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Abstract

The push to decarbonize has spurred the demand for clean energy technologies such as electric vehicles (EVs) and wind turbines (WTs). These
technologies rely on rare earth permanent magnets (REPMs), namely Neodymium-Iron-Boron (NdFeB) magnets that in turn rely on rare earth
elements (REEs), including Neodymium (Nd), and Dysprosium (Dy). As the demand for clean energy technologies increases, so will the demand
for Nd and Dy-containing REPMs. Both Nd and Dy are critical elements that are prone to supply chain risks. As our reliance on them increases,
it becomes essential to anticipate future market dynamics for these elements. This paper aims to address the current gap in the literature in the
context of forecasting future Nd and Dy demand quantities. The Bass Diffusion Model is a widely used approach to forecast the adoption of new
products or technologies and, to predict demand trends. Over the years, the model has found applicability in a wide variety of sectors including
consumer durables, medical services, and agricultural innovations. This paper demonstrates the use of the Bass Diffusion Model to estimate
future global Nd and Dy demands, enabling a better understanding of swiftly evolving clean energy technology and REPM-related market

dynamics.
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1. Introduction

Aligned with meeting the goals of the Paris Climate Accord
Agreement and in response to the Intergovernmental Panel on
Climate Change (IPCC) Assessment Report (AR) 6 that calls
for “deep, rapid and sustained global Greenhouse Gas (GHG)
reduction this decade” nations across the globe are
transitioning to clean energy technologies [1, 2]. This requires
implementing technological interventions to reduce our
reliance on fossil fuels, particularly in the energy and
transportation sectors, two economic sectors that together
account for more than 50% of total GHG emissions [3]. Unlike
conventional fossil-fuel based technologies, the environmental
impacts across the ‘use phase’ of clean energy technologies
such as solar photovoltaics (PVs), wind turbines (WTs), and
electric vehicles (EVs) is significantly lower [4]. Clean energy

2212-8271 © 2024 The Authors. Published by ELSEVIER B.V.

technologies rely on renewable resources and thus contribute
towards energy security as well.

However, the transition to a decarbonized economy via the
implementation of clean energy technologies remains tenuous.
This is because the production of many clean energy
technologies depends on the consistent supply of critical
materials. For instance, fast-growing WT and EV industries
(Figure 1) depend on the steady production and supply of rare
earth elements (REEs), Neodymium (Nd) and Dysprosium
(Dy). Both Nd and Dy are obtained upon purification from
mining their respective Rare Earth Oxide (REO) forms, (Nd2Os
and Dy,03). Nd and Dy are materials that go into producing
Neodymium-Iron-Boron (NdFeB) Rare Earth Permanent
Magnets (REPMs), components that are critical for
manufacturing WT generators and EV traction motors.
According to Mancheri et al. (2019) REPMs, Dbatteries,
catalysts, and phosphors presently account for more than 60 %
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of REO demand and this demand will continue to grow rapidly
driven primarily by the growing sales of clean energy
technology products [5]. Over the years, REPMs have been and
continue to be used in numerous applications, ranging from
appliances and computers to high end motors and generators
for clean energy products [6]. This is because of their higher
energy density and coercive forces when compared to ferritic
magnets. Thus, smaller REPMs can be used in place of larger
ferrite magnets for meeting similar functions [6].
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Figure 1: WT and EV capacities (2010 — 2022) [7]

Table 1: Nd and Dy concentrations in REPMs based on application [adapted
from 6, 8, 9]

Applications Nd content Dy content ~ Magnet weight/
(%) (%) unit (g/unit)

WTs 30 45 500,000 — 700,000

EVs 24-30 0-5 1,000 - 2,000

Washing machines 28 3 100 - 250

Refrigerators 28 3 100 - 250

MRIs 31 0 150 - 200

Air conditioners 28 3 100 - 250

Motors (general auto)  26-27 4-5 34

Desktop computers 29.5-30 1-15 10

Laptop computers 29.5-30 1-15 2

Maintaining a steady supply of Nd and Dy to fulfill the
rapidly increasing demands for REPMs is particularly
challenging. This is because there is a strong requirement to
sustain the growth of WTs and EVs, to meet the broader
decarbonization goals. Unlike other REPM consuming
applications, the concentration of Nd and Dy used in REPMs
in WTs and EVs is significantly higher (Table 1). Moreover,
the production of Nd and Dy has been and remains to be
dominated by China which is not only rich in REE reserves but
also possesses strong refining capabilities [6, 10]. REE mining
is extremely resource and environmentally intensive.
Consequently, many countries endowed with domestic REE
reserves opt not to engage in large-scale REE production due

to their robust environmental regulations. Instead, they lean
towards sourcing their REE supplies from China. This scenario
has further reinforced China’s continued dominance in the
global REE market (see Figure 2). The uncertainties associated
with this combination of factors may make the adoption and
subsequent planning for the transition to clean energy
technologies  difficult for manufacturers particularly
automotive and energy companies as well as other

governmental and non-governmental stakeholders [6, 10].
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Figure 2: Shares of REO-equivalent production [adapted from 6]

Understanding the historical and current market trends,
while being able to accurately anticipate the future market
dynamics surrounding these new technologies will be
beneficial as sustainable development becomes a more
ubiquitous part of national agendas. By extension, this means
that a better understanding of the market parameters associated
with REEs may be required so that manufacturers, policy
makers and other stakeholders can effectively strategize and
implement realistic decarbonization goals. Anticipating future
REE demand is one component of understanding overall REE
and clean energy technologies market dynamics.
Unfortunately, individual REE demand numbers are limited
because clean energy technologies such as WTs and EVs are
themselves novel and their potential to and the speed at which
they will penetrate the market remains unclear. Additionally,
the complex geopolitical situation surrounding the raw material
feedstocks, namely REEs, that go into producing REPMs for
WTs and EVs only contributes to further increasing the
uncertainty related to determining current and future market
dynamics.

This paper addresses the limited data on Nd and Dy demand
trends over the next few decades. The main contributions of
this paper are:

o A survey of the literature to glean historical and future Nd
and Dy demand estimates, if any.

o The identification of a suitable forecasting method via the
review of widely used commodity forecasting methods
available in the scientific literature.

e The application of the identified forecasting method, i.e.,
the Bass Diffusion Model to estimate Nd and Dy demands
till 2050.

The paper is structured in the following manner: The result
from the literature reviewed (Section 2) confirms the
uncertainty associated with REE market parameters. Section 2
also reviews different diffusion models for the purposes of
computing sales or demand data for new products. Section 3
describes the Bass Diffusion Model and its application to
estimating Nd and Dy demand data till 2050. This is followed
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by the results (Section 4) and a summary and outlook (Section
5).

2. Literature Review

The literature suggests tremendous uncertainty associated
with REE market parameters. Although the demand for REEs
was strong during the 1960s (as color TVs became popular), it
spiked by the turn of the century. It is estimated that in 1953,
REO demand was 1000 tons valued at about US$ 25 million
[11]. By 1997 REO demand had grown to 66 thousand tons and
was up to 125 thousand tons in 2008 [12]. Other studies
however estimate REO demand to be lower (~118 thousand in
2014 and 170 thousand by 2020) [13]. Similarly, studies have
attempted to determine the rate of REO demand growth.
Kingsnorth (2016) believes that the demand for REEs will
steadily grow at the rate of 7-8% annually, in contrast to Alonso
etal. (2012) who has earlier predicted the annual rate of growth
at around 5% by 2020 for REEs [14, 15]. Additionally, there is
limited information on the application-specific demand for
REPMs. We identified two studies [8, 9] that estimated these
demand numbers using top-down or bottom-up approaches that
rely on production data, import/export data, and several
assumptions based on historical data and projections. The
disparity in forecasts for REE market parameters makes it
difficult for stakeholders to anticipate the REE market to plan
and strategize for the future.

Diffusion models have been used extensively to estimate
new product penetration in the market. The diffusion of an
innovation is the process via which the innovation gets
communicated through certain channels over a given period
within a given social system [16, 17]. Diffusion processes are
typically characterized by an S-shaped curve and have been
used to mathematically represent spread of new technologies
and services. The most widely applied diffusion models are the
Bass, the Logistic and the Gompertz models [18, 19]. No clear
consensus exists as to which diffusion model is the best
performing. In their study, Young and Ord (1989) developed a
framework to test and compare the performance of the Logistic
and Gompertz curves, but the results of their trials remained
inconclusive [20]. Building upon this work, Young (1993)
included the Bass model in a subsequent study and concluded
the Bass model did outperform the other two models when the
upper limit of the market was not known [21]. Subsequently,
however, in the context of understanding the development of
the telecommunication market across different nations, Meade
and Islam (1995) observed that the Bass model was
outperformed by the Logistic and Gompertz models [22]. More
recently and considering the growing demand for clean energy
technologies studies that analyze their uptake and growth
trends have been carried out using the Bass Diffusion Model
[23-28].

It should be noted that unlike the internal influence-driven
Logistic and Gompertz models, the Bass model is a mixed
influence model that accounts for both internal (word-of-mouth
communication) and external (impact of mass media
advertising) influences. Interestingly, the Bass Diffusion
Model may be well suited to analyze the clean energy
technology and REE market for a few reasons. One main

advantage of the Bass Diffusion Model is its robustness while
requiring limited data [29]. In addition, Naseri and Elliott
(2013) observe that heterogeneity associated with
innovativeness (first adopters versus others) coupled with
income heterogeneity (as the price of the new product falls,
more individuals can afford it) further reinforces the S curve
[30]. Moreover, income disparity across society (represented
by the Gini coefficient) is positively correlated with the ratio of
imitation to innovation used by the Bass Model [31]. Thus, in
summary based on the literature reviewed and owing to the lack
of data on future demands of REEs, the robustness of the Bass
Diffusion model and its ability to capture both external and
internal influences, this paper applies the Bass model for
forecasting global Nd>O; and Dy,O3z demands until 2050.

3. Method

As mentioned previously, the Bass model is a mixed
influence model that combines two basic models into one
generalized model, thus capturing the impacts of both
innovation and imitation on the diffusion process of a new
product in a market [17, 30, 32]. The model divides the market
distinctly into innovators and imitators, where innovators are
assumed to be independent actors who are not impacted in their
decision to adopt a new product by the actions of other
members in the market (Figure 3). Innovators acquire
information on the new product via mass media and other forms
of formal advertisement. In contrast, imitators are influenced
by the other actors in a market and gather their information
because of word-of-mouth and other informal channels.
Aligned with Roger’s theory of diffusion, the Bass model
assumes that the impact of advertisement is greater early on,
i.e., when the product is first introduced, whereas the impact of
word-of-mouth communication is greater at the later stages of
the diffusion process [33].

Imitators

Number of new adopters

Innovators

Time

Figure 3: The Bass Diffusion Model (adapted from Bass, 1969 [32])

Mathematically, the Bass Diffusion Model is expressed as:

f@®)=@+qF(@®)(1-F(t) )
f(@) =a(t)/N 2)
F(t) = A®®)/N €))
Where,

f(t), density function of sales at time t

a(t), product purchase rate at time t

F(t), cumulative fraction of potential growth at time t
A(t), total number of adopters at time t
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N, total number of potential buyers
p, coefficient of innovation
g, coefficient of imitation

Based on Eq. (1), the diffusion adoption trend of a new
product depends on market size, N, and the values of the
coefficients of innovation and imitation, p and g respectively.
It should be noted that some studies express demand in the form
of REEs, i.e., pure Nd and Dy, while other studies express
demand in the form of REOs, namely Nd,O3 and Dy,0s.

This study estimated Nd,O3 and Dy,03; demands using the
Bass Diffusion model and subsequently uses stoichiometric
conversion factors available in the literature to estimate pure
Nd and Dy demands (see Appendix A). Using the mean
demand estimates available in the literature from 2008 to 2030
for Nd,O3 and from 2009 to 2030 for Dy.O3 (see Appendix A)
[34, 35, 36], the mean demand projections for both REOs using
curve fitting and optimizing the Bass Model p and q values
were determined. N, the total number of potential buyers was
based on the potential number of EV buyers [36]. A range of
demand values has been generated. High and low demands for
both Nd»O3; and Dy,03; were based on Monte Carlo trials for

the number of adopters, N within one standard deviation of N.
1.60

1.40
1.20
1.00
0.80

0.60

Nd,0 ; (million tons)

0.40

0.20

0.00

2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024
2025
2026
2027

Mean Demand (literature)

nN
o

Dy,0; (thousand tons)
=
w

N
w S)

o

2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024
2025
2026
2027

Mean Demand (literature)

2028

Mean Demand (projected)

2028

Mean Demand (projected)

Author name / Procedia CIRP 00 (2019) 000-000

4. Results and discussion

Nd.O; and Dy,03; demand data was collected from the
literature for the timeframe 2008 - 2030 [34, 35]. The mean
market size is assumed to be 50 million with N ranging
anywhere from 33 million to 67 million for low and high
demand scenarios respectively [37]. The coefficients p and g
were determined using this limited dataset for both Nd,Os and
Dy,03 and by applying Eq. (1) (See Table 2). By substituting
the values of p, g, and N in equations 1 through 3, the demand
estimates for both REOs were generated till 2050 (Figure 4).

Table 2: Bass parameters used in estimating Nd,O3 and Dy,0; demands

Demand N (million

REO scenario units) 4
Low 33

Nd,O3 Mean 50 2.72E-04 0.123
High 67
Low 33

Dy,03 Mean 50 5.53E-05 0.054
High 67

2029
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Figure 4: Nd,0O3 and Dy,03 Bass Diffusion Model global demand trends till 2050 under low, mean, and high market size scenarios

On average the model indicates that Nd demand will be up
by more than 4600 % up by 2050 from its 2008 levels. Per
current estimates, Dy demand will also rise significantly. On
average, Dy demand will be up by 1027 % by 2050 from its
2009 level. In a high demand scenario, the Bass model indicates
that this number could be as high as 1200 % in 2050. This
forecast is representative of global Nd and Dy demand across a

number of REPM consuming applications and is based on very
limited historical and forecasted data from literature. As
mentioned earlier, one of the challenges associated with
estimating future REE market parameters is the lack of
disaggregated data. More granular data such as application-
specific historical demands and county and/or region-wise
historical demands for Nd and Dy would enable a more
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accurate assessment of future Nd and Dy demands. capture these market uncertainties because it assumes every
commodity is a success and the sales reach a steady state level.
Table 3: Mean Nd and Dy demand forecasts On the other hand, the Bass model does provide a useful
Mean Nd Mean Dy starting point in estimating a range for future Nd and Dy
Year demand demand demands (Table 3). The fact that it is a parsimonious model that
(tons) (tons) requires limited data in order to forecast sales growth is a clear
3882 igfgigg 1 96636 advantag_e. The m_odel could thus be beneficia.l in forgcasting
2010 15.894.46 2.514.81 commodity diffusion patterns across shorter time periods for
2011 17,837.57 2,649.93 the REE market. As we continue to gain a better understanding
2012 20,016.50 2,792.30 of the clean energy technologies and REPM markets in the
2013 22,459.43 2,942.30 coming years, it is anticipated that access to more
2014 25197.77 3,100.34 disaggregated data will become available. This in turn may
2015 28,206.54 3,266.84 help in making more accurate forecasts using the Bass model
2016 31,704.72 3,442.25 . : : .
2017 35,555.65 3.627.06 itself. Going forward, there also lies opportunity to explore
2018 39,867.48 3,821.76 more complex variations of the Bass Diffusion Model.
2019 44,693.58 4,026.87
2020 50,093.07 4,242.95 ;
5091 5613127 2.470.59 5. Summary and conclusion
2022 62,880.24 4,710.39
2023 70,419.23 4,962.99 This paper addresses the gap associated with limited market
2024 78,835.22 5,229.09 parameters around REEs. Given the limited data pertaining to
2025 _ 88,223.30 5,509.39 future REPM demands, the Bass Diffusion Model was applied
;g;s iffg;;gl Zﬁgg:gg to estimate global NdzOS_and Dyng_demands. Coefficien'Fs p
2028 123,300.97 6.443.19 and q were computed using the limited demand data points
2029 137,702.83 6,788.19 available in the literature. The model estimates Nd demand
2030 153,683.90 7,151.56 could be in the range of a million tons, while Dy demand could
;83; 1;3:33;:22 ;:gg‘;ég cross 20 thousand tons_by 2050. Stoi_chiometric conversion
2033 212,607.91 8,361.75 factors were then applled to determine REE Nd and Dy
2034 236,439.99 8,808.73 demands. Understanding future Nd and Dy demand is just one
2035 262,639.32 9,279.42 component to enabling strategists and technologists working
;823 ggiggg:gg 213672360.32 towards decarbonization in developing plans to address the
2038 356.996.55 10.846.40 uncertainty associated with the REE market, and by extension
2039 394,153.93 11,424.91 the clean energy technology market.
2040 434,330.53 12,033.97
2041 477,571.44 12,675.15 S A ;
5042 523.869.59 13.350.11 Appendix A: Supporting data
2043 573,153.04 14,060.58
2044 625,271.46 14,808.38 Table Al: Nd,O3 and Dy,05; demands in literature (2008 — 2030) [34, 35]
2045 679,982.25 15,595.43
2046 736,937.35 16,423.73 Year Nd.O, Dy:0,
2047 79567137 17,295.36 (tons) (tons)
2048 855,592.72 18,212.54 2008 23,900 data unavailable
2049 915,978.95 19,177.56 2009 15,300 2,255
2050 975,977.99 20,192.82 2010 21600 2,500
Though robust, the Bass model does have a few limitations. 2011 18,900 2,745
The Bass model does not account for changing market 2012 22,500 2,990
conditions, i.e., it fails to capture the diversity and 2013 23,400 3,235
heterogeneity of a real-world market system. The assumptions 2014 25,200 3,480
associated with applying the Bass model rely on the notion that 2015 36,217.11 3,725
all the entities or individuals within the considered system will 2016 40,144.74 3,871
adopt the product being analyzed. This shortcoming is 2017 44,072.37 4,017
particularly pertinent to the REE market which is evolving very 2018 48,000.00 4,163
quickly. For instance, the Dy content in REPMs is on the 2019 51,927.63 4309
decline apd while the overall. demand fqr glegn energy 2020 55 855.26 4,765
Fec_hnolog!es and REPM consuming technologies is increasing, 2021 66.240.79 4,997
it is possible that lower Dy contents help stabilize the Dy
. : . : 2022 73,626.32 5,229
requirement in the coming years. Other dynamics are at play as
well. Given the monopolistic REE market, countries across the 2023 82,511.84 5461
world are developing REE recovery and recycling capabilities 2024 91,397.37 5,693
to offset their dependence on primary REE feedstocks and 2025 10,0282.89 6,730
reduce their dependence on Chinese exports. Furthermore, 2026 11,5190.79 7,024
research to identify substitute materials is also underway to 2027 13,0098.68 7,318

reduce our dependence on REEs. The Bass model fails to 2028 14,5006.58 7,612




Author name / Procedia CIRP 00 (2019) 000-000

2029

15,9914.47 7,906

2030

17,4822.37 8,475

Table A2: REO to REE conversion factors [38]

REO

Conversion
REE
factor

Nd,03 Nd

0.857

Dy203 Dy

0.872
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