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To cope with the high proportion of renewable energy connected to the grid under the carbon peak and neutrality goal, the
investment in distribution network construction will account for more than 50% of the power grid companies’ investment
direction in distribution networks in China. According to the characteristics of distribution network investment under the high
proportion of renewable energy, a new evaluation index system of distribution network investment efciency is constructed from
the three dimensions of power supply guarantee capacity, total carrying capacity and value creation capacity. Besides, it put
forward the game theory combined weighting method based on fuzzy BWM (F-BWM) method and anti-entropy weight method
(a-EWM) and the multi-attribute decision-making method of MARCOS based on Pearson coefcient instead of the covariance
matrix and improved weighted Mahalanobis distance (I-M-MARCOS). Finally, eight typical distribution network projects in a
province of China are selected for empirical analysis. Te results show that the model has good applicability in the evaluation of
distribution network investment efciency, and expanding the scale of distribution network and fexibly adjusting resources are
the key ways to improve the investment efciency of distribution networks.

1. Introduction

With the transformation of China’s economic development
mode, the acceleration of urbanization, and the gradual
deepening of power system reform, a novel power system
with renewable energy as the main body is a vital prereq-
uisite for leading the low-carbon development and trans-
formation of the power system. Terefore, vigorously
developing renewable energy and increasing the proportion
of electric energy in terminal consumption are necessary
guarantees to achieve the carbon peak and neutrality goal.
When renewable energy is connected to the power system in

large quantities, its impact on the grid will change as the
penetration rate of renewable energy continues to increase.
Terefore, when the penetration rate is greater than 50%, it
can be considered that a high proportion of renewable
energy access stage has been reached in the power grid, and
the impact of renewable energy on the grid will change
compared with the low proportion of renewable energy
access stage [1, 2]. To cope with the high proportion of
renewable energy connected to the power system, the dis-
tribution network will enter a new stage of development, and
the investment in the distribution network needs to coor-
dinate safety, quality, and efciency benefts. Tus, the
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investment efciency of the distribution network with a high
proportion of renewable energy connected to the grid has a
new connotation. It is of great signifcance to evaluate it.

Regarding the evaluation index system of distribution
network investment efciency, some scholars have con-
ducted in-depth research on the index system that char-
acterizes the investment efciency of distribution networks.
For example, in [3], a two-layer index system for investment
beneft evaluation is established, which considers unit in-
vestment efciency andmacro investment beneft. Reference
[4] proposed a method of penetrating correlation analysis
using direct mining data and constructed the core index of
the investment efciency of the distribution network, aiming
at the characteristics of various types of distribution network
equipment and related index data under the high-quality
development of the distribution network.

In terms of the evaluationmethod of distribution network
investment efciency, some previous research on distribution
network investment efciency evaluation used econometric
models to evaluate the economic efciency of the distribution
network [5]. However, econometric methods have high re-
quirements for time series. Te power industry is a complex
system with countless uncertainties, which is unlikely to meet
the basic needs of econometric models [6]. Te DEAmodel is
suitable for complex distribution network systems with
multiple input and output indexes and can be better applied
to evaluate power distribution network investment efciency
in various directions, such as distribution network operation,
economic efciency, and social and environmental efciency
[7–10]. However, the DEA method has higher requirements
on data and mainly focuses on the relative efciency of the
evaluation object. Te multiattribute decision-making
method usually consists of two parts: index weighting and
attribute integration. Among them, the practices of index
weighting include subjective and objective weighting
methods, such as the analytic hierarchy process, optimal and
worst method, and entropy weight method. For attribute
integration, commonly used methods include fuzzy com-
prehensive evaluation, matter-element extension method,
and TOPSIS. Te distribution network investment index has
intense uncertainty and correlation, and the multiattribute
decision-making method has good applicability. Tus, this
paper intends to use the multiattribute decision-making
method to evaluate the investment efciency of the distri-
bution network.

Under the background of rapid economic development,
increasingly prominent environmental problems such as
global warming, and the integration of a high proportion of
renewable energy into the power grid, the investment ef-
ciency of the distribution network has been given a broader
meaning. Reference [11] proposed to include air pollution
damage in investment assessment. Reference [12] studied
the impact of grid infrastructure investment on the German
macroeconomy after integrating renewable energy. Refer-
ence [13] assessed grid investment in Spain with a high share
of renewable energy integration. Reference [14] selected
distinct regions in the United States to study the relationship
between photovoltaic energy storage and climate change,
public health, and power supply security. Reference [15]

builds a fuzzy optimal back-propagation neural network
(BPNN) based on BPNN and fuzzy optimization strategy for
cost-beneft analysis and measures the impact of some
uncertain factors on the economy of investment projects.
Tese studies show that the elements that characterize grid
investment efciency are changing with the integration of a
high proportion of renewable energy into the grid. For
example, the investment efciency of projects such as electric
vehicles and energy storage is closely related to the pene-
tration rate of renewable energy in the grid [16, 17].

Under the background of the high proportion of grid-
connected renewable energy, the development of distribu-
tion networks towards intelligence and informatization is an
inevitable trend. Scholars have researched the investment of
intelligent distribution networks in various directions.
Reference [5] carried out the economic evaluation of power
grid investment based on intelligent wise distribution net-
work equipment. References [3, 18] studied the investment
optimization of smart networks with diferent methods.
Reference [19] sets the intelligence and digitization of the
distribution network as the evaluation conditions to evaluate
the innovative advantages of fexible resources. Reference
[20] studies the contribution of self-assessment of power
assets and smart grid components.

According to the above analysis, it can be found that the
investment efciency of the distribution network is com-
prehensive and systematic. Terefore, whether it is multi-
attribute decision-making or input-output analysis, it is
essential to build an index system that can fully refect the
investment efciency of the distribution network. In the
construction of a new power system, the distribution net-
work needs to meet the power supply guarantee capacity, the
comprehensive carrying capacity, and value creation ca-
pacity after a high proportion of renewable energy sources is
connected. Tus, based on the existing research foundation,
expanding the connotation of the investment efciency of
the distribution network plays an important role in en-
hancing the distribution network to cope with the high
proportion of grid-connected renewable energy. In addition,
the multiattribute decision-making method, as a relatively
advanced evaluation method of power grid investment ef-
fciency, has good applicability. However, considering the
new connotation of distribution network investment ef-
ciency in the context of the high proportion of grid-con-
nected renewable energy, it is of great theoretical and
practical signifcance to make targeted improvements to the
existing methods of index weighting and attribute inte-
gration. Based on this, this paper proposes a new evaluation
method to measure the investment efciency of distribution
networks based on the high proportion of renewable energy
grid background. Tis paper plans to use the fuzzy BWM to
calculate the subjective weight. Te fuzzy BWM simplifes
the number of pairwise comparisons between the indicators
and reduces the risk of inconsistency of the indicators while
considering the uncertainty of the indicators. It is suitable
for evaluating the investment efciency of the distribution
network. For example, Reference [21] adopts a new fuzzy
BWM for solving nonlinear problems in research; Reference
[22] adopted a novel fuzzy decision-making technique,
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namely, trapezoidal fuzzy Best-Worst method (fuzzy BWM),
which is based on Best-Worst method (BWM) and Trape-
zoidal fuzzy number.

However, the commonly used multiattribute decision-
making methods have some shortcomings: (1) Te tradi-
tional BWM does not consider the uncertainty problem, and
the index diference refected by the entropy value in the
entropy weight method is too sensitive, which may lead to
the problem that the index weight is too small in the weight
allocation. (2) For the traditional Mahalanobis distance, only
the covariance between attribute indicators is considered,
which may lead to unstable calculation results and easily
ignore the diferences between attributes.

Te main contribution of this paper has three aspects:

(1) Te evaluation index system for investment ef-
ciency of high-proportion renewable energy distri-
bution network is constructed from the three
dimensions of power supply guarantee capacity,
comprehensive carrying capacity, and value creation
capacity.

(2) A game theory-combined weighting model based on
fuzzy BWM-anti-entropy weight method is pro-
posed to determine the weights. Using the Pearson
correlation coefcient instead of weighted Mahala-
nobis distance of covariance, a hybrid comprehen-
sive evaluation model based on weighted
Mahalanobis distance and improved MARCOS
method is proposed. Tus, the shortcomings of a
single method are overcome.

(3) Eight typical regional distribution networks in a
province are selected to verify the model constructed
in this paper. Te results show that the model has
good applicability and advancement for the evalu-
ation problem in this paper. Besides, expanding the
scale of fexible adjustment resources in the distri-
bution network can efectively improve the invest-
ment efciency of the distribution network.

Te rest of this paper is organized as follows: Section 2
analyzes the investment direction of the distribution net-
work and then selects the indexes that characterize the
investment efciency of the distribution network and
constructs an evaluation index system for the investment
efciency of the distribution network for the high propor-
tion of renewable energy. Section 3 builds a hybrid multi-
attribute decision-making model for distribution network
investment efciency. Section 4 selects typical regions to
conduct an empirical analysis of the constructed multi-
attribute decision-making model. Section 5 summarizes the
full paper and proposes an outlook for the future.

2. Evaluation Index System for Investment
Efficiency of High-Proportion Renewable
Energy Distribution Network

Distribution network investment for the high proportion of
renewable energy has certain pertinence. According to the
investment direction of the distribution network under the

new situation, following the systematic, scientifc, pertinent,
and operational principles of the index system, the index
system is constructed from the power supply guarantee
capacity, comprehensive carrying capacity, and value cre-
ation capacity of the distribution network.

In terms of power supply guarantee capacity, consid-
ering the “14th Five-Year Plan” period, the domestic
economy will maintain a medium-to-high speed growth,
and it is necessary to moderately advance the development
of the distribution network and continuously enhance the
power supply guarantee capacity to meet the demand for
electricity from economic and social development. From
power supply quality, power supply line stability, and user
satisfaction, three indexes are selected to characterize the
investment efciency of the distribution network. In addi-
tion, energy storage as an important link in the fexible
adjustment of resources [23, 24], low frequency is also an
important factor afecting the comprehensive carrying ca-
pacity of the distribution network.

With the rapid development of renewable energy, the
penetration rate of distributed power generation and the
proportion of electric energy in terminal energy con-
sumption will continue to increase.Te distribution network
needs to have a strong comprehensive carrying capacity to
meet the needs of full consumption of clean energy and
fexible connection of diversifed loads. Terefore, fve in-
dexes are selected, including the average load rate of main
transformers, the average load rate of lines, the compre-
hensive line loss rate, the proportion of renewable energy,
and the proportion of fexible adjustment resources to
characterize the investment efciency of the distribution
network.

In terms of value creation capability, considering the
characteristics of the new power system and the develop-
ment direction of the distribution network in the future,
three indexes are selected to characterize the investment
efciency of the distribution network: the intelligent and
standardized allocation rate of the distribution network, the
digital development index, and the technical level of the
energy Internet, and considering the important position of
the distribution network in the goal of energy structure
optimization, selecting the index of the proportion of electric
energy in the terminal energy refects the value creation
ability of the distribution network.

To sum up, the evaluation index system of distribution
network investment efciency for the high proportion of
renewable energy obtained as shown shown in Table 1.

Among them, the proportion of electric energy in the
value creation ability of the secondary index refects the
proportion of electric energy use in production activities to
the total energy, the intelligent standardized confguration
rate index of the distribution network represents the pro-
portion of intelligent information equipment in the distri-
bution network, and the digital development index refects
the level of digital information of the distribution network,
which is scored by a third-party organization. Te energy
Internet technology level index refects the Internet tech-
nology level of the distribution network and is scored by a
third-party organization.
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3. Investment Efficiency Evaluation Model of
Distribution Networks

3.1. Determination ofWeights of the Index. In this paper, the
subjective and objective integrated weighting model is used
to determine the weights of the index, the fuzzy BWM is
used to determine the subjective weights of the evaluation
index, the anti-entropy weight method is used to determine
the objective weights of the index, and fnally, the game
combination weighting model is used to determine the
integrated weights of the index.

3.1.1. Subjective Weight Determination Based on the Fuzzy
BWMMethod. Te BWM frst selects the best criterion and
the worst criterion and then compares them with other
indexes in pairs, thus simplifying the comparison times
between the two indexes, reducing the risk of inconsistency,
and ensuring the reliability of the results. However, the
traditional BWM does not consider the problem of
uncertainty.

In order to make the BWM can efectively solve the
decision-making problem in an uncertain environment, the
fuzzy Best-Worst Method (fuzzy BWM, FBWM) was
proposed in 2017 [25–27]. Tis method has been widely
used in the selection of automobile suppliers, evaluation of
ofshore oil projects, decision-making and improvement of
enterprise development strategic goals, allocation of water
resources, sustainable development of mining projects,
production of landslide maps, and management of supply
chains. Distribution network investment is also uncertain,
so the fuzzy BWM is also suitable for calculating subjective
weights of the distribution network investment efciency
evaluation index.

Assuming that the research object includes n index in
total, experts or decision-makers can give the importance
degree of the two indexes in the way of language grade
evaluation based on their knowledge and experience, such as
equal importance, weakly important, and absolutely im-
portant. Ten, according to Table 2, the language grade
evaluation results can be converted into a triangular fuzzy
number, and fuzzy comparison matrix A can be obtained as
shown in the following:

iA � c1 c2 · · · cn

a11

a21

a12

a22

· · ·

· · ·

a1n

a2n

⋮ ⋮ ⋱ ⋮

an1 an2 · · · ann

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (1)

where aij is the fuzzy preference degree of criterion relative
to criterion j, which can be represented by a triangular fuzzy
number.

Te specifc steps of using FBWM to determine the
weights of each evaluation index are as follows.

Step 1. Build the evaluation index system.
It is very important to reasonably determine the eval-

uation index system for the risk assessment of electricity
price supervision faced by power grid enterprises. It should
be able to represent the basic characteristics of electricity
price supervision risks faced by power grid enterprises. Te
abstract evaluation index system of electricity price super-
vision risk faced by power grid enterprises with an index can
be expressed as c1, c2, . . . , cn , In this paper, n� 15.

Step 2. Determine the best criterion and worst criterion.
On the basis of constructing the evaluation index system,

it is necessary to determine the best criterion cB and the
worst criterion cW according to the knowledge and expe-
rience of decision-makers.

Step 3. Pairwise fuzzy preference comparison is made be-
tween the best criterion and each criterion.

Decision-makers compare the importance of each cri-
terion in the best criterion and evaluation index system in
pairs, give the language evaluation grade according to

Table 1: Evaluation index system of distribution network investment efciency for the high proportion of renewable energy.

First-level index Second-level index

Distribution network investment
efciency

Power supply guarantee
capacityact (C1)

Average power outage time for urban and rural users (C11)
Comprehensive voltage pass rate (C12)

N− 1 pass rate (C13)

Comprehensive carrying capacity
(C2)

Te average load rate of main transformers (C21)
Te average load rate of lines (C22)

Te comprehensive line loss rate (C23)
Te proportion of renewable energy (C24)

Te proportion of fexible adjustment resources (C25)

Value creation capacity (C3)

Te index of the proportion of electric energy (C31)
Te intelligent and standardized allocation rate of the distribution

network (C32)
Te digital development index (C33)

Te technical level of the energy Internet (C34)

Table 2: Translation rules of language grade evaluation results.

Linguistic variables Membership function
Equally important (EI) (1, 1, 1)
Weakly important (WI) (2/3, 1, 3/2)
Fairly important (FI) (3/2, 2, 5/2)
Very important (VI) (5/2, 3, 7/2)
Absolutely important (AI) (7/2, 4, 9/2)
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Table 2, and then convert it into a triangular-fuzzy-numbers
to construct a fuzzy best comparison vector AB.

AB � aB1, aB2, . . . , aBn( , (2)

where aBj is the comparison result of the importance of the
best criterion cB and the criterion j, j � 1, 2, . . . , n, and aBB �

(1, 1, 1).

Step 4. Pairwise fuzzy preference comparison between each
criterion and the worst criterion.

Decision-makers compare the importance of each cri-
terion in the worst criterion and evaluation index system in
pairs and give the language evaluation grade according to
Table 2 to construct a fuzzy worst comparison vector AW:

AW � a1W, a2W, . . . , anW( , (3)

where aiW is the comparison result of the importance degree
between criterion i and the worst criterion cW, i � 1, 2, . . . , n,
and aWW � (1, 1, 1).

Step 5. Determine the optimal fuzzy weights value of each
criterion ( w∗1 , w∗2 , . . . , w∗n ).

Te ratio between the optimal fuzzy weight wB of the best
criterion and the optimal fuzzy weight wj of each criterion
should be as consistent as possible with the optimal fuzzy
comparison vector AB, and the optimal fuzzy weight wj of
each criterion and the optimal fuzzy weight wW of the worst
criterion should be as consistent as possible with the optimal
fuzzy comparison vector AW. According to this principle,
the min-max problem with constraints can be constructed as
shown in the following equationfd4:

min max
j

wB

wj

− aBj




,

wj

wW

− ajW




 

s.t.


n

j�1
R wj  � 1,

l
w
j ≤m

w
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w
j ,

l
w
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j � 1, 2, . . . , n,
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B ), wj � (lwj , mw

j , uw
j ), wW � (lwW, mw

W, uw
W),

aBj � (lBj, mBj, uBj), and ajW � (ljW, mjW, ujW).
R( wj) is used to convert the fuzzy weight value of

criterion j into an accurate value, which can be calculated by

R wj  �
l
w
j + 4m

w
j + u

w
j

6
. (5)

Equation (4) can be transformed into a nonlinear
constrained optimal problem as shown in the following:

min ξ

s.t.
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(6)

where ξ � (lξ , mξ , uξ). Since lξ ≤mξ ≤ uξ , let ξ
∗

� (k∗, k∗, k∗),
where k∗ ≤ lξ ; then, equation (6) can be transformed into
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(7)

By solving equation (7), the optimal fuzzy weights value
of each criterion can be obtained, which are the fnal fuzzy
weights of each evaluation index W � (w∗1 , w∗2 , . . . , w∗n ).

When using the fuzzy Best-Worst Method to determine
the weights of the index, it is necessary to test the consistency
of fuzzy comparison of pairwise indexes, and index
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consistency ratio (CR) is usually used for the judgment. Te
specifc calculation is shown in the following equationfd8:

CR �
R ξ
∗

 

CI
, (8)

where R(ξ
∗
) is the exact value of ξ

∗
and CI is the consistency

index of the fuzzy BWM method, which can be determined
according to diferent values of aBW and Table 3.

3.1.2. Calculation of Objective Weights Based on the Anti-
Entropy Weight Method. Objective weight vector w1 is
determined by the anti-entropy weight method. Entropy is a
concept in system thermodynamics, which was later in-
troduced into information theory. It is a measure of the
disorder degree of a system [28–30]. When there are kinds of
possible states in the system, and each possible state occurs
with the probability of pj(j � 1, 2, . . . ,m), the entropy can
be defned as the following expression:

h � − 
m

j�1
pj lnpj, (9)

where 0≤pj ≤ 1 and 
j

pj � 1.
Under the anti-entropy method, for the evaluation

problem, the evaluation object ism, the number of indexes is
n, the index value is xij(i � 1, 2, . . . , n, j � 1, 2, . . . , m), and
the evaluation matrix is X � [xij]n×m. We calculate the
antientropy value of each criterion through the above data,
as shown in

hi � − 

m

j�1
rij ln 1 − rij , (10)

where rij � xij/
j

xij.
Ten, the fnal objective weight value w1i of each cri-

terion can be determined through normalization of the
calculated antientropy value, as shown in the following:

w1i �
hi

ihi

. (11)

3.1.3. Comprehensive Weight Calculation Based on Game
Teory. Considering the data dependence of the objective
weighting method and the subjectivity of the subjective
weighting method, this part uses the game theory combi-
nation weight method to determine the index weight [31].
On the one hand, it can avoid the excessively subjective
situation of experts’ experience judgment, and on the other
hand, it can avoid the unreasonable situation of weight
distribution caused by ignoring index attributes in objective
weight assignment so as to obtain a more efective index
weight.

In this paper, the basic principle of subjective and ob-
jective weight combination is to minimize the heterogeneity
between subjective and objective weight results. Te com-
bination weighting method, which simply averages sub-
jective and objective weights, can reduce the heterogeneity of

subjective and objective weights to some extent, but it
cannot minimize the heterogeneity. Terefore, this part
applies the game theory to the combination process of
subjective and objective weights and can fully consider the
role of the results of single-subjective weights and a single-
objective weight in the evaluation process, to balance the
diference of a single weight through a reasonable weight
distribution coefcient. Te basic steps of the combination
weighting method based on game theory are as follows.

Assuming that the weight vector
Wl � (w1,l, w2,l, ..., wn,l)(l � 1, 2, ..., L) of n index can be
calculated by using Lweightingmethods, the basic weight set
W � W1, W2, ..., WL  can be obtained. Te combined
weights Winte is defned as the linear combination of L basic
weights, namely,

Winte � 
L

l�1
αl × Wl, (12)

where αl is the distribution coefcient of the l-th basic
weights; it can be seen that there are infnite linear com-
binations of L basic weights.

In order to fnd the optimal combination weight Winter ∗
, this part uses the idea of game theory to optimize the basic
weight distribution coefcient in equation (12). Te opti-
mization goal is to minimize the heterogeneity (deviation)
between the optimal combination weight and all basic
weights, which can be expressed as

min
L

l�1

L

l�1
αl × Wl  − Wl 2

��������

��������
, (13)

where ‖U‖ represents the binary norm of vector U and αl is
the variable to be decided and 

 αl � 1.
Te advanced commercial solver of MATLAB can be

used to calculate the optimal value α∗l of equation (13), and
then, the combination weights based on game theory can be
expressed as

W
∗
inte � 

L

l�1
α∗l × Wl. (14)

In this paper, there are two basic weights to be combined:
W1 is the objective weight based on the anti-entropy weight
method, and W2 is the subjective weight based on fuzzy
BWM. Te deviation between the combined weight and the
subjective and objective weight is minimum so that the
criterion importance refected by the subjective weights and
the objective weights can be balanced. Tat is, the combined
weight can not only refect the attributes of the index itself
but also efectively use the original data information of the
index.

3.2. MARCOS Attribute Integration Method Based on
Weighted Mahalanobis Distance. MARCOS is an attribute
integration method proposed by Stević et al. in 2020 [32].
In this method, the utility function of the alternative
scheme is determined by comparing the reference value of
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the alternative scheme with the ideal weight, and the
compromise ranking associated with the perfect scheme
and the ideal negative scheme is realized, where the utility
function represents an alternative’s position on ideal and
negative ideal solutions. MARCOS is a very reasonable
method, which considers both ideal solution and negative
ideal solution, closely determines the utility degree related
to the two solutions, and considers the possibility of a
large number of standards and alternatives while main-
taining the stability of the method, so that the results have
good robustness and accuracy. Te specifc steps are as
follows.

Step 6. Form an initial decision matrix. Constructing a
multi-index model including a set of N indexes and M al-
ternatives, meanwhile, in the case of group decision-making,
a group composed of R experts is established to score the
alternatives according to the standards. In this case, the
expert evaluation matrix is aggregated into the initial group
decision matrix.

Step 7. Form the extended initial matrix X � [xij]m×n.
Defning ideal (AI) and negative ideal (AAI) solutions to
realize the extension of the initial matrix, ideal solution (AI)

is the scheme with the best properties and negative ideal
solution (AAI) is the worst scheme.

X �

AAI

A1

A2

· · ·

Am

AI

xaa1 xaa2 · · · xaan

x11 x12 · · · x1n

x21 x22 · · · x2n

· · ·

xm1

xai1

· · ·

xm2

xai2

· · ·

· · ·

· · ·

· · ·

xmn

xain

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

.

C1 C2 · · · Cn

(15)

According to the nature of the standard, the values of
AAI and AI are as follows:

AAI � min
i

xij, if j ∈ B,

max
i

xij, if j ∈ C,

AI � max
i

xij, if j ∈ B,

min
i

xij, if j ∈ C,

(16)

where B represents a positive index and C represents a
negative index.

Step 8. Standardize the extended initial matrix N � [nij]m×n.
Te normalized decision matrix is obtained by the initial
normalization of the matrix.

nij �
xij

xai

, if j ∈ B,

nij �
xai

xij

, if j ∈ C,

(17)

where xij and xai are the elements of the initial matrix X �

[xij]m×n.

Step 9. Determine the weighted normalized decision matrix
V � [vij]m×n. By multiplying the normalized decision matrix
elements by the weights,

vij � nij × wj. (18)

Step 10. Calculate the utility degree of the alternative Ki.Te
utility degree of the alternative scheme relative to the
negative ideal and the ideal solution is calculated by the
weighted Mahalanobis distance.

Mahalanobis distance is a statistical distance proposed
byMahalanobis, an Indian statistician, in 1936.Tis distance
is independent of the measurement scale and is not afected
by the dimension between coordinates [33–35]. It measures
the relationship between two random variables by intro-
ducing the covariance of two random variables and elimi-
nating the correlation between attribute indexes. Te
application ofMarkov distance substitution in theMARCOS
method can efectively solve the related problems between
attribute indexes. Te equation for calculating the Maha-
lanobis distance between X and Y is

d(X, Y) �

������������������

(X − Y)
T


 − 1

(X − Y)



, (19)

where 
 is the covariance matrix between the attribute

indicator.
Although Mahalanobis distance takes into account the

correlation between index attributes, it only takes into ac-
count the covariance between attribute indexes and the
properties of covariance and variance are the same. Te
result represents the comprehensive degree of the deviation
of the two attributes to their respective mean values.
Terefore, the covariance inverse matrix in Mahalanobis
distance may lead to unstable calculation results, which can
easily magnify the infuence between attributes, cannot
accurately represent the degree of association between the
two attributes, and ignore the diferences between the at-
tributes. Based on this, a weighted Mahalanobis distance
using the Pearson correlation coefcient instead of

Table 3: Consistency index (CI) for fuzzy BWM.

Linguistic variables Equally important (EI) Weakly important (WI) Fairly important (FI) Very important (VI) Absolutely
important (AI)

aBW (1, 1, 1) (2/3, 1, 3/2) (3/2, 2, 5/2) (5/2, 3, 7/2) (7/2, 4, 9/2)
CI 3.00 3.80 5.29 6.69 8.04
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covariance is proposed in this paper. Te weight in the
weighted Mahalanobis distance is determined by the com-
bination weighting method proposed in this section.

Te calculation equation of weighted Mahalanobis dis-
tance is

d(X, Y) �

����������������������

(X − Y)
TΩT


 −1Ω(X − Y)



, (20)

Ω � diag
���
ω1

√
,

���
ω2

√
, · · · ,

���
ωn

√
( , (21)

where 
 is the Pearson correlation coefcient between the

attribute indicator.
Te advantages of weighted Mahalanobis distance

compared with Euclidean distance are as follows:

(1) Te calculation of Euclidean distance has strong
limitations. Te attributes of each factor in the data
set that it can calculate must be independent of each
other, while the calculation of weightedMahalanobis
distance is not limited by the correlation between
factor attributes. When the factor attributes in the
data set are independent of each other, the weighted
Mahalanobis distance is equivalent to weighing and
standardizing the calculated data. When there is
correlation between factor attributes in the data set,
the factors are linearly transformed and the data set
is transformed into an attribute independent data
set. At this time, the distance calculation is trans-
formed into Euclidean distance calculation. Tere-
fore, Euclidean distance is only a particular form of
weighted Mahalanobis distance.

(2) Euclidean distance is easily afected by dimension.
Weighted Mahalanobis distance standardizes the
data and is not afected by dimension.

(3) Euclidean distance regards the attributes of factors as
consistent, which deviates greatly from the actual
situation of multiobjective investment decision-
making. When making power grid planning in-
vestment decisions, diferent indexes have a diferent
impact on the project. According to the needs of
enterprises, the importance of the same index in the
same project will change due to the diverse needs of
enterprises. WeightedMahalanobis distance can well
refect the contribution degree of infuential factors
in distribution network investment efciency by
using the F-BWM-anti-entropy weight method.
Specifcally, the greater the contribution degree, the
greater the weight value of the infuential factors.

We calculate the distance d(Ai, S+) from the i-th
evaluation object to the positive ideal solution d(Ai, S+) and
the distance d(Ai, S− ) to the negative ideal solution S−

respectively, and the equation is as follows:

d Ai, S
+

(  �

������������������������

xi − S
+

( 
TΩT


 −1Ω xi − S

+
( 



, (22)

d Ai, S
−

(  �

������������������������

xi − S
−

( 
TΩT


 −1Ω xi − S

−
( 



. (23)

Step 11. Determine the utility function of alternative f(Ki).
Te utility function is a compromise between alternative and
ideal and anti-ideal solutions. Specifc expressions are as
follows:

f Ki(  �
d Ai, S

+
(  + d Ai, S

−
( 

1 + 1 − f d Ai, S
+

( ( /f d Ai, S
+

( (  + 1 − f d Ai, S
−

( ( /f d Ai, S
−

( ( 
, (24)

where f(Ki
−) represents the utility function related to the

negative ideal solution, and f(Ki
+) represents the utility

function related to the ideal solution. Te utility function
expression is as follows:

f Ki
+

(  �
d Ai, S

−
( 

d Ai, S
+

(  + d Ai, S
−

( 
,

f Ki
−

(  �
d Ai, S

+
( 

d Ai, S
+

(  + d Ai, S
−

( 
.

(25)

Step 12. Rank the alternatives. Te order of alternatives is
based on the fnal value of the utility function. Finally, the
ideal situation is that the alternative has the highest possible
utility function value.

Te framework of mixed multiattribute decision model
empirical analysis in this paper is shown in Figure 1.

4. Empirical Analysis

4.1. Case Overview. Taking the investment of 8 regional
distribution networks in a province of China in 2021 as an
example, the investment efciency is evaluated. Te basic
data of each distribution network are shown in Table 4.
According to Table 4, two characteristic indexes, the pro-
portion of renewable energy installed capacity and the
proportion of fexible adjustment resources, are selected for
analysis as follows:

(1) Cases 3, 4, 5, and 8 have a relatively low proportion of
installed renewable energy. Within the range of 20%
to 50%, they belong to the development stage of
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renewable energy. Among them, Case 4 has the
lowest proportion of installed renewable energy,
which was 20.56%; other cases accounted for 50%–
70% of the installed capacity of renewable energy,
which belonged to the advanced stage. Among them,
the proportion of installed capacity of renewable
energy in Case 6 was 67.87%, the highest.

(2) Te fexibility adjustment resources of Cases 5 and 6
are relatively large, accounting for 14.40% and
14.87%, respectively, as shown in Figure 2.

4.2. IndexWeighting Results. In this part, the fuzzy BWM is
used to calculate the subjective weight, the anti-entropy
weight method is used to calculate the objective weight of the
index, and fnally the integrated weight is obtained through
the game combination.

4.2.1. Fuzzy BWM to Calculate Subjective Weight. First,
according to the selection of all experts, among the three
frst-level indexes of power supply guarantee capability (C1),
comprehensive carrying capacity (C2), and value creation

capability (C3), the optimal index is value creation capability
(C3), and the most optimal one is value creation capability
(C3). Te inferior index is the power supply guarantee ca-
pability (C1). Te results of the comparison between the
importance of these two indexes and other indexes are
shown in Tables 5 and 6.

According to the comparison results of the optimal and
worst indexes with each index, the fuzzy comparison vectors
corresponding to the optimal and worst indexes are as
follows:

AB �
7
2
, 4,

9
2

 ,
3
2
, 2,

5
2

 , (1, 1, 1) ,

AW � (1, 1, 1),
3
2
, 2,

5
2

 ,
7
2
, 4,

9
2

  .

(26)

Combining equation (3) with the fuzzy comparison
vectors corresponding to the optimal index and the worst
index, the optimal fuzzy weight vectors of the four frst-level
indexes are obtained, which are as follows:

w
∗
1 � (0.134, 0.141, 0.163), w

∗
2 � (0.241, 0.0.276, 0.365), w

∗
3 � (0.567, 0.0.567, 0.596). (27)

Evaluation index system of distribution network
investment efciency for high proportion of renewable

energy
Ranking

Solving for utility f (ki)

Expert
1

Expert
2

Expert
3

Case
1

Case
3

Case
2

Solve a function of a fuzzy
variable

Solving for subjective weights

Game combination weighting model

Build a normalized matrixIndicator weight based on subjective and objective integrated weighting

Substitute into each case indicator
data for standardization

Find the anti-entropy value
according to the normalized matrix

Anti-entropy value normalization to
solve objective weights

Replacing the utility value K (i) in the MARCOS
method with the weighted Mahalanobis distance

Constructing fuzzy scoring matrix
combined with expect scoring

Calculate the weighted Mahalanobis distance of
positive and negative ideal solutions by combining

weights

……

Figure 1: Te framework of mixed multiattribute decision model empirical analysis.
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Te optimal weight is obtained according to equation
(7): w∗1 � 0.14, w∗2 � 0.29, and w∗3 � 0.57

Te best and worst indexes of the evaluation indexes
corresponding to the three frst-level indexes are shown in
Table 7.

Ten, we compare the importance of the evaluation
indexes of these three frst-level indexes with the corre-
sponding optimal and worst indexes. Te results are shown
in Tables 8 and 9.

According to the comparison results of Tables 8 and 9,
the optimal and worst fuzzy comparison vectors of the
evaluation indexes of the three frst-level indexes can be
obtained as follows.

Te optimal and worst fuzzy comparison vector corre-
sponding to the three evaluation indexes of power supply
guarantee capability (C1) are as follows:

AB �
5
2
, 3,

7
2

 ,
2
3
, 1,

3
2

 , (1, 1, 1) ,

AW � (1, 1, 1),
3
2
, 2,

5
2

 ,
5
2
, 3,

7
2

  .

(28)

Te optimal fuzzy weight vector of the second-level
index of the power supply guarantee capability index is
obtained, as follows:

w
∗
1 � (0.139, 0.163, 0.164), w

∗
2 � (0.272, 0.0.423, 0.426),

w
∗
3 � (0.376, 0.455, 0.455).

(29)

Te optimal weight is obtained according to equation
(7): w∗1 � 0.16, w∗2 � 0.40, w∗3 � 0.44

Te optimal and worst fuzzy comparison vector corre-
sponding to the fve evaluation indexes of comprehensive
carrying capacity (C2) are as follows:

AB �
5
2
, 3,

7
2

 ,
5
2
, 3,

7
2

 ,
7
2
, 4,

9
2

 ,
7
2
, 4,

9
2

 , (1, 1, 1) ,

AW �
2
3
, 1,

3
2

 ,
2
3
, 1,

3
2

 , (1, 1, 1),
5
2
, 3,

7
2

 ,
7
2
, 4,

9
2

  .

(30)

Te optimal fuzzy weight vectors of the fve secondary
indexes of the comprehensive carrying capacity index are
obtained, as follows:

w
∗
1 � (0.109, 0.117, 0.134), w

∗
2 � (0.134, 0.0.134, 0.134),

w
∗
3 � (0.086, 0.095, 0.105), w

∗
4 � (0.144, 0.165, 0.204), w

∗
5 � (0.485, 0.485, 0.485).

(31)

Table 4: Basic data of 8 distribution networks.

Index Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
C11 3.20 2.50 2.30 3.10 0.80 2.50 1.20 0.70
C12 96.56 98.17 98.23 95.56 100 99.05 99.34 98.67
C13 95.12 97.17 99.50 95.34 100 99.78 100 99.56
C21 40.67 45.34 50.45 78.45 60.56 50.45 50.45 55.67
C22 50.54 54.23 55.45 76.45 62.45 45.78 55.56 60.45
C23 8.89 8.34 6.43 8.67 3.45 4.78 4.56 4.34
C24 65.56 54.34 34.67 20.56 30.78 67.87 66.56 45.67
C25 10.56 8.37 5.46 3.56 14.40 14.87 9.67 5.46
C31 35.09 30.78 33.67 27.80 37.70 40.32 43.56 44.67
C32 78.78 70.56 80.34 67.45 78.67 76.78 75.56 77.57
C33 65.45 64.23 59.37 57.23 59.89 45.67 68.67 69.67
C34 75.56 74.23 72.34 65.34 65.67 65.79 81.34 75.78

65.56
54.34

34.67
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67.87 66.56

45.67
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Figure 2: Case characteristic index values.
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Te optimal weight is obtained according to equation
(7): w∗1 � 0.12, w∗2 � 0.13, w∗3 � 0.10, w∗4 � 0.17, and w∗5 �

0.48.
Te optimal fuzzy weight vector for the four evaluation

indexes of value creation capability (C3) is obtained are as
follows:

AB � (1, 1, 1),
2
3
, 1,

3
2

 ,
2
3
, 1,

3
2

 ,
3
2
, 2,

5
2

  ,

AW �
3
2
, 2,

5
2

 ,
2
3
, 1,

3
2

 ,
2
3
, 1,

3
2

 , (1, 1, 1) .

(32)

Te optimal fuzzy weight vectors of the four secondary
indexes of the value creation capability index are obtained, as
follows:

w
∗
1 � (0.256, 0.333, 0.333), w

∗
2 � (0.191, 0.256, 0.263),

w
∗
3 � (0.185, 0.256, 0.263), w

∗
4 � (0.146, 0.196, 0.198).

(33)

Te optimal weight is obtained according to equation
(7): w∗1 � 0.32, w∗2 � 0.25, w∗3 � 0.24, and w∗4 � 0.1

Finally, the subjective weight results of the indexes are
summarized as shown in Table 10.

4.2.2. Objective Weight Based on the Anti-Entropy Weight
Method. For the eight distribution networks to be evaluated,
based on the index values of each case, according to
equations (9) and (10), the anti-entropy weight method
objective weight of each index is calculated, as shown in
Table 11.

4.2.3. Determination of Subjective and Objective Integration
Weights. Based on the objective weight w1i and the sub-
jective weight w2i, equation (13) is solved to obtain α∗1 �

0.5824, and α∗2 � 0.4176. Terefore, the combined weight
result is based on game theory as shown in Table 12.

Te weight calculation results are shown in Figure 3, and
the analysis can be obtained: the subjective fuctuation of the
fuzzy BWM is large, and the fuctuation of the anti-entropy
weight method is small, which is not completely consistent
with the results of the game theory. Te weight values
calculated based on the game theory combination weighting
are all between the two single evaluation weight results, and
the combined weight coefcient improves the problem of the
high-frequency extreme value span of the subjective method
weight results and, at the same time, fexes the result of the
objective evaluation. Considering the subjective infuence of
external factors, the evaluation results are more accurate and
reasonable, and the dominant role of a single evaluation is
avoided to the greatest extent.

Te fve indicators with the largest weights in the game
theory portfolio weights are as follows: the proportion of
electric energy in terminal energy, the proportion of fexible
adjustment resources, the standardization and intelligent
coverage of the distribution network, the level of digital
development, and the level of energy Internet technology,
respectively, accounted for 0.1396, 0.1205, 0.1156, 0.1127,
and 0.0958. Among them, four indicators refect the value
creation capacity of the distribution network, and one in-
dicator refects the comprehensive carrying capacity of the
distribution network. It shows that for the distribution
network, the value creation ability can better characterize the
investment efciency of the distribution network. Specif-
cally, with the high-quality development of the power grid
and the integration of a high proportion of renewable energy
into the grid, higher requirements have been placed on the
value creation capability of the distribution network.

4.3. Comprehensive Evaluation Results. Te original data of
the selected eight distribution networks on each index are
normalized, and combined with the index weighting results,

Table 5: Comparison of the importance of the optimal index with
other indexes.

Index Best index C3

C1 AI
C2 FI

Table 6: Comparison of the importance of other indexes and the
worst index.

Index Worst index C1

C2 FI
C3 AI

Table 7: Te best and worst indexes of the evaluation indexes
corresponding to the three frst-level indexes.

Evaluated indexes
Evaluation indexes

Best index Worst index
C1 C13 C11
C2 C25 C23
C3 C31 C34

Table 8: Comparison of the importance of the optimal index with
other indexes.

C11 C12 C21 C22 C23 C24 C32 C33 C34

C13 VI WI — — — — — — —
C25 — — VI VI AI WI — — —
C31 — — — — — — WI WI FI

Table 9: Comparison of the importance of other indexes and the
worst index.

C11 C23 C34

C12 FI — —
C13 VI — —
C21 WI —
C22 WI —
C24 VI —
C25 — AI —
C31 — — FI
C32 — — WI
C33 — — WI

Mathematical Problems in Engineering 11



the weighted normalization decision matrix of the distri-
bution network is calculated as shown in Table 13.

According to Table 13, the positive ideal solution and
negative ideal solution are obtained as shown in Table 14.

Based on the weighted normalized decision matrix,
equations (19) and (20) are used to determine the weighted
Mahalanobis distance-based trade-of between MARCOS for
alternatives and ideal and anti-ideal solutions, and equation
(22) is used to calculate the relative positive and negative
ideals of each distribution network Te utility function result
of the solution can be used to judge the investment efciency
of the distribution network. Table 15 shows the results of
MARCOS investment efciency evaluation of the distribution
network based on weighted Mahalanobis distance.

Te utility values of 8 cases are shown in Table 14. It can
be seen that among the 8 cases, Case 5 has the highest utility
value, indicating that Case 5 has the highest investment
efciency, followed by Case 6. Case 2 has the lowest utility
value, indicating that its investment efciency is poorer in
the eight cases. Among them, Case 5 has the best perfor-
mance in terms of indicators C12, C13, C21, C22, and C23.
Combining indicators C24 and C25, when the proportion of
renewable energy installed capacity is relatively low and the

proportion of fexible adjustment resources is relatively high,
the distribution network has better power supply guarantee
capacity and comprehensive carrying capacity, so the in-
vestment efciency of the distribution network in Case 5 is
the best. On the contrary, in Case 2, the proportion of in-
stalled capacity of renewable energy is relatively high, and
the proportion of fexible adjustment resources is relatively
low, resulting in poor power supply guarantee capacity and
comprehensive carrying capacity and its overall low-value
creation capacity. Terefore, the investment efciency of
Case 2 is the lowest.

4.4. Validity Test. In order to verify the validity of the
distribution network investment efciency evaluation model
constructed in this paper, this paper takes the three models
as a comparative reference and carries out the model ranking
consistency test and sample separation test. Te set com-
parison models are shown in Table 16, where Model 1 is the
model proposed in this paper.

4.4.1. Sequence Consistency Check. Ranking consistency is
an important indicator refecting the robustness of multi-
attribute decision-making methods. Tis paper constructs
the following ranking consistency index:

rs � 1 −
6 × 

N
i�1 xi − yi( 

2

N × N
2

− 1 
,

rw � 1 −
6 × 

N
i�1 xi − yi( 

2
N − xi + 1(  N − yi + 1(  

N × N
3

+ N
2

− N − 1 
,

WS � 1 − 
N

i�1
2− x1 ×

xi − yi




max xi − 1


, xi − N


 
⎛⎝ ⎞⎠.

(34)

In the equation, x and y represent the two sorting results,
and N represents the number of alternatives in the sorting.
Te higher the obtained correlation coefcient, the closer the
ranking results between the schemes are.

Table 10: Subjective weight results of indexes.

Index C11 C12 C13 C21 C22 C23 C24 C25 C31 C32 C33 C34

Subjective weight 0.0224 0.056 0.0616 0.0348 0.0377 0.029 0.0493 0.1392 0.1824 0.1425 0.1368 0.1083
Ranking 12 7 6 10 9 11 8 3 1 2 4 5

Table 11: Objective weight of each index.

Index C11 C12 C13 C21 C22 C23 C24 C25 C31 C32 C33 C34

Objective weight 0.0965 0.0778 0.0779 0.0815 0.0798 0.0877 0.0889 0.0945 0.0799 0.0781 0.0791 0.0783
Ranking 1 12 11 5 7 4 3 2 6 10 8 9

Table 12: Combined weight of each index.

Index C11 C12 C13 C21 C22 C23 C24 C25 C31 C32 C33 C34

Combined weight 0.0533 0.0651 0.0684 0.0543 0.0553 0.0535 0.0658 0.1205 0.1396 0.1156 0.1127 0.0958
Ranking 12 8 7 10 9 11 6 2 1 3 4 5
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Figure 3: Comparison of the weight results.
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Based on the basic data of the above eight distribution
networks on each index, the ranking results of the invest-
ment efciency evaluation of the eight distribution networks
under each comparison model are obtained, and the ranking
consistency of the three comparison models relative to
Model 1 is calculated. Te results are shown in Table 17.

Analysis of Table 16 shows that there is inconsistency in
the model ranking. Tere are two main reasons for this. First,
the model weights are inconsistent. Te model used in this
paper is Model 1, while Model 2 and Model 3 only use the
subjective weighting method and the objective weighting
method to determine the weights, so the large diference in
weights leads to low-ranking consistency. In Model 2, only the
fuzzy BWM subjective weighting method is used to calculate
the weight, and the original information in the indicators is not
considered, resulting in a large diference in the weight of the
two methods, so the ranking results are quite diferent. For
example, Case 2 is ranked 8 in Model 1. Meanwhile, Case 2 is
ranked 2 in Model 2. In Model 3, the weight of the anti-
entropy weight method is used. Still, as an objective weighting
method, the anti-entropy weight method pays too much at-
tention to the diference between the index data and ignores
the meaning of the index itself. And it cannot refect the
interaction between the various indicators in the distribution
network investment efciency evaluation index system. Tus,
the sorting results are also quite diferent from Model 1.
Second, the evaluationmethod adopted byModel 4 is diferent
from that of Model 1. Model 1 uses the Pearson coefcient
instead of the weighted Mahalanobis distance of the covari-
ance matrix, and Model 4 uses the ordinary Mahalanobis
distance. Te inverse covariance matrix in the ordinary

Mahalanobis distance may cause inconsistent calculation re-
sults, amplify the infuence between attributes, and cannot
accurately represent the degree of correlation between two
attributes, and the diferences between the attributes are in-
deed ignored, so the sorting results of the two are inconsistent.

Specifcally, we analyze the selected three consistency in-
dicators, rs and rw are symmetry indicators, WS is asymmetric
indicators, among them, theWS index is the asymmetric index,
which is more accurate for judging the consistency of the
model ranking. It can be seen from the table that rs and rw of
model 1, model 2 and model 3 are quite diferent, but the frst
ranking is Case 5, so WS is relatively close, 0.6493 and 0.8572,
respectively. Compared with model 4, the value of WS is also
greater than 0.5, so in general, the ranking results of the
comparison model have a certain consistency with the ranking
results of the model proposed in this paper.

4.4.2. Sample Resolution. Te degree of sample separation is
an important method for judging the validity of the ranking
results of the multiattribute decision-making model. It is
usually judged by the sensitivity (η) index. Te larger the
obtained index value, the better the sample separation degree
of the model. Te specifc calculation equation is as follows:

η �
δj,max − δj,sec

δj,max
. (35)

Among them, δj is the relative closeness of each alter-
native to the ideal solution, δj,max and δj,min are the maxi-
mum and minimum values of δj, and δj,sec takes the ranking
in δj the second value.

Table 13: Distribution network weighted normalization decision matrix.

Index Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 vi+ vi−
C11 0.0117 0.0149 0.0162 0.0120 0.0467 0.0149 0.0311 0.0533 0.0533 0.0117
C12 0.0629 0.0639 0.0640 0.0622 0.0651 0.0645 0.0647 0.0642 0.0651 0.0622
C13 0.0651 0.0665 0.0681 0.0652 0.0684 0.0683 0.0684 0.0681 0.0684 0.0651
C21 0.0368 0.0410 0.0457 0.0485 0.0543 0.0457 0.0457 0.0504 0.0543 0.0368
C22 0.0466 0.0500 0.0511 0.0506 0.0553 0.0422 0.0512 0.0553 0.0553 0.0422
C23 0.0208 0.0221 0.0287 0.0213 0.0535 0.0386 0.0405 0.0425 0.0535 0.0208
C24 0.0636 0.0527 0.0336 0.0199 0.0299 0.0658 0.0646 0.0443 0.0658 0.0199
C25 0.0856 0.0678 0.0443 0.0289 0.1167 0.1205 0.0784 0.0443 0.1205 0.0289
C31 0.1097 0.0962 0.1052 0.0869 0.1178 0.1260 0.1361 0.1396 0.1396 0.0869
C32 0.1134 0.1015 0.1156 0.0971 0.1132 0.1105 0.1087 0.1116 0.1156 0.0971
C33 0.1059 0.1039 0.0960 0.0926 0.0969 0.0739 0.1111 0.1127 0.1127 0.0739
C34 0.0890 0.0874 0.0852 0.0769 0.0773 0.0775 0.0958 0.0892 0.0958 0.0769

Table 14: Positive and negative ideal solutions.

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
k (j)+ 440.15 128.78 178.71 289.33 685.03 462.93 330.72 268.41
k (j)− 1259.93 922.27 697.11 431.17 483.55 1092.54 1152.95 737.28

Table 15: Results of case utility.

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
Utility degree 0.5019 0.2412 0.3810 0.5460 0.7473 0.5845 0.4895 0.5553
Ranking 5 8 7 4 1 2 6 3
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Based on the basic data on each index of the eight dis-
tribution networks, the index scores of the investment ef-
ciency evaluation of each distribution network under each
comparative model are obtained, and then the sample sep-
aration degree is calculated.Te results are shown in Table 18.

As shown in the table, the sample separation degree of
Model 1 is the largest among all contrasting models, i.e., the
proposed FBWM-AEW-I-M-MARCOS model performs
better in sample separation. Terefore, when the ranking
results are not signifcantly diferent, adopting this attribute
decision model has a stronger ability to distinguish alter-
natives in the ranking process. Te FBWM-AEW-I-M-
MARCOS model proposed in this paper can better improve
decision-making efciency on the premise of ensuring
robustness.

5. Conclusions

Te investment in the distribution network under the
construction of a new power system accounts for more than
50% of the total investment in the power grid. Terefore,
from the perspective of facing high proportion of renewable
energy, it is of signifcant value to establish a new evaluation
index system for the investment efciency of the distribution
network. Based on the requirements for a distribution
network under the construction of a new power system, this
paper analyzes the investment direction of the distribution
network and constructs the evaluation index system of
distribution network investment efciency for high pro-
portion of renewable energy and the mixed multiattribute
data game model. Finally, eight distribution networks are
taken as examples to analyze the calculation.

Te results of this paper show that the distribution
network investment oriented to high-proportion renewable
energy is mainly used to solve the problems of high-pro-
portion renewable energy grid connection, energy trans-
formation, and energy interconnection. In the distribution
network, the proportion of renewable energy, the proportion
of fexible regulation resources, the proportion of electric
energy to the terminal energy, the intelligent and stan-
dardized distribution rate of the distribution network, the
digital development index, and the level of energy Internet
technology have a signifcant impact on the above aspects,
thus afecting the investment efciency of the distribution
network.Te empirical results show that expanding the scale
of fexible regulation resources in the distribution network, it
can promote the consumption of renewable energy in the
distribution network, further make the distribution network
develop towards intelligence and informatization, and ef-
fectively improve the investment efciency of the distri-
bution network.

Te hybrid multiattribute decision-making model con-
structed in this paper has good applicability for the evalu-
ation of distribution network investment efciency. On the
one hand, the proposed method based on the fuzzy BWM
and anti-entropy weight method can make full use of the
original information of indexes and consider the correlation
between indexes on the basis of reducing subjectivity so as to
ensure the reliability of weight results. On the other hand,
the proposed MARCOS multiattribute decision-making
method based on improved weighted Mahalanobis distance
overcomes the limitation of traditional Mahalanobis dis-
tance, and the MARCOS method has good applicability to
evaluate the merits of multiple objects to be evaluated.

Tis paper studies the investment efciency evaluation of
distribution networks. Te research shows that the pro-
portion of renewable energy and the proportion of fexible
adjustment resources in distribution networks are the key
factors afecting the investment efciency of the distribution

Table 16: Basic information of comparison models.

Model Indicator weighting method Property integration method
Model 1 FBWM-AEW- I-M-MARCOS
Model 2 FBWM I-M-MARCOS
Model 3 AEW I-M-MARCOS
Model 4 FBWM-AEW MARCOS

Table 17: Model ranking consistency test results.

Model 1 Model 2 Model 3 Model 4

Sort results

A1 5 4 5 2
A2 8 2 6 4
A3 7 3 7 7
A4 4 6 8 8
A5 1 1 1 5
A6 2 8 3 3
A7 6 7 2 2
A8 3 5 4 1

Consistency indicator
rs 1.0000 −0.1667 0.5476 0.0714
rw 1.0000 −0.0450 0.6085 0.0582
WS 1.0000 0.6493 0.8572 0.5219

Table 18: Sample separation test results.

Model 1 Model 2 Model 3 Model 4
η 0.2785 0.0494 0.0167 0.0821
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network. In the future, we can study the key relationship
between diferent renewable energy penetrations and the
investment efciency of distribution networks, which is of
great signifcance to the construction of a new power system
and the realization of the carbon peak and neutrality goal in
the future. In addition, the integrated energy system is an
important feld. Te proposed method must be applied in
such study objects. In the future, the impact of pipe networks
on a high proportion of renewable distribution networks will
be studied [36–38].
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[32] Ž Stević, D. Pamučar, A. Puška, and P. Chatterjee, “Sus-
tainable supplier selection in healthcare industries using a new
MCDM method: measurement of alternatives and ranking
according to COmpromise solution (MARCOS),” Computers
& Industrial Engineering, vol. 140, Article ID 106231, 2020.

[33] L. Cui and Y. Xia, “Semi-supervised sparse least squares
support vector machine based on Mahalanobis distance,”
Applied Intelligence, vol. 52, no. 12, pp. 14294–14312, 2022.

[34] L. Yao and T. B. Lin, “Evolutionary Mahalanobis distance-
based oversampling for multi-class imbalanced data classif-
cation,” Sensors, vol. 21, no. 19, p. 6616, 2021.

[35] I. Omara, A. Hagag, G. Ma, F. E. A. E. Samie, and E. Song, “A
novel approach for ear recognition: learning Mahalanobis
distance features from deep CNNs,” Machine Vision and
Applications, vol. 32, no. 1, pp. 38–14, 2021.

[36] X. Hu, H. Zhang, D. Ma, and R. Wang, “A tnGAN-based leak
detection method for pipeline network considering incom-
plete sensor data,” IEEE Transactions on Instrumentation and
Measurement, vol. 70, pp. 1–10, 2021.

[37] X. Hu, H. Zhang, D. Ma, R. Wang, and P. Tu, “Small leak
location for intelligent pipeline system via action-dependent
heuristic dynamic programming,” IEEE Transactions on In-
dustrial Electronics, vol. 69, no. 11, pp. 11723–11732, 2022.

[38] Y. Li, F. Zhang, Y. Li, and Y. Wang, “An improved two-stage
robust optimization model for CCHP-P2G microgrid system
considering multi-energy operation under wind power out-
puts uncertainties,” Energy, vol. 223, Article ID 120048, 2021.

16 Mathematical Problems in Engineering




