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Abstract: In order to solve the problem of environmental governance investment planning in the
transportation industry, a cost prediction model is proposed under technological constraints, where the
input output indictors emphasizes the flexibility of prediction and its characters are asymmetric,
while the constructs of prediction model focuses on the standardization and its characters are
symmetrical. The basic principle of the cost prediction model is based on an extended belief rule-based
(EBRB) system to model the input-output relationship in investment planning, and a parameter
learning model to improve the accuracy of the EBRB system. Additionally, the technological
innovation factors are also embedded in the cost prediction model to investigate the influence of
technology-related outcomes on investment planning. Finally, based on the data of environmental
governance in China’s transportation industry from 2003 to 2016, the cost of transportation industry
environmental management in China’s thirty provinces from 2017 to 2033 is predicted under the
constraints of technological innovation. Results show that: (1) the accuracy of the proposed cost
prediction model is higher than some existing cost prediction methods; (2) the predicted environmental
governance costs have a significant regional difference; (3) the upgrading of technological innovation
is conducive to saving the future environmental governance costs of the transportation industry in
some provinces. In addition to the above results, the present study provides model supports and
policy references for government decision makers in transportation industry-related environmental
cost planning.

Keywords: cost prediction; extended belief rule-based system; environmental governance;
technological constraints

1. Introduction

The transportation industry is one of the three major carbon emission industries in China [1].
With the development of economies, the pollution emissions of the transportation industry increased
rapidly. Reducing the pollution emission of the transportation industry has become one of the
important tasks for countries in the world to deal with global warming [2]. The energy consumption
of the transportation industry is larger than other industries, which involving more human, material
and financial cost investment, and it is also one of the important factors affecting low-carbon
development [3]. Effective cost planning and prediction can avoid the blind cost investment in
low-carbon development, make the resources be effectively allocated and promote the sustainable
development of the transportation industry [4].

Environmental governance cost refers to the cost of manpower, assets and energy invested by
the government and enterprises in the process of environmental pollution discharge and control.
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The cost of environmental governance used in this paper is determined according to the principle of
indicator selection in previous studies, in which labor, capital and energy consumption are common
input costs of environmental pollution control. The environmental governance cost prediction of the
transportation industry is the focus of low-carbon development. Existing studies on environmental
cost mainly focus on the relationship between management cost and carbon emissions, such as the
input-output performance analysis of carbon emissions based on data envelopment analysis (DEA) [5],
the cost saving effect of carbon emission trading mechanism [3] and the environmental cost difference
under different emission reduction measures [6]. In these studies, many scholars believed that the
improvement of the existing environmental governance cost input mechanism is an important way
to reduce carbon emissions [7–9]. Previous studies have also proposed different environmental cost
calculation methods. For example, Yang et al. [7] predicted the cost of carbon compensation according
to the carbon deficit theory, and also proposed the concept of social carbon cost to calculate the loss
value of excessive carbon emissions on economic costs. In addition, there are some studies to measure
environmental costs by exploring carbon prices, which are mainly based on the analysis of China′s
carbon trading market mechanism [10]. However, few studies focused on environmental governance
cost prediction of a specific industry. In other words, for the environmental governance cost prediction
in the transportation industry, there is no effective method to investigate and predict the environmental
governance cost in domestic research.

From the model construction of environmental cost prediction, the existing environmental
governance cost prediction mainly focused on the impact of pollution emissions on economic cost loss,
and the relevant methods are mainly linear regression analysis or theoretical analysis. For example,
Lin et al. [11] used the generalized moment system estimation method of simultaneous equations to
investigate the relationship between China′s urbanization, carbon emissions and economic growth,
so as to evaluate the cost of carbon emissions, and analyze the future carbon emission strategies.
The existing cost prediction methods mainly focus on the consideration of the overall environmental
governance cost, such as the grey system model (GM (1.1)) [4], the adaptive neural fuzzy inference
system (ANFIS) [12], etc. Therefore, it can be found that the current researches on environmental
governance cost prediction methods have the following limitations: (1) the studies on environmental
governance cost were mainly based on strategy or goal orientation, and the relevant prediction methods
failed to obtain the environmental governance cost prediction value of the transportation industry
in the future; (2) although the existing studies have carried out a certain correlation analysis on the
relationship between environmental management and technological innovation, the construction of
environmental governance cost prediction model under technical constraints has not yet been realized;
(3) the cost prediction methods were mainly based on the field of environmental governance [13],
and rarely involved the future cost prediction of different industries.

Therefore, to overcome the limitations of the existing studies, this paper proposes an environmental
governance cost prediction model based on an extended belief rule-based (EBRB) system and
technological constraints, in which the EBRB system was proposed by Liu et al. [14] and has
demonstrated its excellent prediction performance on many real problems [15]. According to the
modeling mechanism of EBRB system, historical input-output data pairs can be used to efficiently
generate an extended belief rule base, which is the rule base of the EBRB system, and the basic
parameters in the rule base should be optimized to enhance the accuracy of the EBRB system [16].
Hence, a parameter learning method is proposed to optimize basic parameters by using historical
input-output data pairs for better cost prediction. Moreover, the technological innovation is an important
factor in the environmental governance cost prediction of the transportation industry, so the influence
of technology-related outcomes on investment planning is regarded as a dependent variable to adjust
the predicted costs by the proposed model for environmental governance cost prediction of the
transportation industry.

To validate the effectiveness of the proposed model, the data of China’s environmental statistical
yearbook, China′s energy statistical yearbook, and China’s statistical yearbook from 2004 to 2017 are
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selected as historical data to build a cost prediction model for predicting the costs of the transportation
industry related to 30 provinces in the mainland of China (except Taiwan and Tibet), in which the
environmental governance inputs and outputs of the transportation industry for each province from
2003 to 2016 are taken as training data. Additionally, based on the policy objectives of the 13th five
year plan and the technological innovation differences among different provinces, the environmental
governance costs of the transportation industry in China from 2017 to 2033 are regarded as the targets
to be predicted using the proposed model. In the comparison of existing methods, some commonly
used cost prediction methods are introduced to compare accuracy with the proposed model and
its effectiveness is also verified by considering the constraints of technological innovation in the
transportation industry, which provides a certain reference for the government to make effective
environmental cost budget.

2. A Review of Traditional EBRB System

The EBRB system was proposed by Liu et al. [14] and has been widely used in various prediction
problems [15]. An EBRB system consists of a series of extended belief rules with embedding the belief
structure into all attributes, where the kth rule (k = 1, . . . , L) can be expressed as:

Rk :IF U1 is {(A1, j,αk
1, j); j = 1, . . . , J1} and · · · and UM is {(AM, j,αk

M, j); j = 1, . . . , JM},

THEN D is {(Dn, βk
n); n = 1, . . . , N}

(1)

where αk
i, j(0 ≤ α

k
i, j ≤ 1) and βk

n(0 ≤ βk
n ≤ 1) are the belief degrees of referential value Ai,j and consequent

Dn in the kth rule; δi(0 < δi ≤ 1) and θk(0 < θk ≤ 1) are the weight of the ith antecedent attribute and
the kth rule. Furthermore, the extended belief rules of an EBRB system are generated from a set of
input-output data pairs without any iterative optimization algorithm, the specific steps in the case of
having M input indicators Ui (i = 1, . . . , M) and one output indicator D for the cost prediction in the
transportation industry can be expressed as follows:

Step 1: To initialize the basic parameters of an EBRB system. The basic parameters, including the
utility value u(Ai,j) of all referential values, the utility value u(Dn) of all consequents Dn (n = 1, . . . , N),
and the weight of all input attributes δi (i = 1, . . . , M), should be determined by using the domain
knowledge of experts.

Step 2: To calculate the belief degree of all indicators. Firstly, T training data <xt, yt> (k = 1, . . . , T)
are used to generate extended belief rules, where xk = (xk,1, . . . , xk,M) denotes the input vector of the
kth training data, xk,i represents the input data corresponding to the ith input indicator in the kth input
indicator vector, and yk represents the kth output data. On the basis of the utility-based transformation
method, these T input-output data pairs can be transformed into the belief degree of input and output
indicators in an extended belief rule. The calculation formula of belief degree in the ith input indicator
is as:

S(xk,i) = {(Ai, j,αk
i, j); j = 1, . . . , Ji} (2)

where

αk
i, j =

u(Ai, j+1) − xk,i

u(Ai, j+1) − u(Ai, j)
and αk

i, j+1 = 1− αk
i, j, i f u(Ai, j) ≤ xk,i ≤ u(Ai, j+1) (3)

αk
i,t = 0, f or t = 1, . . . , Ji and t , j, j + 1 (4)

Similarly, the belief degree of output indicator can be calculated as follows:

S(yk) = {(Dn, βk
n); n = 1, . . . , N} (5)
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Step 3: To calculate the rule weights of the EBRB system. Firstly, according to the belief degrees
of input and output indicators obtained from Step 2, the similarity of rule antecedent (SRA) and
consequent (SRC) are calculated as follows:

SRA(Rl, Rk) = 1−maxt=1,...,M


√∑Jt

j=1 (α
l
t, j − α

k
t, j)

2

2

; l = 1, . . . , L; l , k (6)

SRC(Rl, Rk) = 1−

√∑N
n=1 (β

l
n − β

k
n)

2

2
; l = 1, . . . , L; l , k (7)

Next, the inconsistency of the kth rule can be obtained by:

ID(Rk) =
∑L

l=1,l,k

1− exp

−
(

SRA(Rl,Rk)
SRC(Rl,Rk)

− 1
)2

(
1

SRA(Rl,Rk)

)2


 (8)

Finally, the weight of the kth rule is calculated by:

θk = 1−
ID(Rk)∑L

j=1 ID(R j)
(9)

3. Environmental Governance Cost Prediction by EBRB System for the Transportation Industry

In order to improve the performance of the ERBB system in the cost prediction in the transportation
industry, parameter learning is introduced to optimize the basic parameters of the EBRB system in
Section 3.1, and the technology constraint is considered to adjust the EBRB system in Section 3.2.

3.1. Parameter Learning to Optimize Basic Parameters of EBRB System

In the generation of traditional EBRB system in Section 2, the values of basic parameters are
usually given by experts, which have a certain subjectivity, and are therefore impossible to ensure the
high accuracy of the EBRB system. Therefore, a parameter learning model is introduced to improve
the EBRB system. Considering that the basic parameters in the EBRB system include indicator weights,
utility values of referential values for all input indicators and consequents for consequent attribute,
the corresponding constraints can be defined as follows:

(1) For the indicator weight of the ith input indicator, the constraint conditions are as follows:

0 < δi ≤ 1; i = 1, . . . , M (10)

(2) For the utility values of the ith input indicator, the constraint conditions are as follows:

u(Ai, j) ≤ u(Ai, j+1); i = 1, . . . , M; j = 1, . . . , Ji − 1 (11)

u(Ai,1) = lbi; i = 1, . . . , M (12)

u(Ai,Ji) = ubi; i = 1, . . . , M (13)

where lbi and ubi is the lower and upper bounds of ith input indicator.
(3) For the utility values of the output indicator, the constraint conditions are as follows:

u(Dn) ≤ u(Dn+1); n = 1, . . . , N − 1 (14)
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u(D1) = lb (15)

u(DN) = ub (16)

where lb and ub is the lower and upper bounds of output indicator.

For the objective function of parameter learning of EBRB system, suppose that there are T
input-output data <xt, yt> (t = 1, . . . , T) and the inference result of the EBRB system for each data is
f (xt), the objective function is defined as follows:

min MAE({δi, u(Ai, j), u(Dn)}) =
∑T

t=1

∣∣∣yt − f (xt)
∣∣∣ (17)

In order to obtain the minimum values of the objective function shown in Equation (17) under
the constraints shown in Equations (10) to (16), a differential evolution (DE) algorithm in further
introduced and the detailed processes are as follows:

Suppose that the basic parameters in the EBRB system are optimized through C individuals and S
iterations in the DE algorithm, in which the basic parameters in the cth individual and the sth iteration
can be expressed as:

Ps,c = {ps,c
k ; k = 1, . . . , K} = {δs,c

i , u(Ai, j)
s,c, u(Dn)

s,c
}; s = 1, . . . , S; c = 1, . . . , C (18)

where δs,c
i denotes the indicator weights of i (i = 1, . . . , M) input indicator; u(Ai, j)

s,c is the utility value

of Ai,j; u(Dn)
s,c is the utility value of Dn; ps,c

k denotes the kth basic parameter; K denotes the total
number of basic parameters. When ubk and lbk are the upper and lower bounds of kth parameter ps,c

k ,
the initial values of basic parameters can be obtained:

p0,c
k = lbk + (ubk − lbk) × random (0, 1); c = 1, . . . , C; k = 1, . . . , K (19)

Next, in the sth iteration, for any individual Ps,c, three different individuals Ps,c1 , Ps,c2 and Ps,c3

are randomly selected from C individuals, and then a new individual Ps,c0 is generated:

ps,c0
k =

{
ps,c

k , i f random (0, 1) > CR
ps,c1

k + F× (ps,c2
k − ps,c3

k ), otherwise
; c = 1, . . . , C; k = 1, . . . , K (20)

where F is the cross factor, CR is the variation factor.
Then, in the sth iteration, when the parameter value of Ps,c0 exceeds the constraint conditions,

the value is re assigned according to Equation (19). The value of the objective function shown in
Formula (17) is calculated by the parameter value Ps,c0 , and finally Ps,c is updated by:

Ps,c =

{
Ps,c0 , i f MAE(Ps,c0) < MAE(Ps,c)

Ps,c, otherwise
(21)

Finally, when the total number of iterations is equal to the given number of iterations, the minimum
objective function value is taken as the optimal value and the corresponding basic parameters as the
optimal parameters of EBRB system.

3.2. Cost Prediction Using the Improved EBRB System with Technological Constraints

After obtaining the EBRB system improved by the parameter learning model, technological
constraints are considered to improve the rule inference process of EBRB system, which is used to
produce an output for replying any given input data. Based on the original rule inference of EBRB
system in 14, the rule inference process under technological constraints has the following steps:

Step 1: To calculate technological innovation factors for the EBRB system. Suppose that P
technological innovation indicators are used to calculate technological innovation factors and their
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historical data are zk,p (k = 1, . . . , T; p = 1, . . . , P). Due to the incommensurability among these P
indicators, the historical data of these indicators need to be normalized to eliminate dimensional
units using

zk,p =


zk,p−mini=1,...T{xk,i}

maxi=1,...S{zk,i}−mini=1,...S{zk,i}
, zk,p ∈ ΩPositive

maxi=1,...S{zk,i}−zk,p
maxi=1,...S{zk,i}−mini=1,...S{zk,i}

, zk,p ∈ ΩNegative
(22)

where zk,p is the normalized value of the pth (p = 1, . . . , P) indicator in the kth (k = 1, . . . , T) data;
zk,p ∈ ΩPositive denotes that zk,p is the positive value which is larger the better; zk,p ∈ ΩNegative denotes
that zk,p is the negative value which is larger the better.

Afterwards, the normalized values are used to calculate the technological innovation factors of
the kth data, denoted as TIFk, by:

TIFk =
∑P

p=1
zk,p (23)

Step 2: To consider technological constraint in the EBRB system. When the technological
innovation factors TIFk (k = 1, . . . , T) are considered in the EBRB system, an extended dataset can be
generated by combining the original data <xk, yk> (k = 1, . . . , T) and the technological innovation
factors TIFk, namely <xk, TIFk, yk>. On the basis of the new dataset and taking the technological
innovation factor as a new input indicator of the EBRB system, an EBRB system with the consideration
of technological constraint can be generated, according to Sections 2 and 3.1.

Step 3: To calculate the activation weight of each rule. Suppose that a new input data vector
including technological innovation factor, denotes as x = (xi; i = 1, . . . , M + 1), is provided for the EBRB
system, and the input data can be transformed into belief distribution S(xi) = {(Ai, j,αi, j); j = 1, . . . , Ji}

using Equations (3) and (4). Afterwards, the activation of the kth (k = 1, . . . , L) rule can be calculated
as follows:

wk =
θk

∏M+1
i=1 (Sk(xi, Ui))

−

δi

∑L
l=1 (θl

∏M+1
i=1 (Sl(xi, Ui))

−

δi)

,
−

δi =
δi

maxi=1,...,M+1{δi}
(24)

where δi is the weight of the ith indicator; θk is the weight of the kth rule; Sk(xi, Ui) denotes the
individual matching degree of input indicator for the kth rule and it can be calculated as follows:

Sk(xi, Ui) = 1− dk(xi, Ui) = 1−

√∑Ji
j=1 (αi, j − αk

i, j)
2

2
(25)

where αk
i, j( j = 1, . . . , Ji) is the belief degree of the kth rule in referential value Ai,j; dk(xi, Ui) denotes the

distance between input data and rule, then the active weight can be calculated:
Step 4: To integrate all activated rules based on the evidence reasoning (ER) algorithm.

According to the analytical ER algorithm, the rule which has activation weight wk > 0 should
be integrated by:

βn =

∏L
k=l (wkβ

k
n + 1−wk

∑N
i=1 β

k
i ) −

∏L
k=l (1−wk

∑N
j=1 β

k
j)∑N

i=1
∏L

k=l (wkβ
k
i + 1−wk

∑N
j=1 β

k
j) − (N − 1)

∏L
k=l (1−wk

∑N
j=1 β

k
j) −

∏L
k=l (1−wk)

(26)

Next, when the utility values for N consequents of output indicators are {u(Dn); n = 1, . . . , N},
the predicted cost for the environmental governance in the transportation industry can be obtained by:

f (x) =
∑N

i=1
(u(Di)βi) +

u(D1) + u(DN)

2
(1−

∑N

i=1
βi) (27)
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For the above-mentioned cost prediction process using the EBRB system, it is worth noting that,
when future input data are provided, the EBRB system is also able to predict the future costs used for
environmental governance in the transportation industry. The detailed steps are as follows:

Step 1: To calculate the future input data of the EBRB system. Suppose that the input indicators
of the EBRB system can be divided into two categories: positive and negative. The positive indicators
are those indictors for maximization, such as benefit, whose values are always the larger the better.
The negative indicators are those for minimization, such as cost, whose values are better when smaller.
The values of the rth positive (r = 1, . . . , M1) attribute and the f th (f = 1, . . . , M2) negative attribute
are denoted as x̂(t)r and x̂(t)f in the future the tth (t = 0, . . . , ∞) year. Additionally, suppose that ar is
the target change ratio of the rth positive indicator and bf is the target change proportion of the f th
negative indicator of the transportation industry in the future. Hence, the calculation of the future
input data of the EBRB system can be obtained as follows:

x̂(t)r =

 xr; i f t = 0

(1 + ar)x̂
(t−1)
r ; otherwise

; r = 1, . . . , M1 (28)

x̂(t)f =

 x f ; i f t = 0

(1− b f )x̂
(t−1)
f ; otherwise

; f = 1, . . . , M2 (29)

Step 2: Future cost prediction with technological constraints. According to the future input
data x̂(t)r and x̂(t)f of the transportation industry, the predicted environmental governance costs in the
transportation industry can be obtained according to Equations (24) to (27).

4. Case Study of Cost Prediction in the Transportation Industry

In this section, the proposed model shown in Section 3 is used to predict the environmental
governance cost of China′s transportation industry, in which the data resource and variable
determination are introduced in Section 4.1, the model development and results discussion are provided
in Section 4.2 and future environmental governance cost prediction with technology constraint is
shown in Section 4.3.

4.1. Data Resource and Variable Determination

The cost prediction for the transportation industry is mainly based on environmental input and
output historical data of 30 provinces in mainland China (except Tibet and Taiwan) from 2004 to
2017. These historical data are derived from the China Environmental Statistical Yearbook, the China
Energy Statistical Yearbook and the China Statistical Yearbook. In order to ensure that the input and
output indicators of the transportation industry are consistent with existing studies, the input-output
indicators applied in the previous studies are shown in Table 1. Thus, in this study, the industrial added
value (IAV) of the transportation industry and the carbon dioxide (CO2) emissions of the transportation
industry are taken as input indicators, and the labor input, capital investment and energy consumption
of the transportation industry are taken as output indicators. The statistical analysis of specific input
and output indicators is shown in Table 2.

Table 1. Statistical analysis of specific input and output indicators.

References Input-Output Indicators

Chen et al., 2017 [4]; Ye et al., 2020 [12];
Ye et al., 2019 [17]; Long et al., 2018 [18]

GDP, CO2, labor input, capital investment,
energy consumption

Zhang et al., 2020 [19]; Cheng et al., 2017 [20]; CO2
Wang et al., 2020 [21] Labor input, capital investment

Svensson et al., 2005 [22] Energy consumption
Vanesa et al., 2018 [23] CO2, energy consumption
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Table 2. Statistical analysis of specific input and output indicators.

Indicator
Input Indicator Output Indicator

IAV CO2 Labor Capital Energy

Max 3210 6727 85.4 3738 3139
Min 28.12 18.96 2.82 31.88 10.64

Average 706.7 1705 23.53 759.8 767.2
Std 600 1233 14.03 656.7 564

Unit 107 RMB 104 Tons 104 People 107 RMB 104 Tons

The labor and capital input has highly related to the increase of IAV in transportation development,
and the transportation industry is one of the three major CO2 emission industries in China, so taking
carbon dioxide as an input indicator can better fit the actual environmental governance process of
the transportation industry. In this paper, cost prediction is the goal of this study, so in the model
construction, labor, capital and other indicators related to cost are taken as the output indicators of the
prediction model, while pollution emissions and industrial added value are taken as input indicators.

In addition to the input and output indicators in Table 2, technological innovation is also a key
factor that can affect the environmental governance cost of the transportation industry. Therefore,
technological innovation factor (TIF) is regarded as one of input indicators in the cost prediction model,
in which the indicators related to TIF and their specific representation are summarized in Table 3.

Table 3. Statistical analysis of technological innovation indicators.

Indicator Student in University Education Funding New Product New Patent

Max 890 28,915,729 66,843 236,918
Min 305 1,724,469 126 393

Average 541 10,040,558 13,062 25,658
Std 120 5,993,580 18,762 46,008

Unit People 104 RMB Item Item

According to the 13th five year development plan put forward by the Chinese government in
2016, GDP should grow at the rate of 6.5% per year, and the carbon dioxide emission should decrease
at the rate of 2.085%. Assuming that the level of technological innovation increases by 5% per year,
the target input value of environmental governance cost of China′s transportation industry from 2017
to 2033 can be obtained. The specific statistics are shown in Table 4.

Table 4. Statistical analysis of target input indicators.

Indicator IAV CO2 TIF

Max 9363 6512 4.17
Min 101 181 0.09

Average 2161 1793 1.49
Std 1658 1093 0.708

Unit 107 RMB 104 Tons -

4.2. Model Development and Results Discussion of Cost Prediction with Technological Constraint

In this section, the application of the proposed model is introduced to specifically show the
process of predicting the environmental governance cost in the transportation industry. Without of loss
generality, the prediction of Beijing’s energy consumption from 2016 to 2033 is taken as an example
when considering technological constrains.

Firstly, according to Section 3.2, a technological innovation factor should be calculated based on
the technological innovation indicators shown in Table 3, because of considering the technological
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innovation factor in the cost prediction models. Adding to the data of input and output indicators
shown in Table 2, the initial value of the basic parameters used to generate an EBRB system can be
determined by equally splitting the range of lower and upper bounds in each indicator when the
number of utility values in input and output indicators are assumed to be five, namely very low (VL),
low (L), medium (M), high (H) and very high (VH). The details of these initial values of the basic
parameters are shown in Table 5.

Table 5. Initial values of key parameter in energy consumption prediction of Beijing.

Indicator Type Indicator Name
Utility Values Indicator Weight

u(VL) u(L) u(M) u(H) u(VH) δi

Input indicator IAV 310 478 647 815 983 1
CO2 64 613 1163 1713 2262 1
TIF 1.32 1.58 1.85 2.12 2.38 1

Output indicator Energy 18.84 276 534 792 1050 -

According to the parameter learning shown in Section 3.1, the optimized values of the basic
parameters can be obtained when setting 600 iterations for the DE algorithm. The specific iterative
process is shown in Figure 1. It is clear from Figure 1 that the iterative results tend to converge and the
error between the predicted cost and the actual cost is minimized after 600 iterations. The optimized
values of the basic parameters are shown in Table 5. It can be seen from Table 5 that the weight of
IAV is the largest, which is 0.8318, followed by the weight of CO2, which is 0.8220. The weight of TIF
is lower than that of IAV and CO2, which is 0.7787. From the view of the utility values of input and
output indicators, the utility values of all indicators have certain changes compared with the initial
value shown in Table 4. For example, the initial utility values of IAV are {u(VL) = 310, u(L) = 478,
u(M) = 647, u(H) = 815, u(VH) = 983} in Table 5 and the optimized utility value of IAV are {u(VL) = 310,
u(L) = 529, u(M) = 714, u(H) = 814, u(VH) = 983} in Table 6.
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Figure 1. Parameter learning process of energy prediction.

Table 6. Optimal values of key parameter in energy consumption prediction of Beijing.

Indicator Type Indicator Name
Utility Values Indicator Weight

u(VL) u(L) u(M) u(H) u(VH) δi

Input indicator IAV 310 529 714 814 983 0.8318
CO2 64 955 1437 1621 2262 0.8220
TIF 1.32 1.49 1.85 1.91 2.38 0.7787

Output indicator Energy 18.84 215 454 783 1050 -

Based on the optimal values of basic parameters, the belief distributions and rule weights of the
EBRB system can be generated from environmental input and output historical data according to
Section 2, and the predicted environmental governance cost of each province can be obtained according
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to Section 3.2. Figure 2 shows the fitting degree and prediction error between the predicted costs and
the actual costs. It is obvious that the predicted values fit well with the actual value from 2004 to 2017.
The prediction error of most provinces is less than 10 and the cost prediction error in 2014 is about 30,
which is actually only 2.9% of the actual value, according to the actual energy consumption of Beijing
in 2014 to 2017.
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Figure 2. Energy prediction results and prediction error in Beijing.

Based on the above-mentioned of model development for a cost prediction model,
the environmental governance costs of 30 provinces in China can be accurately predicted as well, using
the input and output data of transportation environmental governance of 30 provinces in the mainland
of China from 2003 to 2016. According to Figures 3–5, it can be found that the compared results
between actual cost and predicted cost in different regions show a high fitness, and the prediction
error is lower in labor and energy prediction compared to capital prediction, but most regions’ cost
prediction have shown high accuracy.

Symmetry 2020, 12, x FOR PEER REVIEW 10 of 16 

 

2014 is about 30, which is actually only 2.9% of the actual value, according to the actual energy 
consumption of Beijing in 2014 to 2017. 

 
Figure 2. Energy prediction results and prediction error in Beijing. 

Based on the above-mentioned of model development for a cost prediction model, the 
environmental governance costs of 30 provinces in China can be accurately predicted as well, using 
the input and output data of transportation environmental governance of 30 provinces in the 
mainland of China from 2003 to 2016. According to Figures 3–5, it can be found that the compared 
results between actual cost and predicted cost in different regions show a high fitness, and the 
prediction error is lower in labor and energy prediction compared to capital prediction, but most 
regions’ cost prediction have shown high accuracy. 

 
Figure 3. Compared results between actual labor and predicted labor in different regions. 

 
Figure 4. Compared results between actual capital and predicted capital in different regions. 

0

5

10

15

20

25

30

35

0

200

400

600

800

1000

1200

pr
ed

ic
tio

n  
er

ro
r

En
er

gy
 p

re
di

ct
io

n

Prediction error Actual value Predicted value

0
10
20
30
40
50
60
70
80
90

Be
iji

ng
Ti

an
jin

H
eb

ei
Sh

an
xi

N
ei

m
en

gg
u

Li
ao

ni
ng

Ji
lin

H
ei

lo
ng

jia
ng

Sh
an

gh
ai

Ji
an

gs
u

Zh
ej

ia
ng

A
nh

ui
Fu

jia
n

Ji
an

gx
i

Sh
an

do
ng

H
en

an
H

ub
ei

H
un

an
G

ua
ng

do
ng

G
ua

ng
xi

H
ai

na
n

Si
ch

ua
n

Ch
on

gq
in

g
G

ui
zh

ou
Y

un
na

n
Sh

an
nx

i
G

an
su

Q
in

gh
ai

N
in

gx
ia

X
in

jia
ng

Actual Labor Predicted Labor

0
500

1000
1500
2000
2500
3000
3500
4000

Be
iji

ng
Ti

an
jin

H
eb

ei
Sh

an
xi

N
ei

m
en

gg
u

Li
ao

ni
ng

Ji
lin

H
ei

lo
ng

jia
ng

Sh
an

gh
ai

Ji
an

gs
u

Zh
ej

ia
ng

A
nh

ui
Fu

jia
n

Ji
an

gx
i

Sh
an

do
ng

H
en

an
H

ub
ei

H
un

an
G

ua
ng

do
ng

G
ua

ng
xi

H
ai

na
n

Si
ch

ua
n

Ch
on

gq
in

g
G

ui
zh

ou
Y

un
na

n
Sh

an
nx

i
G

an
su

Q
in

gh
ai

N
in

gx
ia

X
in

jia
ng

Actual Capital Predicted Capital

Figure 3. Compared results between actual labor and predicted labor in different regions.
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Figure 4. Compared results between actual capital and predicted capital in different regions.
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Figure 5. Compared results between actual energy and predicted energy in different regions.

In order to effectively verify the accuracy of the proposed model, the accuracy of the proposed cost
prediction model is compared, with two existing cost prediction models, namely GM (1.1) and ANFIS.
The effectiveness of different cost prediction models is measured by the following criteria: (1) average
absolute error (MAE); (2) average absolute percentage error (MAPE). The specific comparison results
are shown in Table 7, when using the environmental input and output historical data of 2017 as testing
data. It can be found from Table 7 that the accuracy of the proposed model is higher than that of GM
(1.1) and ANFIS, in both MAE and MAPE. In the comparison of MAE, the error of GM (1.1) is the largest
and the average error of energy consumption is 2843, while the average error of cost prediction of the
proposed model is only 1.6, 350 and 82, which is significantly less than the other two models. In the
comparison of MAPE, the prediction error of the proposed model in labor and energy consumption
is less than 0.1, and the prediction error of capital investment is only 0.22, which is far less than the
two models. Thus, it can be concluded that the proposed model has a higher accuracy than GM (1.1)
and ANFIS.

Table 7. Performance of different models in cost prediction.

GM (1.1) ANFIS Proposed Model

Labor Capital Energy Labor Capital Energy Labor Capital Energy

MAE 36 1689 2843 7.3 894 523 1.6 350 82
MAPE 1.20 56.30 94.75 0.27 0.56 0.59 0.05 0.22 0.08

4.3. Future Environmental Governance Cost Prediction with Technology Constraint

In order to analyze the influence of technological innovation on the environmental governance
cost of the transportation industry, the data from 2003 to 2016 of 30 provinces in China are used as
training data to construct the environmental cost prediction model according to the process of model
development shown in Section 4.2. Consequently, the specific predicted environmental governance
costs of each province from 2017 to 2033 under the consideration of technological innovation are shown
in Figure 3. Noting that, in order to reflect the time variation difference of environmental governance
costs under the constraint of technological innovation, the predicted environmental governance costs
of Beijing from 2017 to 2033 are taken as example to obtain the three types of predicted costs of Beijing,
which are shown in Figure 6a–c.

From Figure 6, it can be clearly found that the cost of the transportation industry in Beijing
presents a certain downward trend with the increase of TIF, which is defined to be the growth of
5% per year, because the energy consumption has the highest decline rate, and labor has the lowest
decline rate. The possible reason is that the main role of technological innovation lies in the field of
energy conservation and new energy development, and has a relatively small impact on employment
in the transportation industry. From the impact of technological innovation on capital investment,
technological innovation is also conducive to reducing capital investment. Based on the target IAV and
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CO2 emissions, it is clear that the promotion of technological innovation can reduce the cost input to
a certain extent, and realize the effective utilization of resources.Symmetry 2020, 12, x FOR PEER REVIEW 12 of 16 
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In order to further clearly compare the differences of transportation industry costs in different
provinces from 2017 to 2033, the predicted averages costs for labor, capital and energy consumption of
each province from 2017 to 2033, with the improvement of technological innovation, are shown in
Figure 7. It is obvious from Figure 4 that Guangdong province will occupy the highest value in the
future cost input, with an average energy consumption and capital input of 2500 and a labor input of
about 70. In contrast, the cost input of Northwest China and Hainan Province is lower than that of other
provinces, such as Gansu, Qinghai, Ningxia and Xinjiang, while the cost input of eastern coastal areas
is significantly higher than that of other provinces, such as Guangdong, Beijing, Jiangsu, Shandong and
Shanghai, these regional difference related to the different development of the transportation industry
in China.Symmetry 2020, 12, x FOR PEER REVIEW 13 of 16 
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Figure 7. Average environmental governance cost prediction of each provinces from 2017–2033.

In order to effectively analyze the impact of technological innovation on environmental governance
cost investment, the predicted costs from 2017 to 2033, without considering the improvement of
technological innovation, are shown in Figure 8.
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Figure 8. Influence of technological innovation on cost prediction.

It can be found from Figure 8 that the difference between energy consumption and labor input
is greater than 0 when the technological innovation is not considered, which indicates that the cost
input increases without considering the technological innovation. From the perspective of capital
investment, the cost input without considering technological innovation is significantly higher than that
considering technological innovation from 2017 to 2024, and the difference is greater than 0. However,
the difference is less than 0 after 2025. The main reason is that the investment in technology may crowd
out part of capital investment with the improvement of technology. However, the difference of capital
between 2025 and 2033 is only within 2000, and technological innovation has a significant influence on
reducing energy consumption and labor cost input.

5. Conclusions

In this study, a novel environmental governance cost prediction model based on the EBRB system,
parameter learning model, and technological constraints was proposed in the transportation industry,
in which the EBRB system is used to model the relationship among input and output indicators in
environmental governance; the parameter learning model is used to improve the accuracy of the
EBRB model; and the constraint of technological innovation is added in the EBRB system to analyze
the impact of technological innovation on environmental governance costs. The real data of China’s
transportation industry from 2003 to 2016 are used as training data to predict the environmental
governance costs of 30 provinces in China from 2017 to 2033. The specific conclusions are as follows:

(1) In the term of constructing cost prediction model, the original EBRB system is improved through
the parameter learning model and DE algorithm, so as to ensure the EBRB system has an accurate
basic parameters to ensure the accuracy of the EBRB system, and avoid the influence of experts’
subjectivity on basic parameters. Moreover, by using the historical data of the transportation
industry in 30 provinces of China as training and testing data, it demonstrates that the prediction
error of the proposed cost prediction model is smaller than some exiting model, such as GM (1.1)
and ANFIS.

(2) According to the policy of China’s 13th five year plan, the future values of IAV, CO2 and technology
innovation level of the transportation industry from 2017 to 2033 are calculated by combining with
the cost input and pollution situation of the transportation industry. Moreover, all these future
values are used as the inputs of the proposed environmental governance cost prediction model to
predict the cost of the transportation industry of each province from 2017 to 2033. The results
show that the regional difference of cost forecast value is consistent with the regional difference
of transportation industry and economic development in China, which demonstrates that the
future cost input in Northwest China is low, while that in eastern coastal area is higher.

(3) With the aim of analyzing the impact of technological innovation on the cost input of the
transportation industry, the technological innovation factor is calculated and used in the EBRB



Symmetry 2020, 12, 1352 14 of 15

system to propose a cost prediction model with the consideration of technological constraints.
From the research results, the impact of technological innovation on energy consumption and fixed
asset investment is greater than that of labor cost. The reason is that technological innovation has
a more significant effect on the renewal of fixed assets and equipment, the development of clean
energy technology and energy conservation, and has a lower impact on labor force employment.
In terms of the impact of technological innovation on the overall cost input, the future energy
consumption cost and labor cost, without considering technological innovation, are higher than
the cost of considering technological innovation.

Additionally, based on the above conclusions, some policy recommendations are as following:
First, the improvement of the environmental cost planning system. From the existing researches,

it can be found that a feasible cost planning system based on policy objectives is not only conducive to
the effective regulation of environmental management by decision makers, but is also conducive to
avoiding blind cost investment in transportation management, so as to realize the effective utilization
of resources. The construction of a scientific and sound cost planning system requires decision
makers to make a plan in advance, according to the current policy objectives and financial revenue,
and combine with the existing environmental management cost investment and environmental
management experience. If necessary, the specific cost input budget can be made with the help of
relevant prediction models or expert group policies.

Second, the reduction of regional differences in the development of the transportation industry.
The results of this study showed that the environmental governance cost investment of the transportation
industry is consistent with the development of transportation in different regions. Transportation is
one of key factors affecting the development of regional economy, which determines the source of
investments in environmental management or other environmental pollution emission management.
Therefore, it is necessary to strengthen the improvement of transportation facilities in economically
backward areas, and encourage the eastern developed areas to provide financial support and technical
assistance to the traffic construction in the western region, so as to realize the coordinated development
of regional transportation.

Third, the enhancing ability of technological innovation. Technological innovation is a key
factor affecting environmental governance. Through regional talent introduction policy, it needs
to encourage the development and use of emission reduction technology, and reduce the waste of
unnecessary material and financial resources in environmental management through technological
innovation. Moreover, technological innovation is also closely related to regional patent development
and new product R&D. Hence, it is necessary to encourage the development of tertiary industry
guided by technological innovation, and to reduce the introduction of high pollution and high energy
consumption enterprises, so as to promote regional economic development through technological
innovation and achieve emission reduction goals.
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