction of the (i + 1)-th generation technology and sales promotion for the i-th generation technology were mentioned. The attraction of the (i + 1)-th generation HDDE can affect the sales of the i-th generation HDDE, whereas the sales promotion of the i-th generation HDDE can support that of the i-th generation HDDE. As for the notation [image: there is no content], or the degree of attraction of the (i + 1)-th generation technology, reflects the motivation for customers to delay the purchase of a vehicle with the i-th generation HDDE. Meanwhile, [image: there is no content], the sensitivity parameter of the sales price, affects the sales of the i-th generation HDDE owing to sales promotions.



In this section, we forecast the demand for new-generation HDDEs that will be affected by EURO 6 and EURO 7 by considering scenarios reflecting various situations of the emission regulations. To provide reasonable values for [image: there is no content], [image: there is no content], [image: there is no content], [image: there is no content], and [image: there is no content] for our scenario analysis, the proposed model was first applied to fit the quarterly HDDE sales data of Company D in Korea from 2007 to 2011 as shown in Figure 1. From Figure 1, one can see that the market share decreases as the regulations imposing the new generation progressed. This may be due to the mature HDDE market in Korea, as well as the decreased company market share.



We set [image: there is no content], and otherwise [image: there is no content] to represent the situation that [image: there is no content] is completely consumed in the second quarter after spending 25% to design the new product. It was assumed that the market potential in any period t of the generation was 200,000 ([image: there is no content] = 200,000), and there was no additional market potential for the next regulation era of the 8 L HDDE ([image: there is no content] = 200,000; [image: there is no content] = 0; [image: there is no content] = 0) in this scenario analysis owing to the mature transportation vehicles market of Korea. As shown in Figure 3, the number of registered transportation vehicles with 6 L to 15 L HDDEs was up to about 3,300,000, and changes in the registrations of transportation vehicles in the Korean market were not observable. In this study, the market size ([image: there is no content], [image: there is no content], and [image: there is no content]) was assumed based on the market situation in Korea and the sales of Company D. Therefore, to apply our proposed model to the case of other firms, the market size should be adjusted.


Figure 3. Number of registrations for 6 L to 15 L HDDE transportation vehicles in Korea.



[image: Sustainability 09 00166 g003]






In addition, it was assumed that the engine manufacturer provided a 15% promotional discount during the fourth quarter of 2007 and the second quarter of 2010 until the next-generation emission regulation was enforced. Next, a generic algorithm (GA) was set up to estimate the rest of the parameters, namely [image: there is no content], [image: there is no content], [image: there is no content], [image: there is no content], and [image: there is no content], of the proposed model in a way that minimizes the sum of squared errors (SSE). EVOLVER software (Palisade Corporation, Ithaca, NY, USA) was used to perform the GA. The mutation rate and crossover rate were set to 0.1 and 0.5, respectively. In addition, the stopping condition rate was 0.01%. The results of this estimation are shown in Figure 4.


Figure 4. Estimation results.



[image: Sustainability 09 00166 g004]






The [image: there is no content] and [image: there is no content] terms are the fitted sales amounts, and [image: there is no content] and [image: there is no content] are the real sales amounts from the data of Company D. The square root SSE is 362.049. Although the predicted sales quantities of EURO 3 and EURO 5 fit the actual sales data well, that of EURO 4 did not because of the economic crisis in 2008 and the company’s product quality problems. The coefficient of innovation of the i-th generation, [image: there is no content], was high. Consumer satisfaction had a significant effect on repurchase intentions [44,45]. Therefore, there was a good chance that a series of products from the company had a group of loyal customers, and the coefficient of innovation was high. In addition, [image: there is no content] and [image: there is no content] were much lower than [image: there is no content] because Company D suffered negative publicity in the 8 L HDDE market due to serious quality problems related to EURO 4, from January 2008 to November 2009. The market share decreased significantly from 42% to 12.8% during the whole period.



For the scenario analysis, we reflected the enforcement schedules of EURO 6 (September 2015) and EURO 7 (September 2020). In addition, we set the quarter in which news of the regulation requiring the (i + 1)-th generation technology was released ([image: there is no content]) as the time when the regulation associated with i-th generation was imposed ([image: there is no content]), because regulations requiring i-th generation and (i + 1)-th generation technologies were released at the same time as the regulation associated with (i − 1)-th generation technology.



Two market situations were considered: (1) the company gradually lost its market share and (2) the company regained its market share. In addition, the effect of price variation on the sales of i-th and (i + 1)-th generation products were examined. For this analysis, the other parameters were fixed, as given in Table 2, except for [image: there is no content], market share, and [image: there is no content], the discount rate of the i-th generation product.



Table 2. Scenario parameters.







	

	
m1

	
p1

	
q1

	
MS1

	
m2

	
p2

	
q2

	
MS2

	
m3

	
p3

	
q3

	
MS3

	
δ

	
Gi

	
ρ






	
Scenario 1

	
200,000

	
0.6

	
0.5

	
0.4

	
0

	
0.3

	
0.01

	
0.2

	
0

	
0.3

	
0.01

	
0.1

	
8

	
0.10

	
4




	
Scenario 2

	
200,000

	
0.6

	
0.5

	
0.4

	
0

	
0.3

	
0.01

	
0.2

	
0

	
0.3

	
0.01

	
0.1

	
8

	
0.90

	
4




	
Scenario 3

	
200,000

	
0.3

	
0.01

	
0.1

	
0

	
0.3

	
0.01

	
0.2

	
0

	
0.6

	
0.5

	
0.4

	
8

	
0.10

	
4




	
Scenario 4

	
200,000

	
0.3

	
0.01

	
0.1

	
0

	
0.3

	
0.01

	
0.2

	
0

	
0.6

	
0.5

	
0.4

	
8

	
0.90

	
4










Market shares were allowed to decrease in Scenario 1 and Scenario 2 as that generation evolved. In Scenario 1, the company provided a lower discount rate than in Scenario 2. Accordingly, the sales amounts, [image: there is no content], of the i-th generation HDDEs at quarter t are shown in Figure 5 (Scenario 1) and Figure 6 (Scenario 2).


Figure 5. Sales of three technology generations (Scenario 1).



[image: Sustainability 09 00166 g005]





Figure 6. Sales of three technology generations (Scenario 2).
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Scenario 1 demonstrates that the effect of the attraction of the (i + 1)-th generation technology was larger than the effect of the promotion on the i-th generation technology. In Scenario 1, the customers who delayed the purchase of a vehicle with the i-th generation HDDE, because of the attraction of the (i + 1)-th generation technology, may have bought the new-generation HDDE vehicle at its initial release.



Scenario 2 details a situation that is opposite to that in Scenario 1. In Scenario 2, the promotion strategies effectively stopped the demand for the i-th generation HDDEs from transferring to that for the (i + 1)-th generation HDDEs. Market shares were allowed to increase in Scenario 3 and Scenario 4 as the generation evolved. In Scenario 1 and Scenario 3, the company provided a lower discount rate than in Scenario 2 and Scenario 4, and the resulting sales amount, [image: there is no content], of the i-th generation HDDEs at quarter t is shown in Figure 7 and Figure 8 for Scenario 3 and Scenario 4, respectively.


Figure 7. Sales of three technology generations (Scenario 3).
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Figure 8. Sales of three technology generations (Scenario 4).
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The relationship between Scenario 3 and Scenario 4 is similar to the difference between Scenario 1 and Scenario 2 in terms of the effect of the discount rate. However, there is a very important point for discussion. The total sales for the whole generation are about 6,435,052 in Scenario 1 and about 6,689,761 in Scenario 2, which means that the aggressive promotion using steep discount rates can increase the overall sales in the situation of decreasing market share. However, in the situation of increasing market share, it is a different story. The total sales for the whole generation are about 6,750,068 in Scenario 3 and about 6,498,678 in Scenario 4. Aggressive promotion using high discount rates might decrease the total sales.



In every scenario, the same coefficient for degree of attraction was used for the next-generation technology and the sensitivity parameter of the sales price (δ = 8; ρ = 4). A sensitivity analysis was conducted to examine the effect of changes in δ and ρ on sales amounts. The total sales of the second-generation technology, which are affected by EURO 6, were computed for the four scenarios.



Similar results were obtained for all scenarios in the sensitivity analysis for [image: there is no content], which is displayed in Figure 9. As [image: there is no content] increases, [image: there is no content] decreases [image: there is no content], and accordingly the total sales of the second-generation technology increase. That is, if the attraction of next-generation technology decreases, then the total sales of the current-generation technology increase. In particular, Scenario 3 and Scenario4, in the situation of increasing market share, showed a steeper increase in the sensitivity analysis with respect to the attraction coefficient of the next-generation technology. When [image: there is no content] is close to 1, there is a large difference among the total sales of the scenarios. If the degree of attraction of next-generation technology is high, the high promotion discount rate is an effective strategy to re-attract customers who have postponed the purchase of current-generation technology to wait for the next-generation technology, especially when the next-generation technology’s market share increases.


Figure 9. Results of the sensitivity analysis of δ.



[image: Sustainability 09 00166 g009]






In the sensitivity analysis for ρ which is displayed in Figure 10, Scenario 2 and Scenario 4, which have a high discount rate ([image: there is no content] = 0.90), showed a steeper decline in the sensitivity analysis with respect to the sensitivity parameter of the sales price. As ρ increases, [image: there is no content] decreases [image: there is no content]. When the customers are very sensitive to the sales price (ρ is close to 1), the promotional discount strategy helps increase the sales of current-generation technology.


Figure 10. Results of the sensitivity analysis of ρ.
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4. Conclusions


We proposed a new demand forecasting model that can consider external regulations set by government entities in the HDDE market. Many conditions reflecting the specific environment of the HDDE market were considered in the proposed model. Primarily, the new model accommodates a shift in technology generation that was preceded by strong outside influences in the HDDE market, such as emission regulations imposed by the government. This kind of unique feature has not been covered in existing technology diffusion models. In prior research, consumer choice was considered as the primary factor of the acceptance of an innovative technology. The new proposed model reflects the facts that the period of shifts in technology generation can be very short and that the demand for the next-generation technology overtakes that of the old-generation technology immediately after the emission regulations are enforced.



Additionally, the effect of the anticipation of the next-generation technology on the purchase intention of customers is included in our proposed model. The attractive next-generation product can decrease customer motivation to purchase the older-generation product. Therefore, the new proposed model, unlike previous models, includes the declining sales of the older-generation product even before the next-generation product is released, and the next-generation product describes the initially high peak of demand. Such situations may not be exclusive to the HDDE market. The proposed model may provide a more effective expectation of performance in cases for which there are external market restrictions or where customers have high expectations of the next-generation product.



The demand for the old-generation product decreases as the quarter when the next-generation product will be released approaches. Therefore, companies can utilize sales promotions for stock clearance. The level of the sales promotion is determined by the price sensitivity. Consumers are susceptible to changes in product prices on items that have a high price elasticity of demand. In addition, a promotional discount strategy is effective in cases (1) when the degree of attraction of the next-generation technology is high and (2) when the market share of the corresponding technology increases. Therefore, the new model is useful to forecast demand for products that have a high price elasticity of demand. Finally, the market share of a company was also considered in the model, and it was proposed that the model considers all of the aforementioned conditions.



The market environment can also be considered for the demand forecasting of a company. Aspects of the market environment, such as market tendency, business fluctuations, and media coverage, both positive and negative, can affect the purchase tendencies of customers in the market. The purchase tendencies of construction companies, which are the primary purchasers of construction heavy equipment, can be easily impacted by fluctuations in the construction market. Just as HDDEs may be affected by the construction market, the transportation and passenger vehicle sector may have products that are influenced by multifarious market tendencies. Therefore, the correlation between each market environment and the sales of a product needs to be elucidated prior to developing a demand forecasting model to help ensure that it is adapted for that particular market environment. When this correlation is made clear, the proposed model can be extended to forecast the demand for other products; as such, the model needs to be further examined in the context of other products and sectors.



Our study was conducted based on an oligopolistic market for HDDEs and considered the average market share of an individual engine manufacturer. The study can be replicated for various firms around the world, considering the market share of each firm and depending on the availability of the necessary data. Although we applied the proposed model to sales data from company D, it does not mean that the model can be adopted only by company D. Two unique features of the HDDE market can affect the sales not only of company D but also of other companies in the HDDE market. Therefore, our proposed model can be adopted by other companies in the HDDE market and other markets that are affected by emission regulation changes. Moreover, we used the quarterly sales data for the period 2007–2011. Had more data been available, and had we been able to use such data, higher forecasting accuracy could have been achieved. In addition, the effect of an exogenous factor, the global financial crisis in 2008, on demand for HDDEs needs to be identified. Lastly, further study is needed on the performance of diesel fuels or on the comparative performance of various diesel fuels using three-stage data envelopment analysis [46,47,48].
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