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Abstract

The optimal selection of high-arch dam construction schemes involves multi-dimensional
indicators. In addition to clear one-way optimization indicators such as construction
period and cost, there are also indicators with ambiguous optimization directions. Such
indicators are influenced by factors like actual engineering conditions and experience from
similar projects, and they have an optimal interval for their value range, which is referred
to as “moderate indicators”. However, in most comprehensive evaluation models, the
standardization of such indicators is plagued by overly simplistic processing methods and
excessive subjective factors. To address the interval optimality of moderate indicators, this
paper proposes the concepts of “optimal interval” and “tolerance interval”. By analyzing
the distribution characteristics of indicators and combining them with the characteristics of
construction simulation calculations, the quartile method and comprehensive weighting
method are adopted to determine the subjective and objective interval ranges. Based on the
concept of relative membership degree, these intervals are processed as standardized results
and incorporated into the comprehensive evaluation system. Accordingly, a multi-attribute
decision-making model for high arch dams considering moderate indicators is proposed.
This method was verified in the decision-making process for the construction scheme of the
TR Double Curved Arch Dam project. Compared with the traditional Ranking Alternatives
by Distance from Average Solution (RADAR) method that adopts the vector normalization
method, this model enhances the anti-interference ability against the volatility of moderate
indicators, improves the accuracy of scheme optimization, and obtains the priority ranking
of each alternative scheme.

Keywords: moderate indicator; high arch dam; interval division; relative membership
degree; multi-attribute decision-making

1. Introduction

The selection of high-arch dam construction schemes is a multi-objective compre-
hensive evaluation and decision-making problem involving qualitative and quantitative
indicators and fuzzy and uncertain information, as well as multiple factors and dimen-
sions [1-3]. In the early days, the determination of construction schemes for large-scale
water conservancy projects was generally based on previous engineering experience or ex-
perts’ decision-making preferences when selecting from a limited number of schemes. With
the development of computer simulation technology, construction parties can obtain a large
number of feasible schemes in the project’s early stage and modify relevant parameters
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according to engineering requirements to obtain full-process simulation information [4].
This brings about the decision-making problem of determining the optimal scheme. Select-
ing the optimal construction scheme can ensure the efficient use of equipment, materials,
and funds; guarantee the construction period and quality; and improve the technical and
economic benefits of water conservancy and hydropower projects [5,6]. However, the
high-arch dam construction system is a complex system affected by multiple factors in
time and space, with strong dynamics. The construction and comparison of construction
schemes in design and decision-making must comprehensively consider various boundary
conditions and engineering operation characteristics [7,8]. As a complex framework for
comprehensively ranking the evaluated objects based on objective reality and subjective
needs, the comprehensive evaluation system provides strong support for the comparison
and selection of multiple schemes in water conservancy and hydropower projects [9,10].
Among them, the comprehensive evaluation index is one of the most important elements
in the comprehensive evaluation system, and the accuracy of its standardization directly
affects the accuracy of the system [11,12].

Ekhtiari, M. et al. proposed an integrated decision-making approach combining an in-
terval group decision-making trial and evaluation laboratory IGDEMATEL), nadir compro-
mise programming (NCP), and stochastic programming, which considers sustainability and
technical indicators to optimize dam site selection under certainty, uncertainty, and hybrid
conditions, and was verified in its effectiveness through a case study in Iran’s Hamun-e Hir-
mand basin [13]. Song Z. et al. proposed a Decision-Making Framework (DMF) enhanced
by Mutual Inspection (MI), which integrates Monte Carlo Simulation (MCS) for diversion
risk assessment and multiple Multi-Attribute Decision-Making (MADM) methods (e.g.,
TOPSIS and ELECTRE ) to select the optimal first-stage dam construction diversion scheme
by considering factors such as diversion risk, costs, social attitudes and duration [14]. Liu, D.
et al. proposed a multi-attribute group decision-making method integrating regret theory,
negotiation gathering theory, and Monte Carlo Simulation to effectively solve the selection
problem of construction diversion schemes for hydropower projects, which was verified
as reliable through its application in the Jinping I Hydropower Station [5]. Seyed Ali Jozi
et al. conducted an environmental risk assessment for the under-construction Balarood
Dam in Iran using the Delphi method to identify risk-generating factors, prioritized them
via the AHP (Analytic Hierarchy Process) and TOPSIS (Technique for Order Preference
by Similarity to Ideal Solution) methods, and proposed an integration method combining
Mean-Rank, Borda, and Copeland to unify conflicting results, ultimately identifying cut
and fill, explosion, and drilling as the key risks [15]. Ivdn Zamarrén-Mieza et al. conducted
a systematic review on the application of Multi-Criteria Decision Analysis (MCDA) in dam
management from 1992 to 2015, focusing on its application scenarios, related techniques,
and trends in the operational phase of aging dams. They found that the AHP was the most
widely used technique among single methods and hybridization and fuzzification were
the main development trends, and proposed that the combination of the Analytic Network
Process (ANP) and Benefit-Opportunity—Cost-Risk (BOCR) analysis could be a research
direction for future aging dam management [16].

Two conclusions can be drawn from the extensive studies mentioned above: first,
multi-attribute decision-making methods have been widely applied in the field of water
conservancy and hydropower engineering, covering various aspects such as dam site selec-
tion decision-making, diversion risk analysis in the early construction stage, construction
decision-making, and operation and maintenance in the later construction stage. Second,
many of the above research cases focus more on the current field knowledge and develop
multi-attribute decision-making methods that are more suitable for this field, while ne-
glecting the basic step of constructing a multi-attribute decision-making model, namely the
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in-depth exploration of evaluation indicators. Particularly after the qualitative classifica-
tion of indicators, the standardization of moderate-type indicators generally combines the
standardization methods of the other two types of indicators, resulting in problems such as
an overly simplified quantification process, a lack of dynamic adjustment capabilities, and
insufficient consideration of the integration of subjectivity and objectivity. Based on the
above two conclusions, this paper focuses on the handling of evaluation indicators, which
is of great research value when applied in the field of water conservancy and hydropower
engineering. Moreover, it can improve the accuracy and rationality of the multi-attribute
comprehensive evaluation system to a certain extent. The specific research contents are
as follows:

This paper sorts the types of indicators in the comprehensive evaluation system
and conducts standardized quantification for different indicator types; at the same time,
considering the interval characteristics of moderate-type indicators, it uses the quartile
method and weight assignment method to divide intervals, and proposes the concepts
of “optimal interval” and “tolerance interval”. Focusing on the membership relationship
between actual engineering indicators and the optimal interval as well as the tolerance
interval, this paper constructs an improved multi-attribute decision-making model for
indicator quantification based on the quantification of relative membership degree. This
model enhances the accuracy of the multi-attribute decision-making model and can, to a
certain extent, reduce engineering losses and improve engineering efficiency.

2. Decision Indicators for High-Arch Dam Pouring Schemes

There are a large number of indicators in the decision-making of high-arch dam
construction schemes, which can generally be divided into qualitative and quantitative
categories according to their nature [17]. Among quantitative indicators, according to the
optimization direction, they can be divided into cost-type indicators, benefit-type indicators,
and interval-type indicators with unclear optimization directions, which are referred to
as moderate indicators in this paper. In practical engineering, these three categories of
indicators are interspersed in various aspects such as scheme decision-making, economic
optimization, and environmental protection. Among these, due to the uncertainty of
moderate indicators, their engineering significance is the most complex.

Cost-type indicators [18], also known as minimum-type indicators, are expected to be
as small as possible in engineering projects to achieve greater engineering benefits, such
as the construction period, unevenness of cable crane pouring operations, and input cost.
Benefit-type indicators [19], also known as maximum-type indicators, are expected to be as
large as possible in engineering projects, such as the average monthly lifting height and
monthly output value. Moderate indicators differ from the previous two types, which
have one-way optimality. Their optimality is reflected in a certain interval range, and the
indicator values should not be too large or too small, but should be moderate. In actual
projects, such indicators often account for the largest proportion, such as pouring intensity,
cable crane utilization rate, and number of pouring bins.

Taking the cable crane utilization rate as an example, unlike in simple small-scale
engineering projects, a higher cable crane utilization rate in large-scale projects reflects
a higher degree of mechanical utilization, indicating high current construction intensity
and helping to shorten the construction period to a certain extent. In large-scale water
conservancy and hydropower projects, cable cranes are responsible for multiple tasks. They
not only need to hoist and transport concrete, but also convey construction machinery
and materials, and perform tasks such as defect elimination. Additionally, they require
necessary maintenance time. In the construction design scheme, an excessively high
utilization rate of cable cranes for concrete pouring means a lack of time margin to deal
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with other businesses, resulting in a decrease in the feasibility of the cable crane operation
scheme; a too low utilization rate leads to insufficient use of cable cranes, slow construction,
and a delayed construction period. The multi-attribute decision-making index system for
high-arch dam construction schemes is shown in Figure 1.
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Figure 1. Comprehensive evaluation index system for high-arch dam construction schemes.

3. Moderate Decision Indicators Processing

The fundamental reason why moderate indicators are difficult to handle is that they
have no definite optimization direction, only a “moderate interval”. Therefore, when
processing indicators, it is necessary to first clarify the optimization interval range of the
indicator values.

The interval division of moderate indicators is affected by the overall distribution
of the data source itself; that is, the interval where “most” data are concentrated can
reflect the optimal trend of the indicator to a certain extent. Therefore, the meanings of
three types of intervals are defined: “optimal interval” means that if the indicator value
falls within this interval, it can be considered optimal, meeting better engineering benefits;
“tolerance interval” means that if the indicator value falls within this interval, it can produce
certain engineering benefits, but the engineering benefits will gradually decrease when
approaching the interval boundary. It should be noted that in mathematical terms, the
optimal interval must be a subinterval of the tolerance interval. Therefore, in engineering
calculations, the optimal interval needs to be excluded, and the remaining intervals are
uniformly defined as “invalid intervals”, indicating that indicator values falling within
these intervals are not conducive to the optimization of the engineering scheme.

3.1. Data Distribution of Moderate Indicators

Common numerical distribution types include a normal distribution [13], uniform
distribution [20], skewed distribution [21], and other types. The selection of multiple
schemes can be regarded as multiple repeated experiments. Therefore, we focus on the
central position of the data, the degree of dispersion of the distribution, and the symmetry
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of the distribution. Generally, the skewness coefficient SK and the coefficient of variation CV
are calculated to judge, and their calculation formulas are shown in Formulas (1) and (2).

my (ki — k)’
=
K= o m ) = 2) @
CV = % % 100% )

where m represents the number of schemes; k; represents the sample of moderate indicators;
k is the mean value of the indicators; and s is the standard deviation of the indicator samples.

When SK = 0, the indicator conforms to the normal distribution; when SK > 0, the data
exhibits a right skew; when SK < 0, the data exhibits a left skew. When CV < 15%, it can be
considered that the data fluctuation is small and the distribution is relatively scattered, and
it can be considered to conform to the uniform distribution.

Generally, multiple construction simulation calculations can be regarded as multiple
independent repeated experiments [22,23]. The simulation calculation of the previous
scheme will not affect the result of the next scheme, and each indicator is independent and
has the same distribution. However, when formulating construction schemes manually,
decision-makers continuously learn and adjust appropriate construction parameters. This
causes the indicator values to fluctuate significantly initially and then concentrate near
a certain value, exhibiting an obvious local concentration trend. In other words, there is
a certain correlation between various schemes, as shown in Figure 2. This paper mainly
conducts multi-attribute decision-making and selection from the perspective of high-arch
dam construction simulation calculation, so the following discusses the interval division of
moderate indicators in line with the characteristics of uniform distribution.
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Figure 2. Distribution characteristics of index values for different scheme types.

3.2. Interval Division of Moderate Indicators

It is not sufficient to divide the optimal and tolerance intervals solely based on data
distribution characteristics. To avoid the final quantification error caused by source data
inaccuracies, it is also necessary to correct deviations through subjective judgment. This
judgment is based on the combination of decision-makers” preferences and experience of
similar projects, which can improve the accuracy of interval division to a certain extent.
Therefore, the determination of the interval range is a process combining subjectivity
and objectivity.

When the moderate indicator conforms to the uniform distribution, the quartile
method can be used to calculate the objective optimal interval [a,, b,] and objective toler-
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ance interval [c,, d,] through the objective structure of the data. The quartile method is
shown in Formulas (3) and (4).
Qs —Q

[ﬂm bo] = Q-

Q3 — Q1
4 L

) ®)

[co,do] = [Q1 —A X IQR, Q3 + A x IQR] 4)

where Q1, Qy, Qs are the first, second, and third quartiles, respectively. The scheme indica-
tor values are arranged in ascending (descending) order, located at the 25%, 50%, and 75%
positions of the ordered array, respectively; IQR is the interquartile range, which is equal to
Q3 — Q1 and reflects the central concentrated area of the data; A is the interval coefficient,
which can be set to 0.3. The interval coefficient A can be reduced or increased to adapt to
more strict or looser problem scenarios.

The subjective optimal interval [as, bs| and tolerance interval [cs, ds] can be obtained
through engineering case records, expert experience, and construction simulation calcu-
lations. Thus, the subjective optimal and tolerance intervals based on decision-makers’
experience and the objective optimal and tolerance intervals based on objective data are
initially obtained. The weighted comprehensive method is adopted to combine the two.
The comprehensive method, taking the lower limit of the optimal interval 2 as an example,
is shown in Formula (5).

a="das+ (1—10)a, )

where J is the subjective weight. A larger value indicates more trust in subjective judgment,
which can be taken as 0.7. The solution methods for other interval boundaries are similar
to Formula (5) and will not be repeated.

4. Scheme Evaluation Framework Based on Relative Membership Degree
4.1. Index Standardization Processing

The general model of multi-attribute decision-making problems can be described
as follows: there are m schemes X = {x1,x2,...,x,}, each with n decision indicators
S = {s1,52,...,5:} [24]. The decision attributes are expressed as ky,,, and the multi-
attribute decision matrix can be expressed as shown in Formula (6).

k k ok
K — 21 22 2n (6)
kml km2 R

As mentioned above, the indicators include three types, and there are issues such
as different dimensions and different optimization directions between various indicators,
which makes it difficult to directly compare them [25]. Therefore, when constructing the
decision model, it is necessary to eliminate the impacts of the above factors on the decision
results and standardize the indicators, generally mapping each indicator value to the
range [0, 1].

Due to the clear quantification directions of cost-type indicators and benefit-type
indicators, which are universally recognized in calculation, the Range Method [26] or vector
normalization method [27] can generally be adopted for their processing. Geometrically,
vector normalization treats each data point as a vector and then normalizes its magnitude
to 1. It can effectively reflect the relative distance between a scheme and the ideal solution
in multi-attribute decision-making. However, its meaning is less intuitive than that of the
extreme value method, and it is mostly used in specific multi-objective decision-making
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models such as TOPSIS. This paper adopts the latter to standardize the maximum-type
and minimum-type indicators. For more vague moderate indicators, quantification can be
carried out through the membership degree of the indicator value to the interval range,
that is, the relative membership degree [28].

Membership degree is the core concept that describes the degree to which an element
belongs to a specific fuzzy set. It breaks through the “either-or” binary division in classical
set theory and allows elements to belong to a specific set to varying degrees. The value
range of the membership degree is [0, 1]. There are typical problem characteristics in actual
engineering, so a more objective function construction method is adopted to solve the
membership degree as a result of standardization. The common membership functions
include the triangular membership function [29], trapezoidal membership function [30],
Gaussian membership function [31], etc. Due to the variability of engineering parameters
in high-arch dam projects, this paper adopts the trapezoidal membership function to
quantify moderate indicators. The quantification of the three types of indicators is shown
in Formulas (7)-(9).

(1) Maximum-type indicators.

) kz] — l‘l‘llln(kz/)

i = max(kjj) — min(k;;) 7

where k,']» is the standardized indicator value of the i-th scheme in the j-th attribute, and,
respectively, miax(k,«j) and miin(kij) represent the maximum and minimum values of all
schemes in the j-th attribute.

After processing, for the indicator j € [0, 1], but this processing method is nonlinear,
with the minimum value not reaching 0 and a maximum value that does not reach 1.

(2) Minimum-type indicators.

max (k;j) — kij

r_ i
kij = max (k;;) — min(k;;) ®)
1 1

When dealing with minimum-type indicators, it is necessary to align the optimization
direction (typically, the larger the value, the better). Therefore, when the indicator value is
non-zero, its reciprocal is often used for transformation.

After processing, for the indicator k/ j € [0,1], the smaller the original value, the closer
the standardized value is to 1.

(3) Moderate indicators.

0 kl] < C]‘
kl']'fﬁj
ﬂj*Cj Cj < kl] S aj
/
kij = . 1k a; < kl] < b] 9)
j N . - .
45 b <kij<dj
0 k,] > d]

where a; and b; are, respectively, the lower and upper limits of the optimal interval of each
indicator; ¢; and d; are, respectively, the lower and upper limits of the tolerance interval
of each indicator. The standardization processing flow of the three types of indicators is
shown in Figure 3.
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Figure 3. Flowchart for index processing in the comprehensive evaluation system.

4.2. Multi-Attribute Decision-Making Method Considering Moderate Indicators

Based on the standardized methods for the three types of indicators obtained from the
above analysis and the relative membership degree, the TOPSIS method [32] is improved,
and the calculation steps of the constructed multi-attribute decision-making method for
high-arch dams are as follows:

Step 1: Standardize the three types of indicators through Formulas (6)—(8), and nor-
malize the decision scheme (k;;), _ attribute matrix to (k; )

X1
Step 2: Determine the weight matrix and calculate the weighted normalized matrix

Z = (Zif)mxn’ where z;; = kfj x 0, and 0; is the weight of the j-th indicator, Z 0, =1
j=1
Step 3: Determine the positive ideal solution and negative ideal solution. Let the

TERES : + (o + +
positive ideal solution be z" = (z1 12y g ,Z), where z;

= max(z;;). Similarly, for the
negative ideal solution, z~ = (21,2, ,...,2,),z; = max(z;).
Step 4: Define the comprehensive weighted distance between the scheme x; and the

positive ideal solution ziJr and negative ideal solution z;” as Formula (10):
Fup) = u2d?(x;, %) + (1 — up)?d? (x;, x7) (10)

where d(x;, x7) = fj (xij —
]:

) is the Euclidean distance between the scheme and the

n
ideal solution, and d(x;,x; ) = , | ¥ (xjj —
j=1
scheme and the negative ideal solution.

)2 is the Euclidean distance between the
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Step 5: Solve the programming problem to minimize F(1;), and solve through Formula (11):

A (x;,x) !
A Y (1)
d (xi ’ xl‘ )

Step 6: Arrange the schemes u; in descending order of the order of superiority and
inferiority of the schemes.

5. Case Analysis

The TR arch dam is planned to be built in the southwest region of China and serves as
a key hydropower hub project in the cascade development of the Yalong River. This arch
dam is characterized by complex geological conditions, a large project scale, high resource
consumption, insufficient construction conditions, and an extremely high difficulty of
engineering construction. Therefore, it is necessary to use computer simulation technology
to analyze the dam’s pouring intensity, lifting speed, and pouring duration. Through a large
number of simulation calculations, multiple construction simulation schemes that meet
the construction requirements can be obtained; to further screen out the scheme with the
optimal engineering benefits, it is also necessary to conduct multi-attribute decision-making
analysis on these schemes.

In the early stage of the project construction, initial discussions were held on whether
to build a bottom outlet for diversion, the start time of construction, the block height of
the dam, and the number of cable cranes. Through computer simulation technology, five
schemes were efficiently calculated, and the corresponding parameters are shown in Table 1.
The construction of a multi-attribute comprehensive evaluation system can recommend the
optimal scheme, which has a very important impact on improving project benefits.

Table 1. Simulation parameters for TR arch dam construction simulation schemes.

. . Dam Liftin Seconda Number of Cable
NO. Dam Body Type Construction Start Time Height (m)g Cooling Timrz @ Cranes (unit)
X1 Without Diversion Bottom Outlet 1 April of the 5th Construction Year 4.5 135 3
X Without Diversion Bottom Outlet 1 April of the 5th Construction Year 3.0 135 3
X3 Without Diversion Bottom Outlet 1 July of the 5th Construction Year 45 120 4
X4 With Diversion Bottom Outlet 1 April of the 5th Construction Year 3.0 120 3
X5 With Diversion Bottom Outlet 1 April of the 5th Construction Year 45 135 4
X¢ With Diversion Bottom Outlet 1 July of the 5th Construction Year 3.0 135 3

Note: A dam lifting height of 4.5 m refers to the lifting height in the area outside the dam foundation constraint
zone, while the lifting height in the foundation constraint zones of the riverbed dam sections and steep-slope dam
sections is 3.0 m.

5.1. Multi-Attribute Decision-Making Method Considering Improved Quantification of
Moderate-Type Indicators

The selection of comprehensive evaluation indicators should meet the six basic prin-
ciples of purposefulness, completeness, operability, independence, significance, and dy-
namics, to ensure that the selected indicator system can comprehensively represent the
characteristics of each scheme.

This paper selects the construction period (s1), the monthly peak pouring intensity
(s2), the maximum pouring intensity of a single cable crane (s3), the average number of
pouring bins (s4), the maximum utilization rate of cable cranes (s5), and the standard
deviation of the pouring intensity unevenness coefficient (s¢) to construct a comprehensive
evaluation system.

The construction period is one of the most important indicators in decision-making,
as it directly reflects the overall progress of the project. The maximum pouring intensity
indicates whether the production capacity of the current concrete mixing system meets
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the project’s production requirements. As the primary equipment for dam pouring, the
cable crane’s maximum pouring intensity can reflect whether the current cable crane
transportation system can match the concrete mixing intensity and pouring intensity. The
number of pouring blocks reflects the overall formwork erection status for dam pouring.
The cable crane utilization rate reflects the utilization of cable cranes in undertaking concrete
transportation functions. The standard deviation of the pouring intensity non-uniformity
coefficient reflects the non-uniformity of the entire project pouring process; a larger value
indicates greater monthly pouring fluctuations, which is not conducive to the full utilization
of resources. The calculation formulas for the standard deviation of monthly pouring
intensity are shown in Formulas (12) and (13).

q9; D

N=oma

_[nER—(CR?)?
S= 1) (13)

where R; represents the monthly pouring intensity non-uniformity coefficient; q; represents

(12)

the pouring intensity in the i-th month; Q represents the total pouring volume; n represents
the total number of construction months; and D; and d; respectively represent the calendar
days and effective construction days in the i-th month.

The monthly pouring intensity is presented in Figure 4, with the pouring data of
Scheme 1 taken as an example

40,000
20,000
0
1 2 3 4 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33
Number of Month
Figure 4. Monthly concrete pouring intensity chart.
The initial decision matrix for the scheme attributes is presented in Table 2.
Table 2. Initial decision matrix and index information of TR arch dam.
s1/d sp/m?3 s3/m? s4/Unit s5/% Se
X1 989 104,426 37,936 64 76.49 0.583
X 990 99,720 37,968 55 72.59 0.548
X3 985 113,200 34,148 61 67.39 0.636
X4 980 99,131 34,568 63 68.47 0.612
X5 982 118,004 32,843 68 65.20 0.623
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Table 2. Cont.

s1/d sp/m?3 s3/m3 s4/Unit s5/% S
X6 995 105,992 37,741 65 78.20 0.565
Weight 0.260 0.126 0.113 0.226 0.080 0.195
Coefficient
Index Type Cost-type Moderate-type ~ Moderate-type =~ Moderate-type =~ Moderate-type Cost-type
The tolerance intervals and optimal intervals of the moderate indicators (sy, s3, s4,
s5) in the above table are divided using the previous formulas, and the tolerance interval
coefficient A in the formula is 0.5, the subjective weight § = 0.65, and the interval division is
shown in Tables 3 and 4.
Table 3. Subjective and objective boundaries of moderate indicators for TR arch dam.
as bs Cs ds ao b, Co do
sp/m> 101,501.94 108,916.06  92,158.63  121,815.13 101,000 108,000 92,000 120,000
s3/m> 3512394  37,185.06  31,760.63  40,005.13 36,100 38,100 31,700 40,000
S4/unit 61.94 65.06 56.38 68.88 62 64.5 56 67.5
s5/% 68.01 73.04 61.81 81.95 67.50 72.50 61.70 81.00

Table 4. Optimal and tolerance intervals of moderate indicators for TR arch dam.

a b c d
sp/m3 101,175.68 108,320.62 92,055.52 120,635.29
s3/m?3 35,758.38 37,779.77 31,721.22 40,001.79
S4/unit 61.98 64.70 56.13 67.98
s5/% 67.68 72.69 61.74 81.33

The indicators are standardized through Formulas (7)—-(9), and the calculation results
after assigning weights are shown in Formula (14)

0.107 0.126 0.105 0.226 0.045 0.078
0.107 0.106 0.104 0.000 0.080 0.073
7 _ 0.106 0.076 0.068 0.188 0.076 0.085 (14)
0.106 0.098 0.080 0.226 0.080 0.082
0.106 0.027 0.032 0.000 0.047 0.084

0.107 0.126 0.113 0.205 0.029 0.076

According to Formulas (9) and (10), the relative membership degrees of each scheme
are calculated as uy = 0.875, uy = 0.342, u3 = 0.725, 1y = 0.849, us = 0.072, ug = 0.812, and the
comprehensive ranking result of the schemes is 11 > us > ug > up > ug > ug. Therefore, it
is recommended to adopt Scheme 1, which involves no bottom outlets, starts construction
on 1 April of the fifth Construction Year, has a lifting height of 4.5 m (with a lifting height
of 3.0 m in the foundation constraint zone), uses three cable cranes, and has a secondary
cooling time of 135 days.

5.2. RADAR Multi-Attribute Decision-Making Method Based on Vector Normalization

In this paper, the RADAR method based on vector normalization is introduced to
construct a decision-making model, so as to verify the advancement of the method proposed
in this paper, and the proposed method is applied in practical engineering. To avoid
interference from other factors, the initial values of decision indicators and indicator
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weights are kept unchanged. The general steps of the RADAR decision-making method
based on vector normalization are introduced as follows:

Step 1. The unified quantification direction is set to “the larger the better”; therefore,
cost-type indicators require special handling. Cost-type indicators are converted into
benefit-type data using the formula “maximum value minus original value”, as shown in
Formula (15).

kij = m]ax(kl]) - kl] (15)

In the formula, kT] represents the initial value of the decision indicator after unifying
the quantification direction, and the meanings of the other variables are the same as those
mentioned above.

Calculate the modulus of the converted data of all schemes under this indicator, as
shown in Formula (16).

L= k (16)

o

m
=1

where L; denotes the data modulus of the j-th indicator. The standardized result is obtained
N D kij
by dividing the converted data by the modulus, which is expressed as kgj = 7.
j
Step 2. Standardization of moderate-type indicators: Subjectively determine an op-
timal value for the indicator k;‘. Typically, this optimal value is the median or mean.
First, calculate the deviation of each scheme from the optimal value, and then convert
it into inverse data where “the smaller the deviation, the larger the value”, as shown in
Formula (17).
kij = mjax(

kij— k; (17)

kij—k;f()—

where

ki; — k]*‘ represents the absolute deviation of the j-th indicator from the optimal

value, and max( |k;; — k; ) denotes the maximum deviation of the j-th indicator from the
]

optimal value.
The subsequent standardization process is consistent with Step 1 and will not be
repeated here.

Step 3. Calculate the weighted normalized matrix. Z = (z;;)

. — / .
i’ where zjj = ki]. X 9],

n
and 0; is the weight of the j-th indicator, }_ 6; = 1.
j=1
Step 4. Calculate the ranking index RI; and sum the weighted values of all indicators
for each scheme to obtain the ranking index, as shown in Equation (18).

n
RI =) zj (18)
j=1

Step 5. Sort the ranking indices in descending order; a larger ranking index indicates
a better comprehensive performance of the scheme under multiple indicators, and the
scheme ranked first is the optimal recommended scheme.

In this case, the optimal values of the moderate-type indicators are determined based
on subjective judgment. k3 = 105,209, k5 = 36,157, k; = 63.50, k5 = 70.53. The normalized
matrix calculated is shown in Formula (19).
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0.255 0.578 0443 0.529 0.179 0431
0.212 0352 0.443 0.000 0.587 0.715
K — 0.424 0.231 0.376 0.396 0.474 0.000 (19)
0.637 0323 0.497 0529 0.587 0.195
0.552 0.000 0.000 0.264 0.245 0.106

0.000 0.578 0.499 0.463 0.000 0.577

Calculate the weighted matrix z;; = k;j X 0;.

0.066 0.075 0.050 0.119 0.014 0.084
0.055 0.044 0.049 0.000 0.047 0.139
7 _ 0.110 0.029 0.043 0.089 0.038 0.000 (20)
0.166 0.041 0.056 0.119 0.047 0.038
0.144 0.000 0.000 0.060 0.019 0.021

0.000 0.073 0.056 0.105 0.000 0.113

The ranking indices are calculated. RIj = 0.406, RI; = 0.334, RI3 = 0.309, Rl4 = 0.467,
RIs = 0.244, Rls = 0.347. The priority ranking of the schemes is obtained as follows:
RIy; > RI; > RIg > Rl > RI3 > RI5. Under this method, Scheme 4 is recommended
for consideration: it adopts a bottom outlet dam type, with construction scheduled to
start on 1 April in the fifth year of the construction period. The lifting height is 3.0 m, the
total duration of the second-phase cooling is 120 days, and three cable cranes will be put
into production.

6. Discussion

Both multi-attribute decision-making models successfully identified optimal solutions
within their respective frameworks, but their practical performance and theoretical ro-
bustness differ significantly. The comparative model, despite passing initial rationality
checks, exhibited critical limitations in real-world engineering applications—specifically,
slow construction progress and inefficient utilization of engineering resources. This short-
coming can be traced to its failure to account for the dynamic fluctuations of moderate-type
indicators; it treated such indicators as static values, leading to a disconnect between the
derived scheme and on-site realities, such as mismatched resource allocation with project
phases and delayed responses to unexpected changes in construction conditions. In con-
trast, the model proposed in this study, integrated with the improved standardization
method for moderate-type indicators, fully accounts for the volatility of such indicators in
practical scenarios—for example, adjusting for subtle variations in material supply cycles
or environmental factors that affect the performance of moderate-type indicators—and
proactively incorporates the potential for future engineering development, such as reserv-
ing flexibility for subsequent process optimizations. This not only enhances the accuracy of
decision-making results by reducing deviations between theoretical calculations and actual
operations but also ensures better alignment with on-site construction needs, effectively
avoiding bottlenecks in progress and resource waste.

From the perspective of comprehensive verification that combines theoretical analysis
and engineering practice, the decision-making scheme derived from the model in this
study (Scheme 1: no bottom outlets; construction commencing on April 1st of the fifth
Construction Year; a lifting height of 4.5 m with a foundation constraint zone of 3.0 m;
adoption of three cable cranes; and a secondary cooling period of 135 days) features simpler
construction procedures, as there is no need to consider the installation of diversion bottom
outlets in the early and middle stages of the project. This simplicity facilitates construction
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organization and management. Additionally, the dam adopts a high lifting height, resulting
in more compact overall concrete placement and a reduced number of formworks used—
this lowers the labor costs invested in formwork removal and installation. Although the
secondary cooling period is slightly extended, the sufficient time allocated for cooling
ensures better structural reliability. In summary, the scheme recommended based on the
research method of this study demonstrates superior adaptability and practical value, and
serves as a more reliable recommended scheme for guiding the subsequent implementation
of the project.

7. Conclusions and Prospects
7.1. Conclusions

The selection of high-arch dam construction schemes is affected by many factors, and
the indicator attributes of the schemes are complex. It is difficult to select the optimal
scheme through subjective screening. The comprehensive evaluation system has become
the main technical means for selecting schemes in complex projects. Among them, index
quantification and the construction of evaluation models hold significant research value.
Starting from the quantification of decision indicators in the high-arch dam construction
system, this paper discusses the standardization of moderate indicators with unclear opti-
mization directions and summarizes the research findings into the following conclusions:

(1) The engineering significance of moderate indicators is systematically defined. Aiming
at their interval optimality, the definitions of “optimal interval”, “tolerance interval”,
and “invalid interval” are proposed. The moderate indicators are intervalized, and
the concept of relative membership degree is matched with the standardized results,
yielding more accurate standardized results.

(2) A multi-attribute decision-making model for the selection of high-arch dam pouring
schemes considering moderate-type indicators is constructed. The TOPSIS is adopted
to determine the ideal optimal (positive ideal) scheme and the worst (negative ideal)
scheme, and the relative proximity of each scheme to the positive ideal scheme is
calculated. Furthermore, a comparison is made with the traditional standardized
multi-attribute decision-making model (the RADAR multi-attribute decision-making
model based on vector normalization). Combined with theoretical analysis and
practical engineering application, the accuracy of the proposed model is verified, and
it exhibits strong adaptability. By performing subjective and objective optimization
on moderate-type indicators, the results of the final evaluation model are rendered
more reasonable.

(38) The optimization model is applied to the multi-attribute decision-making of the
construction simulation schemes for the TR arch dam. Six indicators are taken into
account, including dam type, construction start time, dam lifting height, and the
number of cable cranes used, among which four are moderate decision indicators.
The application of this model verifies the applicability of the optimal selection model.

7.2. Prospects

This study focuses on the core pain points in multi-attribute decision-making for
high-arch dam construction schemes, systematically defining the three-dimensional bound-
aries of “optimal interval-tolerance interval-invalid interval” for moderate indicators. It
innovatively addresses the problems of the insufficient integration of subjectivity and objec-
tivity and neglect of interval characteristics in the quantification process of such indicators,
and successfully constructs a multi-attribute decision-making model based on relative
membership degree, providing a reliable technical framework for the scientific comparison
and selection of high-arch dam pouring schemes.
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However, due to the complexity of such indicators, there is still room for further
research in the future. Machine learning methods (such as Long Short-Term Memory
(LSTM) networks, Gradient Boosting Regression Trees (GBRT), and deep learning models
driven by attention mechanisms) can be considered for adoption. Based on real-time
monitoring data throughout the construction process, these methods can accurately fit the
dynamic volatility of moderate indicators, reduce the computational load of recalculations,
realize real-time adjustment of schemes in line with construction progress, and solve the
problem of poor timeliness of traditional static models.

Furthermore, it is possible to combine the latest fuzzy mathematics theories (such
as interval-valued hesitant fuzzy sets, extended forms of Pythagorean fuzzy numbers,
and neutrosophic fuzzy theory). Aiming at the particularities of different engineering
application scenarios, more comprehensive multi-attribute decision-making models can
be constructed to match various engineering application scenarios. At the same time,
by integrating subjective requirements such as engineering risk preferences and multi-
objective priorities, the models can be accurately adapted to diverse actual engineer-
ing scenarios, further expanding the application boundary and promotion value of this
research achievement.
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Abbreviations

The following abbreviations are used in this manuscript:

TR archdam TR Double Curved Arch Dam

RADAR Ranking Alternatives by Distance from Average Solution
IGDEMATEL Interval-Valued Pythagorean Fuzzy Numbers

NCP Nadir Compromise Programming

DMF Decision-Making Framework

MCS Monte Carlo Simulation

MADM Multi-Attribute Decision-Making

AHP Analytic Hierarchy Process

TOPSIS Technique for Order Preference by Similarity to Ideal Solution
MCDA Multi-Criteria Decision Analysis

ANP Analytic Network Process
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BOCR Benefit-Opportunity-Cost-Risk
SK Skewness

Ccv Coefficient of Variation

IOR Interquartile Range
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