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End-of-life Vehicle Amount Forecasting based
on an Improved GM (1, 1) Model

Fuli Zhou, Member, IAENG, Panpan Ma

Abstract—With a rapidly increasing of vehicle production
and powerful purchasing capability of Chinese consumers, the
automobile ownership will keep a raising tendency in Chinese
market. End-of-life vehicle (ELV) recycling contributes to
sustainability achievement of the automobile supply chain, as
well as the improvement of resource utilization. To provide
more evidence on strategic plan of ELV recycling industry and
renewable sector with precise ELV amounts, a modified GM (1,
1) model is improved to make the predication in terms of ELV
recycling. Specifically, the residual error and time response
function are developed to improve the accuracy of forecasting
model. Taking ELV recycling amounts from 2015 to 2018 as
experimental samples, numerical results show that the ELV
recycling amount in 2019 is about 2.2 million. In addition, the
modified GM (1, 1) model demonstrates a better performance
and superior availability comparing with the traditional GM (1,
1) model and regression forecasting models.

Index Terms—End-of-life vehicle (ELV); recycling amount;
improved GM (1, 1); forecasting; residual error amendment

. INTRODUCTION

ITH booming development of domestic automobile

industry, China has become a country with the most
production and sales volume all over the world since 2009.
In addition, an increasingly purchasing power of potential
vehicle consumers contributes to booming of the automobile
industry. Both two drivers motivate soaring of the vehicle
ownership in Chinese market [1]. With development of
vehicle industry, business activities of after-market have
been focused by academic researchers and industrial
practitioners, for instance, car maintenance, insurance, car
beauty and recycling business [2-4]. Driven by the
requirement of sustainable philosophy and circular economy,
recycling operations of end-of-life vehicles (ELVs) are
adopted to improve the resources utilization.

Due to late start of Chinese vehicle industry and
production driven strategy, Chinese ELV recycling industry
is still at its infancy [3]. Firstly, unbalanced development in
different regions leads to used cars flowing into the black
market, and it is very common in western areas. Secondly,
the recycling rate is not particularly satisfactory as supposed
comparing with developed nations due to lack of
disassembly techniques and recycling technologies. Last but
not least, there are litter legislated regulations and standard
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procedures to regulate renewable organizations regarding
ELV recycling activities.

There are different kinds of recycling channels based on
their degradation degree of EOL parts after the complete
dismantling [3, 5]. It is effective for the automobile industry
to achieve sustainability and resource re-utilization by EOL
product recycling. According to degradation degree of ELVS,
a 4R-oriented recycling procedure including reusing,
recovery, remanufacturing and recycling, is proposed and
designed to improve recycling efficiency [5]. These diverse
recycling channels contribute to efficiency improvement of
ELV parts re-utilization. In practical, the most cost-effective
is reuse and recovery activity, especially for those redundant
ELV parts with higher residual value. Re-manufacturing is
also considered to be an alternative way to perform ELV
recycling business. For other ELV parts, material-recycling
and energy-recycling activities are carried out to realize
material recycling and energy re-utilization. Renewable
resources recovered mainly contain metal, iron, steel, plastic
and other valuable material, depicted in Figure 1 [3].

ELV recycling industry will motivate development of
material and renewable resource industries. From Figure 1,
we find many kinds of material can be recycled from ELVs.
With development of dismantling and grinding techniques,
more fruitful kinds of recyclable metals will be collected,
contributing to the sustainability of vehicle supply chain.

The mathematical models are typically used to analyze
diverse organization modes of ELV recycling. It has grown
up to be a theoretical foundation for the rational choice of
components organization mode of the vehicle closed-loop
supply chain. It is effective to achieve a circular economy by
ELV recycling operations. Recently, ELV recycling studies
mostly focus on disassembly, recycling channels, regional
recycling policy and economic mechanism. ELV recycling,
regarding as a crucial industrial activity of end of vehicle
supply chain, assists sustainability achievement by resources
and energy recovery. Chen developed a dynamical model to
investigate how governmental policies influenced ELV
recycling industry, assisting governmental officers to curb
the black-market situations and promote corresponding
legislations on disassembly and recycling business [6]. Zhou
proposed a 4R-oriented recycling channel to improve the
ELV recycling efficiency [5]. The disassembly effort index
(DEI) was proposed and formulated to represent economic
analysis of ELV disassembly business, facilitating to derive
an estimation of disassembly cost and return on investment
[7]. Rosa formulated a system dynamics (SD) model to
elaborate the real-time scenarios in terms of ELV recycling
operations, assisting recycling efficiency improvement by
strategic management and industrial implementations [8].

Numerous related researches in terms of ELV recycling
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industry are studied from above-mentioned segments.
However, there is little attention on the ELV recycling
quantity forecasting study. The precise predication on ELV
recycling amount not only assists sustainable achievement
of the ELV industry, but also contributes to the industry
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Figure. 1 Renewable resources distribution of ELV recycling

There are numerous forecasting methods applied in
different scenarios, for instance, time series forecasting,
regression analysis, neural network, grey system and
data-driven machine learning techniques etc. [9-13]. Saad
presented the comparison analysis by two forecasting
models to predict the research output of four sample
countries (USA, China, India and Pakistan), that is, the GM
(1, 1) model and nonhomogeneous discrete grey model
(NDGM) [14]. Experimental results demonstrated that the
NDGM showed a better performance on research output
forecasting than the traditional GM (1, 1) model. Kumar
presented comparisons among different forecasting models
regarding energy demand predication, and forecasting
methods with a decreasing sequence based on the fitting
accuracy were listed as follows: artificial neural network
(ANN), support vector machine (SVM), autoregressive
integrated moving average (ARIMA), fuzzy logic (FL),
regression modelling (RM), genetic algorithm (GA), particle
swarm optimization (PSO), grey prediction (GM) and
autoregressive moving average (ARMA) [15]. In addition,
big-data analytics techniques were developed and employed
to deal with forecasting problems considering non-structure
data mining techniques [16-18]. The appropriate selection of
a forecasting model in terms of certain scenario is not just
based on fitting accuracy of the predication model, but also
specific application scenario employed. It is very common
that the same forecasting model will show a different
performance in diverse industrial scenarios. Meer studied
electricity consumption prediction by setting different
probabilistic forecasting models, and forecasting accuracy
was discussed by probabilistic forecasting of solar power
and load forecasting [19]. With development of information
technology and computer science, artificial-based machine
learning methods have advantages comparing to traditional
forecasting models and algorithms. In the electricity price
forecasting model, Jesus made a comparison between
machine learning approaches and traditional empirical
models, and results showed that the formulated machine
learning method outperformed state-of-the-art techniques
with a higher accuracy [20].

On the premise of sample benefits, grey methods have
been widely studied and used in different industrial sectors.
GM (1, 1) model is extensively applied to sales volume
prediction of various sectors on account of its unique
superiority in definite sample quantity. Li had reviewed the

deployment and planning of renewable resources. Therefore,
this research aims at developing a forecasting model on
ELV recycling, facilitating the sustainability achievement of
the automobile industry.

optimization algorithm implemented to solve an optimal
sequence of coefficients of background value and optimum
translation of the Quasi-smooth series [21]. On the base of
this study, Wang formulated a forecasting model to predict
human resources requirements by combining BP neural
network and GM (1,1) model, and results demonstrated that
the hybrid model showed a better performance than GM (1,1)
or BP neural networks with less deviations and superior
simulation results [22]. According to Meer’s study [19],
there was no single preferred forecasting model that can be
employed in any circumstance, and we should develop the
forecasting model based on characteristics of sample data
sets, industrial context and the issue we addressed.

Since the vital significance of ELV recycling predication
on the industry deployment and planning, this paper
attempts to formulate a forecasting model to predict the
ELV recycling in the Chinese market due to the advantage
of grey method with little data samples [11]. Both ARIMA
and BP neural network prediction models show a good
forecasting performance. However, the prerequisite of these
applications is large number of experimental samples. Since
the ELV industry is at its infancy and the lack of standard
regulations, there are limited samples for ELV recycling
forecasting. Therefore, the grey theory will be employed to
predict ELV recycling amount.

The reminder of this paper is organized as following. The
traditional GM (1, 1) model is described in Section 2.
Subsequently, the modified GM (1, 1) forecasting model is
improved and presented. Section 4 illustrates a numerical
case in terms of ELV recycling amount forecasting. Finally,
we put an end to this paper with some conclusions.

II. GM (1, 1) FORECASTING MODEL

The grey system, proposed by Prof. Julong Deng from the
Huazhong University of Science and Technology in 1982,
has become one of the essential methods that can be applied
to forecast systematically analysis as well as modeling in the
fields of economic social and science areas. In terms of the
development status of ELV recycling industry and the
feature of small sample size, we make full use of GM (1, 1)
model to predict the total amount of ELV recycling amount.

A. GM (1, 1) model predication
Suppose original data is x© =(x(°’ @D, x© (2),...,x(°)(n)) ,

and the primitive data can be used for modeling if it falls in
the admissible coverage range. The original data sequence

can be transferred to X =(x® (1), x” (2),...,x® (n)).
Consider z® (k) is the neighbour value generated by the
data sequence of x® by the following Eq. (1).
29 (K) = ax® (k) - (1— a)x® (k 1) N
Then GM (1, 1) model is defined by a grey differential
equation in the following Eq. (2).
X (K) + z® (k) =b @)
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The two parameters « and b can be estimated by least
square technique found in Eg. (3) - (5).

(ab)’ = (B'B)BY, ©)
_,M —z@ -zt

B:[ 02, -29@) Z”(”)J @
1, 1, ey 1

Yy =(X9@),X9 @), .. x° () ©

Suppose the differential equation of GM (1, 1) model is
found in the following Eg. (6).
@ _
m +ax” =b (6)
The solution of the differential equation of GM (1, 1)
model is also called the time response function, and it is
found by the following equation:
RO (1) = [x(” 0) —Ej et 2 @)
a a
And then, the equation of time response sequence is
depicted in Eg. (8).
b

O (k+1) = [x(l) 0) —gjeat = @®)

Suppose x®(0) =x? 1),k =1,2,...,n—1, and forecasting
equation is generated by accumulative reduction operation
found in Eq. (9).

ROk+D =20 (k+) -2 (k) = (X“” @ —gJa_ea)e-m ©

B. Parameter estimation

Parameters in the grey differential equation play a
significant role on the GM (1, 1) forecasting model, where

« reflects the development tendency of grey system [10, 23].

When —a <0.3, the GM (1, 1) model can be employed for
the mid-long-term predication. When 0.3<-a <05, the
model can be used for the short-term forecasting. When
0.5<—a <1, the traditional GM (1, 1) model should be
modified to improve the forecasting accuracy. When
—a>1, it may be inappropriate to adopt the GM (1, 1)
model for specific predication. The parameter b calling grey
action, reflecting the fluctuation of data variation. Both two
parameters can be calculated by the least square technique.

C. Model validation

To validate the effectiveness and accuracy of the GM (1,
1) forecasting model, three indicators are employed
including residual error, relatiative error and small error
probability P [24, 25].

The residual error is obtained by the following Eq. (10).

&° (k) =x (k) -2 (k) (10)
And the relative error is found in Eq. (11).
q(k) x@ (k) - % (k)
}/(k) - X(O)(k) x100% = T(k) (ll)

Suppose the average and variance of X'” is xand SZ,
and they are calculated by Eq. (12). The average value and
the variance of & can be found in Eq. (13).

2150 2 150 (00 (1) %V
X_n;‘x (k),S: nZ(x (k) x)

k=1

(12)

- 1& 18 —\2
e==3"6" (k)82 == (% (k)-2) (13)
nNia Nz
The ratio of mean variance is calculated by Eq. (14).
S
C==%
3 (14)

While the smaller the C value, the better performance the
forecasting model shows.
The small error probability P is obtained by the Eq. (15).
p=P(|c°(k)-&°| <0.67455, ) (15)

Specifically, when the accuracy of fitting value is more
than 90%, the forecasting model can be regarded as a better
accuracy requirement [24, 26, 27].

I1l. THE IMPROVED GM (1, 1) MODEL

To improve the forecasting accuracy of the GM (1, 1)
model, many improved GM (1, 1) applications are employed
in different industrial sectors. In this study, the residual error
is embedded into the traditional GM (1, 1) forecasting
model.

Suppose the residual error between predication value and

actual value is &°(k)=x@(k)-x?(k), k=k; ks +1...,n.
The wused data of residual error sequences is
£© :(5(0)(k0),g(°)(k0 +1),...,g‘°)(n)) . And then, the

absolute value of residual sequence is obtained in the
following Eq. (16).

= (60 (o (4 () 16

The new time response function is generated by modeling
the residual error ¢© , formulated in Eq. (17).

&v (k+1):{5m (1)—b—}<92’Ik + b, Kk =ky k, +1,...,n
a

a
The same parameter estimation method is employed
similar to the traditional GM (1, 1) forecasting model. The
previous X is replaced by the £© , and the improved GM
(1, 1) model is formulated by the following Eq. (18).
29 (k+1) =89 (k+1)£ &9 (k+1) (18)
Note that the polarity of the residual correction value is
consistent with the © .

(17

IV. NUMERICAL CASE OF ELV RECYCLING
FORECASTING

The improved GM (1, 1) model is developed and
employed to forecast the ELV recycling amount. To verify
the effectiveness and accuracy of the proposed model, the
comparison analysis is implemented in this section as well.

A. Results by traditional GM (1, 1) model

ELV recycling amount data are collected from the
statistical handbook in terms of automobile industry from
the association of renewable resources and re-utilization in
China. Since the ELV recycling industry is in infancy, the
statistical data in the beginning periods may not reflect the
increasing tendency. Therefore, recent smaple data from
2015 to 2018 are collected and used in this study. The
original data sequence is found in Eq. (19).
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<O _ (X(O) 1), X?(2), X (3), x (4)) =

(19)
(187.4,179.8, 174.1, 199.1)
The time response sequence obtained by the GM (1, 1)
model is found in Eg. (20).
™ =(187.4, 370.3275, 565.9386, 774.7702) (20)
The cumulative reduction operation is implemented to
derive the fitting value of ELV recycling amount, illustrated
in Eq. (21)
%@ =(187.4, 182.9275, 195.6111, 208.8316) (21)
The preication accuracy by the traditional GM (1, 1)

model is presented in Tabel 1.
Table 1 Predication results

Year Actual Fitting Residual Stepv_vise Predication
Value Value Error Ratio Accuracy

2015 187.4 187.4 0 /

2016 179.8 182.9 -0.0172 -0.1128 94%

2017 174.1 195.6 -0.1235 -0.1025

2018 199.1 208.8 -0.0487 -0.0487

B. Results by the improved GM (1, 1) model

Similar steps are implemented as above-mentioned
described, and the residual error sequence is presented in Eq.
(22) - (23).

g9 (k) = x® (k) - 89 (k) (22)

@ :(5(0) (ko),g(o) (ko +1),...,g(°) (n)) (23)
The orginal sequence is generated by taking from k, to
n,and £ (k) is the absolute value. The improved GM (1,1)

model is modified by modeling the corrected residual error,
found in Eq. (24).
A() _| -0 b -a (k—kp) b
9 (k+1) {g (k,) a}e +a, (24)

Parameters are estimated by the above-mentioned steps.
And the improved GM (1,1) model revised by £© is
presented in Eq. (25).

ROk +1) =8Ok +D) + & (k +1) (25)

The fitting value by the improved GM (1, 1) model is
calculated in Table 2.

As shown in Table 1 and Table 2, the accuracy of the
traditional GM (1, 1) model is 94%, while the predication
accuracy of the improved GM (1, 1) model achieves to 98%,
demonstrating the better performance of the modified GM
(1,1) model than typical one. Therefore, the improved GM
(1, 1) model can be used to forecast the ELV recycling
amount in 2019, and the specific calculation of ELV
recycling in 2019 is 2.2077 million.

Table 2. Fitting results by the improved GM (1, 1) model

Actual Revised Re\{lsed Relative Predication
Year Residual

Value Value Error Accuracy

Error

2015 187.4 187.4 0 0
2016 179.8 179.8 0 0 98%
2017 174.1 167.2139 6.8861 0.0396 °
2018 199.1 205.5032 -6.4032 0.0322

Note: the actual data comes from the Chinese association of
renewable resources and re-utilization, and C=0.5, P=1.

C. Comparison analysis
To testify the efficiency and advantage of the improved

GM (1, 1) model, the experimental analysis is implemented
by comparing with other forecasting techniques. According
to the observation of the scatter plot mapped by the actual
data, the quadratic curve of non-linear regression model is
introduced to forecast the ELV recycling amount. The
quadratic non-linear regression model is presented in Eq.
(26).
Y, =B+ BX + X +e, (26)
Suppose the residual error of between an observed value
and the estimated value of the regression model is E, and the
parameter estimation formula is presented in Eqg. (27) - (29).

E=Y-Y (27)

Y = XB (28)

ETE=(Y-Y) (Y -Y) (29)

According to the extremum principle, the regression

coefficient matrix B in the non-linear regression model can
be estimated in Eq. (30) — (31).

GETE _a(Y -Y)"(Y -Y)

oB oB
_A(Y'Y -2YXB +B' X" XB) (30)
oB
=2(Y"X) +2(X"X)B=0
B=(X"X)XTY) (31)

The relative coefficient R is calculated by inputting the
estimated parameters, and the non-linear regression model is
formulated, which can be used to forecast the ELV recycling
under the condition that the R value satisfies the fitting
requirement. The accuracy of the regression model is tested
by the standard variation presented in the following Eq.

(32).
S = Z(yi _9i)2
\I n-3

The sample data is input into the regression model
Y, = B+ B.X + B,X +¢,, and the parameters are estimated

by least square method, whose results are presented in the
following Tabel 3.

(32)

Table 3. Results calculated by the nonlinear regression model

Practical Fitting Relaitve
Year Value Value Error R S
2015 187.4 188.84 -0.0076
2016 179.8 175.48 0.024
2017 174.1 178.42 -0.0248 0.9995 6.4399
2018 199.1 197.66 0.0072
220
<4 Actual value
210 — = - EVDby GM (1.1)
— & — EV by regression model Pha i
200 I - - § JLLA!
—=—EV by improved GM (1.1) N /,

ELV recy cling (10 thousand)

2015 2016 2017 2018

Figure 2. Comparison analysis among different forecasting results
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As can be observed in the Table 3, the quadratic
non-linear regression model shows a good performance on
ELV recycling forecasting, and the predication value in
2019 is 2.332 million.

The actual data and estimated values of the ELV
recycling amount by different forecasting models are
presented in the Figure 2, and the gap between practical
value and estimated value among different techniques is
depicted.

From Figure 2, both the improved GM (1, 1) model and
non-linear regression model show superior performance on
forecasting. To verify the proposed improved GM (1, 1)
model, the comparison analysis is performed compared with
non-linear regression model, and the estimated value of
ELV recycling amount is presented in the following Table 4,
as well as the relative error.

As we can see from Table 4, the average relative error of
the improved GM (1, 1) model is about 0.0904, and the
quadratic non-linear regression model 0.0159. Results
derived from the above tables show that there exists positive
deviation for improved GM (1, 1) model, while most of the
estimated is smaller than the actual value of sample data for
the regression model. However, both of the two models have
a satisfactory performance, whose deviation degree does not
exceed 5%. From Table 4, we found that forecasting results
by improved GM (1, 1) model outperformed than nonlinear
regression model with less average deviation.

Due to limitation of sample data for ELV recycling
industry in China, the GM (1, 1) model shows a better
feasibility than regression models due to its grey
characteristics. From the comparison analysis, the feasibility
and effectiveness of the improved GM (1, 1) model is

verified, and it caters to the ELV recycling forecasting.
Table 4. Comparison results among different forecasting models

Estimated Value b .
Forecasting Model);‘ Relative Error
Actual Quadratic Improv Quadratic
Year Value Improved Non-linear -edpGM Non-linear
GM (1,1) ; :
Model Regression 1,1) Regression
Model Model Model
2015 187.4 187.4 188.84 0 0.0076
2016 179.8 179.8 175.48 0 0.024
2017 174.1 167.2139 178.42 0.0396 0.0248
2018 199.1 205.5032 197.66 0.0322 0.0072

D. Discussion

ELV recycling, as a new industry in Chinese market, has
been motivated by an increasing of vehicle ownership and
environmental sustainability requirement [3]. Since ELV
recycling industry is in its infancy, there is not much sample
data for accurate predication. Considering the unique
advantage of grey predication modelling with limited testing
data set. The grey forecasting method is employed to assist
industrial managers to predicate ELV recycling. To improve
the predication accuracy of the model, an extended GM (1,1)
model is developed in our research.

This study offers theoretical contributions for forecasting
techniques and applications. The modified GM (1, 1)
forecasting model is developed to improve the predication
efficiency and the accuracy by defining the residual error
variables. The improved ELV recycling forecasting model
shows a better performance than traditional GM (1,1)
predication model. Also, it outperforms other forecasting
models with less predication error, such as linear regression

and non-linear regression models. From the numercial case
and comparison analysis, the proposed novel GM (1, 1)
forecasting model fits the ELV recycling sector.

In addition, this research provides practical implications
for industrial management of ELV recycling sector. The
developed forecasting model has been utilized to predicate
ELV recycling amount, assisting automobile sector to
perform extended producer responsibility (EPR) and
scientific layout of the ELV recycling industry. Also, the
scientific predication on ELV recycling amount will assist to
achieve sustainability of vehicle supply chain by resource
allocation and regional industry deployment. This ELV
recycling forecasting technique and its industrial application
contributes to the development of EOL industry and
sustainability achievement of automobile industry.

V. CONCLUSION

In this study, the residual error is developed to modify the
traditional GM (1, 1) model, and an improved GM (1, 1)
model is formulated to achieve ELV recycling forecasting.
A numerical case is implemented to validate the feasibility
of the formulated predication model. Besides, experimental
analysis is conducted to verify the performance of the
proposed forecasting model comparing with quadratic
regression model and traditional GM (1, 1) model.

This paper also carries some limitations. Due to
un-standard regulations of the ELV recycling industry in
China, there is not much sample data for predication. The
lack of awareness and regulated legislation cause the slow
development of the ELV recycling sector, also the extreme
unbalance of regional discrepancy contributes to second-car
flowing into black-market. With development of ELV
recycling industry, other regression models and artificial
intelligence-based approaches can be developed in this
industrial sector under the condition of much more sample
data. From viewpoint of the vehicle industry, the theoretical
forecasting in terms of ELV recycling amount can only
make guidance theoretically, and how to make some
constructive guidance for industrial deployment and
improvement of recycling utilization, also relies on the
positive involvement from different stakeholders, for
instance the renewable organizations, OEMSs, and the
individual vehicle consumers.
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