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Abstract: The real-time compaction quality evaluation of earth-rock dam plays a pivotal role in
ensuring dam safety. However, the current real-time compaction quality evaluation only takes the
physical properties of compacted dam materials into account, which fails to characterize whether their
mechanical property meets the requirements of deformation and destruction, and no quantitative
heterogeneity of real-time compaction quality is studied. This paper presents a comprehensive
evaluation method to address these problems. First, based on on-site tests, real-time physical and
mechanical indices are obtained. Next, the analytic hierarchy process, extended by the interval model
(i-AHP) method, is introduced for real-time compaction quality evaluation considering both these
indices, and the hybrid compaction index (HCI) is firstly proposed based on the i-AHP method.
Finally, an improved geostatistical analysis method (i-GAM) is developed to quantify the real-time
compaction quality heterogeneity. A case study of an earth-rock dam project in southwest China
demonstrates the effectiveness and advantages of the proposed method.

Keywords: compaction quality evaluation; earth-rock dam; physical and mechanical properties;
i-AHP method; improved geostatistical analysis method (i-GAM); real-time compaction monitoring
(RTCM)

1. Introduction

The compaction quality of earth-rock dam, especially in the region of dam core impervious
material, is essential to dam safety [1]. Strengthening compaction quality control is an important
measure to ensure the anti-seepage and strength performance of compacted materials and further
prevents the appearance of cracks [2]. In the current specification of earth-rock dams [3], spot tests are
chosen as the main control means. Spot tests are convenient to operate, but there are three shortcomings.
First, these tests cannot be executed only after the whole working face is compacted, and the testing
process can last for a day. Additionally, only after the inspection and evaluation are qualified can
the next working face be constructed, which will delay construction progress. Second, the position
of limited test pits is randomly chosen, which is unrepresentative and cannot fully reflect the whole
working face [4]. When an unqualified test pit appears, it is rather ambiguous to define the scope
of supplementary rolling. Third, the method is destructive and the test pits are usually of large size
and need to be refilled and recompacted, which is harmful to the homogeneity and continuity of
the properties of dam materials [5]. Therefore, in the last decade, real-time compaction monitoring
(RTCM) technology for continuous compaction control is gradually introduced as a supplement to
the quality evaluation of dam compaction, which integrates global position system (GPS), general
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packet radio service (GPRS) and personal digital assistant (PDA) technologies [6]. Based on the RTCM
technology, the real-time evaluation for compaction quality has been developed, but there are still
following main restrictions.

(1) Due to their simplicity and convenience, the physical indices of compacted dam materials (i.e.,
the compactness K and porosity n) are chosen as the evaluation indices for compaction quality.
Physical indices are the indicators of the proportional relationship between the mass and volume
of the three phases (i.e., the solids, liquids and gases) of earth-rock dam materials [7], which can
help reflect the physical composition and seepage properties of compacted materials. Mechanical
indices characterize the deformation and destruction morphology of earth-rock dam materials in
the process of being subjected to external forces or other effects [7], which can help reflect the
strength and stiffness performance. Due to the correlation between them, the physical properties
are usually used to represent the mechanical properties. However, due to the uncertainties in
material internal structure (i.e., the grain composition and moisture content), the relationship
between the two properties is indeterminate [8]. Therefore, it is not enough to only assess the
compaction quality with the physical indices.

(2) For the current real-time compaction quality evaluation of dam materials, the inherent
heterogeneity of the evaluation indices within the whole working face has been ignored. It is
noteworthy that the compaction quality heterogeneity resulting from local under-compaction and
over-compaction may lead to an uneven settlement and arch effect [3], which are major causes of
dam damage.

In allusion to these limitations, a comprehensive compaction quality evaluation method is
proposed in this paper. In this method, real-time hybrid evaluation of compaction quality is carried
out, integrating both the physical and mechanical properties of compacted dam materials and then
analyzing the real-time compaction quality heterogeneity. This paper proceeds as follows: Section 2
gives a brief research background of compaction quality evaluation; Section 3 introduces the framework
of this paper; Section 4 introduces the compaction quality evaluation system and relevant indices;
Section 5 demonstrates the research methodology proposed in this paper; Section 6 is a case study to
demonstrate the feasibility and advantages of the proposed method; Finally, conclusions and future
research are summarized in Section 7.

2. Research Background

A crucial process in dam construction is dam material compaction. Compared with similar
research in other engineering fields, the compaction measurement indices can mainly be divided
into two categories: the physical indices and the mechanical indices [8–10]. The common indices are
summarized in Table 1 according to category. The main indices currently applied in earth-rock dam
projects are the physical indices (i.e., the compactness K and the porosity n), which are obtained by
random spot tests. Additionally, the nondestructive alternatives for physical indices such as nuclear
density gauge method and additional mass method have been applied at the construction site [3].

The above detection techniques belong to the point-control and post-control methods. For the
point-control method, less than 1% of the entire working face can be assessed [11]. For the post-control
method, the time-consuming process will delay construction progress and is inconducive to timely
construction feedback control. To get around these obstacles, the RTCM system has been rapidly
developed, as it can realize continuous compaction control and evaluation [12], and various real-time
prediction methods for physical properties of dam materials have been investigated. For example,
based on the compaction parameters (i.e., rolling speed Ns, compaction passes Np, vibration state Nv

and compaction thickness Nt) and material parameters (i.e., gradation Mg and moisture content Mm),
Liu et al. [4] established a compactness prediction model to predict material compactness by using the
multiple regression method. Wang et al. estimated the compactness using support vector regression
with bacterial foraging algorithm (SVR with BFA) [1] and the support vector regression with the chaotic
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firefly algorithm (SVR with CFA) [13] respectively, which improved the prediction accuracy to a great
extent. In recent years, based on the RTCM technology, continuous measurement indices (CMI) were
proposed as substitutes for physical indices. By monitoring the drum acceleration using accelerometers
and encoders, Thurner et al. [14,15] proposed the compaction meter value (CMV) which is derived
from the amplitudes of drum acceleration and its harmonics. Based on CMV, other indices (i.e., the
resonance meter value RMV, oscillometer value OMV and continuous compaction value CCV) were
proposed [11]. Liu et al. [16,17] introduced the CMV into earth-rock dam construction. By establishing
the regression relation with compactness and dry density, they presented the compaction value (CV)
and unit compaction energy (UCE) as compaction quality measurement indices. Other main CMI are
listed in Table 1.

However, the above-mentioned research only takes the physical indices of compacted materials as
the ultimate control indices. Although related to the mechanical properties, the physical indices neglect
the uncertainty in the internal structure of dam materials [8], moreover, the relationship between
physical and mechanical indices is only empirical and lacks a strict theoretical basis [15,18]. The
physical indices can only reflect the physical composition and seepage property and fail to represent the
mechanical properties. Additionally, since there is a stronger correlation between the drum vibration
acceleration and the material stiffness or modulus [19], it is more appropriate for the drum vibration
acceleration to establish a prediction model with the mechanical indices than the physical indices.
Therefore, reasonably considering both the properties of dam materials will help fully reflect the
compaction quality. Due to its simplicity and flexibility, the analytic hierarchy process (AHP) method,
proposed by Saaty [20], has been widely used to solve comprehensive evaluation problems [21,22]. In
the method, the weights of the alternatives are given by the decision-making experts. However, due to
complexity in the construction field and the insufficient experience to support the experts to make a
fully deterministic judgement, the results are usually subjective and uncertain [22]. To address this
problem, several theories have been developed, including the evidence theory, probability theory, fuzzy
set theory and convex set theory [23]. Among these theories, the interval model, as a representative of
the convex set model, is extensively used since it is easy to combine with on-site statistical data. The
model can take the subjectivity and uncertainty into account by extending the deterministic numbers
to bounded intervals [24]. Therefore, the mathematical model of AHP extended by the interval model
(i-AHP) method is introduced for the evaluation of real-time compaction quality.

Besides, although it is crucial for dam safety, the inherent heterogeneity of dam material compaction
has rarely been studied. The reason may be that it cannot be quantified until the RTCM technology
is introduced to dam construction which realizes full monitoring coverage of the working face. In
other engineering fields, the geostatistical analysis method (GAM) has been introduced to spatial
heterogeneity analysis [25,26]. Based on the GAM, Xu et al. [27] studied the effect of compaction
quality heterogeneity on structural response in highway pavements and proposed the Cova index to
quantify the heterogeneity. The semivariogram model parameters in these studies are fitted using the
least square method or the weighted regression method; however, the fitting accuracy needs to be
further discussed.

The objectives of this paper are to: (1) establish the prediction models for the physical and
mechanical indices of earth-rock dam materials; (2) based on the i-AHP method, establish a hybrid
evaluation model for real-time compaction quality, which considers both physical and mechanical
properties and deals with the uncertainty in determining the weights of the alternatives, and to develop
the hybrid compaction index (HCI); and (3) present the improved GAM (i-GAM) to improve the model
fitting precision and investigate the inherent heterogeneity of the HCI. Through the above work, the
comprehensive compaction quality evaluation with full coverage can be achieved, and the inherent
heterogeneity analysis of compaction quality can help find the weak construction area which is benefit
for timely feedback control.



Appl. Sci. 2019, 9, 1543 4 of 22

Table 1. Summary of compaction measurement indices.

Categories Indices Symbols Detection Methods CMI References

Physical properties
Compactness K Spot tests IWHR [3]

Porosity n Spot tests IWHR [3]
Dry density ρd Spot tests IWHR [3]

Mechanical properties

Dynamic elastic modulus Evd Light weight deflectometer (LWD) tests Yu et al. [28]
Deformation modulus E0 Plate load (PL) tests White et al. [29]

Subgrade modulus K30 PL tests White et al. [29]
California bearing ratio CBR Dynamic cone penetrometer tests Yu et al. [28]

Nondestructive alternatives

Density ρ Nuclear density Gauge tests IWHR [3]
Density ρ Additional mass tests IWHR [3]

Compaction meter value CMV RTCM technology
√

Thurner et al. [14]
Compaction value CV RTCM technology

√
Liu et al. [16]

Unit compaction energy UCE RTCM technology
√

Liu et al. [17]
Sound compaction value SCV RTCM technology

√
Zhang et al. [5]

Machine drive power MDP RTCM technology
√

Komandi et al. [30]
Bomag variocontrol BVC RTCM technology

√
Rahman et al. [31]

Soil stiffness ks RTCM technology
√

Anderegg et al. [32,33]
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3. Research Framework

As shown in Figure 1, the research framework mainly includes three parts: predicting the real-time
physical and mechanical indices, establishing the comprehensive evaluation model of compaction
quality and addressing a case study. First, based on the RTCM technology, the prediction models for
real-time physical and mechanical indices are established by using SVR with CFA. The material and
compaction parameters are selected as the inputs for the physical indices’ prediction, and the roller
acceleration spectrum is selected for the mechanical indices. Secondly, the comprehensive evaluation
model of compaction quality is established, in which the i-AHP method is introduced for real-time
hybrid evaluation and i-GAM is presented to analyze real-time compaction quality heterogeneity.
Finally, the proposed method is applied to a high earth-rock dam project in China.

Appl. Sci. 2019, 9, x FOR PEER REVIEW 5 of 23 

3. Research Framework  

As shown in Figure 1, the research framework mainly includes three parts: predicting the real-
time physical and mechanical indices, establishing the comprehensive evaluation model of 
compaction quality and addressing a case study. First, based on the RTCM technology, the prediction 
models for real-time physical and mechanical indices are established by using SVR with CFA. The 
material and compaction parameters are selected as the inputs for the physical indices’ prediction, 
and the roller acceleration spectrum is selected for the mechanical indices. Secondly, the 
comprehensive evaluation model of compaction quality is established, in which the i-AHP method is 
introduced for real-time hybrid evaluation and i-GAM is presented to analyze real-time compaction 
quality heterogeneity. Finally, the proposed method is applied to a high earth-rock dam project in 
China. 

 

Figure 1. Research framework. 

4. Compaction Quality Evaluation System and Its Indices 

4.1. Evaluation System for Compaction Quality 

The three-level i-AHP evaluation system for compaction quality is established as illustrated in 
Figure 2 for hybrid evaluation of compaction quality and deriving the HCI. Based on Table 1, the 
compactness (K) and dry density (𝜌 ) for gravel-mixed cohesive soil at the core wall, porosity (n) 
and dry density (𝜌 ) for rockfill area are selected as the physical indices [3]. The dynamic elastic 
modulus (Evd), deformation modulus (E0) and subgrade modulus (K30) are selected as the mechanical 
indices. 

 
Figure 2. I-AHP system for compaction quality evaluation. 

  

Figure 1. Research framework.

4. Compaction Quality Evaluation System and Its Indices

4.1. Evaluation System for Compaction Quality

The three-level i-AHP evaluation system for compaction quality is established as illustrated in
Figure 2 for hybrid evaluation of compaction quality and deriving the HCI. Based on Table 1, the
compactness (K) and dry density (ρd) for gravel-mixed cohesive soil at the core wall, porosity (n) and
dry density (ρd) for rockfill area are selected as the physical indices [3]. The dynamic elastic modulus
(Evd), deformation modulus (E0) and subgrade modulus (K30) are selected as the mechanical indices.
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4.2. Evaluation System for Compaction Quality

To obtain the real-time physical and mechanical indices, two groups of independent variables
are selected as the prediction inputs, respectively. The compaction parameters (i.e., rolling speed Ns,
compaction passes Np, vibration state Nv and compaction thickness Nt) and the material parameters
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(i.e., gradation Mg and moisture content Mm) are chosen to predict the distribution of material physical
indices [1,4,13], and the drum vibration acceleration during roller travel is chosen to predict the
distribution of material mechanical indices [19]. The SVR with CFA is employed to establish the
compaction quality prediction model, and its efficiency and accuracy have been demonstrated in
Reference [13]. Through the above process, we can obtain the real-time physical and mechanical indices.

4.2.1. On-Site Point-Test Compaction Measurement Indices

(1) Physical compaction measurement indices

The on-site physical indices can be obtained with the random spot test method. The expressions of K
and n are  K =

ρm
ρmax

n = V0−V
V0

= 1− V
V0

=
(
1− ρ0

ρ

)
× 100%

(1)

where K is the compactness, n is the porosity (%), ρm is the wet density (kg/m3), and ρmax is the
maximum wet density (kg/m3), V0 is the material apparent volume (m3), V is the material solid volume
(kg/m3), and ρ0 is the material apparent density (kg/m3).

(2) Mechanical compaction measurement indices

The on-site mechanical compaction indices here include Evd, E0 and K30. Evd can be detected by light
weight deflectometer (LWD) tests and can be expressed as

Evd =
3rσ
2S

(2)

where Evd is the dynamic elastic modulus (MPa), r is the radius of load plate (mm), σ is the impact load
(MPa), S is the settlement of load plate (mm).

E0 and K30 can be obtained by plate load (PL) tests and can be expressed as E0 = I0
(
1− µ2

) pd
S

K30 = P0
0.00125

, (3)

where E0 is the deformation modulus (MPa), K30 is the subgrade modulus (MPa/m), I0 is the shape
coefficient, usually 0.785 for circular plate and 0.886 for square plate, µ is the material Poisson ratio, p is
the imposed pressure (kPa), d is the diameter or side length of load plate (mm), and S is the settlement
of load plate (mm), P0 denotes the load when the settlement of PL tests is 1.25 mm for a 300 mm
diameter circular load plate. The testing process can refer to Refs. [28,29].

4.2.2. Real-Time Compaction Measurement Indices

The real-time collection of compaction parameters and roller acceleration spectrum is based on the
RTCM system. Referring to Figure 1, the collection process is performed in the following three steps.

(1) The position and vibration state data of rollers can be collected by the GPS orientation and
vibration state monitoring modules installed on the roller. Combined with real-time kinematic
global positioning system [34], the horizontal positioning accuracy can reach 1 to 2 cm and
the vertical accuracy can reach 2 to 3 cm. The roller acceleration signal can be obtained by the
acceleration monitoring module (including the accelerometers and encoders) that is installed on
the center of the roller’s drum. The rotation of eccentric masses produces eccentric force and
causes the drum to vibrate at a certain frequency. It has been confirmed that with the continuous
compaction of dam materials, the material stiffness and modulus will constantly improve and the
corresponding amplitude of roller signal acceleration will constantly change [7,14,15].
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(2) The above data will be sent to the application server through data terminal unit of global system
for mobile communications. Via the calculation of application server, we can obtain the real-time
compaction parameters (i.e., Ns, Np, Nv and Nt). The 3D compaction monitoring client will read
above massages and visualize them as shown in Figure 3. The material parameters (i.e., Mg and
Mm) can be collected by the PDA collection system as illustrated in Reference [13]. Meanwhile,
the acceleration amplitude spectrum can be obtained from the roller acceleration signal by Fast
Fourier Transform [16], based on which the indices CMV and CCV can be acquired [28]. CMV = C0 ·

A2Ω
AΩ

CCV =
(A0.5Ω+A1.5Ω+A2.5Ω+A3Ω

A2.5Ω+A3Ω

)
× 100

, (4)

where AΩ and A2Ω are the drum acceleration amplitudes at the fundamental frequency Ω and the
first harmonic component of the real-time acceleration response signal. C0 is the site calibration
constant. A0.5Ω represents the first subharmonic, and A1.5Ω, A2.5Ω and A3Ω denote the other
higher-order harmonics.

(3) Based on correlation analysis, the real-time physical indices across the working face can be
predicted by compaction and material parameters [13]. Additionally, for the lack of a strict
theoretical basis for, and physical significance of, CMV and CCV, the character parameters of the
original acceleration amplitude spectrum (i.e., A0.5Ω, AΩ, A1.5Ω, A2Ω, A2.5Ω, A3Ω) are chosen as
the original prediction inputs for the prediction of mechanical indices. SVR with CFA is employed
to establish the real-time prediction model and the system client will access the data continuously
and perform a visual display for the real-time feedback control.
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5. Methodology

5.1. Mathematical Models of the Evaluation System

The comprehensive compaction quality evaluation includes the real-time hybrid evaluation
and the real-time compaction quality heterogeneity analysis. The mathematical models are shown
in Equations (5)–(7), comprised of three parts: the objective model, the method set model and the
parameter set model. Equation (5) defines the objective model E of compaction quality evaluation,
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where ER denotes the real-time hybrid evaluation model, EP denotes the real-time compaction quality
heterogeneity analysis model. Equation (6) defines the method set model, where f is the i-AHP method
for the hybrid evaluation of material physical indices (IP) and mechanical indices (IM), y denotes the
i-GAM, and h denotes the lag distance, a parameter in i-GAM. S and V are the rating matrix and the
total weight vectors. k denotes the interval mathematics method, g denotes the prediction model,

⊗
denotes the coupled algorithm. Equation (7) defines the parameter set model, where C and a represents
the semivariogram model parameters in i-GAM. The i-AHP and i-GAM will be elaborated in the
following parts of this section.

E = ER

⋃
EP, (5)

ER = f (IP, IM)

EP = y(h)
IP = g

(
Ns, Np, Nv, Nt, Mg, Mm

)
IM = g(A0.5Ω, AΩ, A1.5Ω, A2Ω, A2.5Ω, A3Ω)

f = k(S, V)

g = SVR
⊗

FA

, (6)


ER = [HCI]
EP = [C, a]
IP = [K, n,ρd]

IM = [Evd, E0, K30]

. (7)

5.2. Real-Time Hybrid Compaction Quality Evaluation Using i-AHP Method

Based on the real-time predicted physical and mechanical indices, the i-AHP model is established
for the real-time hybrid compaction quality evaluation.

5.2.1. Interval Model

In interval mathematics, the uncertain parameters can be described by interval model, the
geometric forms of which can be a line, a rectangle or multi-dimensional cuboid, and the model can be
defined as follows.

Definition 1. Let R be the real number field, for two given real numbers x−, x+ ∈ R , and x− ≤ x+, then the
interval number model xI is defined as:

xI =
[
x−, x+

]
=

{
x : x ∈ R, x− ≤ x ≤ x+

}
, (8)

where x− and x+ represent the upper and lower bounds.
From this definition, we notice that the interval number model turns to a specific point model when x− = x+,

which is deterministic and means there is no uncertainty.

Definition 2. The median xc and deviation xr of the interval number model xI is defined as: xc =
(x−+x+)

2

xr =
(x−−x+)

2

. (9)

Therefore, the interval number model can be also expressed as:

xI =
[
x−, x+

]
= xc + xre4, (10)

where e4 = [−1, 1] denotes the unit interval number.
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Definition 3. If xI
i =

[
x−i , x+i

]
∈ I(R) (i = 1, 2, · · · , n), the interval vector model can be defined as:

xI = {(x1, x2, · · · , xn)
T : (x1, x2, · · · , xn)

T
∈ Rn, xi ∈ xI

i , i = 1, 2, · · · n}, (11)

and for m× n interval number xI
i j =

[
x−i j, x+i j

]
∈ I(R) (i = 1, 2, · · · , m and j = 1, 2, · · · , n), the interval matrix

model can be defined as:

XI =
(
xI

i j

)
m×n

=


xI

11 xI
12 · · · xI

1n
xI

21 xI
22 · · · xI

2n
...

... · · ·
...

xI
m1 xI

m2 · · · xI
mn



[x−11, x+11] [x−12, x+12] · · · [x−1n, x+1n]

[x−21, x+21] [x−22, x+22] · · · [x−2n, x+2n]
...

... · · ·
...

[x−m1, x+m1] [x−m2, x+m2] · · · [x−mn, x+mn]


=

(
X−, X+

)
.

(12)

5.2.2. i-AHP Model

Based on the interval model, the i-AHP model is established by extending the deterministic
numbers to uncertain-but-bounded intervals, and the process for the real-time hybrid evaluation is as
follows:

(1) Construct the i-AHP system and the rating matrix. The i-AHP system is established as shown in
Figure 2. Thereafter, a scoring criterion is necessary by using expert grading method. Then the
rating matrix of each element can be obtained as:

s = [s1, s2, · · · , sn], (13)

where n denotes the total number of elements in the alternative level.
(2) Construct the interval comparison matrices through pairwise comparison. As shown in Figure 2,

the comparison matrices include the criterion level to objective level (PI) and the alternative level
to criterion level (AI).

PI =

P1

P2
...

Pm

P1 P2 · · · Pm
1 pI

12 · · · pI
1m

pI
21 1 · · · pI

2m
...

... · · ·
...

pI
m1 pI

m2 · · · 1


, (14)

AI =

A1

A2
...

An

A1 A2 · · · An
1 aI

12 · · · aI
1n

aI
21 1 · · · aI

2n
...

... · · ·
...

aI
n1 aI

n2 · · · 1


, (15)

where m is the total number of elements in criteria level. xI
i j =

[
x−i j, x+i j

]
(x = p, a) denote the

interval model for comparing the importance of the ith and the jth element, and aI
i j = 0(i , j)

when Ai and A j are in different criteria. The elements in the comparison matrices satisfy the
reciprocal principle, namely x±i j = 1/x∓ji(x = p, a), and the importance degree is listed in Table 2.
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(3) Calculate the interval weight vectors of the interval comparison matrices, including the criterion
level to objective level (pI) and the alternative level to criterion level (aI). The expression of pI is:

pI =
[
p−, p+

]
= [ε1x−, ε2x+]

ε1 =
√∑m

j=1
1∑m

i=1 p+i j

ε2 =
√∑m

j=1
1∑m

i=1 p−i j

, (16)

where x− and x+ are the normalized eigenvectors of P− and P+.
(4) Check the consistency of the interval comparison matrices. Firstly, the fuzzy degree of interval

number model xI is defined as:
δ
(
xI

)
=

2xr

xc . (17)

Then the fuzzy degree of PI can be expressed as:

δ
(
PI

)
=

2xr

m(m− 1)

∑m

i=1

∑m

j=1,i,1
δ
(
pI

i j

)
. (18)

The criterion of consistency check is:
C.R. = η−m

(m−1)R.I. ≤ 0.1×
(
1 + δ

(
PI

))
η = λ− +

(
c

1+c

)
(λ+ − λ−)

c =
1−

∑m
j=1 w−j∑m

j=1 w+
j −1

, (19)

where C.R. denotes the consistency ratio. R.I. denotes the average random consistency index,
which can be queried in Reference [20]. The error of the interval comparison matrices will be too
large when Equation (19) can’t be satisfied, which requires a new judgement.

(5) Define and calculate the HCI. The interval total weight vectors can be obtained based on the
above process, which is expressed as:

vI = pIaI, (20)

then the final hybrid evaluation index HCI can be defined as Equation (21), here HCII denotes the
interval HCI, and the higher index shows the better compaction quality.

HCII = svI. (21)

Table 2. Importance degree and implication for elements in i-AHP system.

Importance Degree Implication

1 The two elements are equally important
3 The former is slightly more important than the later
5 The former is rather more important than the latter
7 The former is strongly more important than the latter
9 The former is absolutely more important than the latter

2, 4, 6, 8 Indicate the intermediate value of the above adjacent judgments

5.3. Analyais for Real-Time Compaction Quality Heterogeneity Using i-GAM

The current evaluation method for compaction quality of earth-rock dam has ignored the inherent
inhomogeneity of the evaluation indices within the working face, which may lead to uneven settlement
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and arch effect of the dam. Based on enough information collected by the RTCM system, i-GAM can
help to quantify the inhomogeneity of real-time compacted quality, which can be expressed as:

γ(h) =
1
2

E[Z(x) − x(x + h)]2, (22)

where γ(h) denotes the semivariance function, h represents the lag distance (m), Z(x) and Z(x + h)
denotes the evaluation indices collected at distance x and (x + h), respectively. However, due to
the difficulty of directly calculating the semivariance, Equation (23) is introduced to obtain them by
sample points. 

γ(h) = 1
2N(h)

∑N(h)
i=1 [Z(x) −Z(x + h)]2

h = num · lag

num = int
(

dis
lag + 0.5

)
+ 1

, (23)

where N(h) represents the number of data pairs, lag denotes the lag class distance interval and doesn’t
exceed 1/2 of the maximum distance of data pairs (m). num denotes lag class, dis is the actual distance
between each data pair (m), and int is the integer function.

The dotted pair data (h, γ(h)) needs to be marked in cartesian coordinates, afterwards the
semivariogram can be obtained through curve-fitting as shown in Figure 4. The most commonly used
fitting model is the exponential model as Equation (24) [27].

γ(h) = C
(
1− e−

3h
a

)
, (24)

where C = lim
h→+∞

γ(h) represents the sill, which indicates the maximum difference of evaluation indices

in space. a denotes the range, which represents the minimum mean distance to reach the plateau sill. A
lower sill and larger range show stronger compaction uniformity and geospatial continuity.
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In Reference [27], the coefficient of the semivariogram (Cova) index was proposed to quantify the
geospatial heterogeneity of materials. Results show that the Cova index has a close value and trend
with the coefficient of variance (Cov) index of material evaluation indices. However, we have deduced
that the above two indexes theoretically have the same value, which is elaborated in the Appendix A.
Therefore, we can infer that the small difference between Cova and Cov in Reference [27] is caused by
the error of curve-fitting. In the demonstration, Equation (25) is obtained.

C = std2, (25)

where std is the standard deviation of evaluation indices. Therefore, in the process of curve-fitting of
semivariance function in this paper, the value of sill C in the exponential model can be predefined
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rather than being fitted by a mathematical method, which will surely improve the accuracy of the
fitting model.

6. Case Study

6.1. Prediction Model of Real-Time Physical and Mechanical Indices

The high core-wall rockfill dam of X hydropower station located in Sichuan Province, China, is
selected as the case study. The maximum dam height is 295 m which is the third highest earth-rock
dam in the world. The RTCM and PDA collection systems are applied here to realize all-weather
real-time intelligent control for compaction quality and information collection of material sources and
spot tests [6]. The core wall district with gravel-mixed cohesive soil is selected as the research object,
which is compacted using ten roller passes with padfoot rollers the vibration frequency of which is
27 Hz and the exciting force can reach 416 kN. The physical indices (i.e., K and ρd) are obtained by the
random spot tests. To minimize the effect of material disturbance, a slight location offset is adopted.
One hundred samples are applied to establish the prediction model of physical indices using SVR with
CFA, and 20 additional samples are used for cross validation. The comparison between the actual
values and measured values is shown in Figure 5. The linear correlation coefficient (R) [Equation (26)]
is adopted as the accuracy criteria.

R =
N

∑
yy′ −

∑
y
∑

y′√
N

∑
y2 − (

∑
y)2

√
N

∑
(y′)2

− (
∑

y′)2
, (26)

where y is the actual value, y′ is the calculated value, and N is the data bulk. In Figure 5a, the maximum
relative absolute error of K is 2.94%, and the coefficient R reaches 0.977; in Figure 5b, the maximum
relative absolute error of ρd is 4.32%, and the coefficient R reaches 0.917, which denotes the prediction
model performs well.
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Like the prediction of physical indices, 105 samples are applied to establish the prediction model
of mechanical indices, and 21 additional samples are used for cross validation. In Figure 6a, the
maximum relative absolute error of Evd is 9.69%, and the coefficient R reaches 0.916; in Figure 6b, the
maximum relative absolute error of E0 is 8.22%, and the coefficient R reaches 0.921; in Figure 6c, the
maximum relative absolute error of K30 is 11.13%, and the coefficient R reaches 0.899, which indicates
the availability of the prediction model. Referring to the different maximum relative absolute errors
in Figures 5 and 6, we find the prediction accuracy of the mechanical indices is lower than that of
the physical indices. The reason may be that the unevenness of the working face leads to inadequate
contact between the roller’s drum and the dam materials, which makes the drum vibration acceleration
create a bigger noise than the compaction and material parameters. It is important to reduce the noise
by combining wavelet analysis and an intelligent algorithm to further improve the prediction accuracy
in the future [35].
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6.2. Rolling Compaction Calibration Test

To establish the quality-level classification standard for the evaluation indices, referring to
Reference [26], a rolling compaction calibration test is conducted prior to helping establish the rating
matrix. The target values of physical and mechanical indices are produced from these calibration strips
as references for compaction quality control during the earth-rock dam construction.

To execute the test, one working face in the core wall was selected. According to the
specifications [3], the compaction parameters (i.e., Ns, Np, Nv and Nt) and the material parameters (i.e.,
Mg and Mm) should be prudently guaranteed to meet the construction requirements.

Through the calibration test, the relationship of compaction passes with the physical and
mechanical indices can be obtained as shown in Figure 7. In Figure 7a, the mean K increases from
89.48 to 99.90 (%), and the std decreases from 2.01 to 0.85 (%); the mean ρd increases from 2.10 to
2.29 (×103kg/m3), and the std decreases from 0.066 to 0.033 (×103kg/m3). In Figure 7b, the mean Evd
increases from 7.62 to 9.74 (MPa), and the std decreases from 0.759 to 0.265 (MPa); the mean E0 increases
from 13.42 to 16.87 (MPa), and the std decreases from 2.32 to 0.68 (MPa); the mean K30 increases from
16.77 to 30.20 (MPa/m), and the std decreases from 4.78 to 1.37 (MPa/m). When compaction passes
reaches ten, the physical and mechanical indices almost reach maximum and tend to be stable, thus
they are selected as the basis for formulating the scoring criterion.
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Figure 7. Relationship of compaction passes with the indices and the mean errors of test points:
(a) physical indices; (b) mechanical indices.
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Referring to Reference [22], the compaction quality in earth-rock dam construction can be divided
into five classifications: good, fine, ordinary, poor and bad. The quality-level classification standard in
the core wall can be obtained with an expert grading method as shown in Table 3, and the compaction
quality rating of the calibration area is good, which lays a foundation for the following comprehensive
evaluation of compaction quality.

Table 3. Quality-level classification standard for the physical and mechanical indices in earth-rock
dam compaction.

Quality Level I (Good) II (Fine) III (Ordinary) IV (Poor) V (Bad)

K(%) >99 98–99 95–98 90–95 <90
ρd

(
×103 kg/m3

)
>2.27 2.25–2.27 2.23–2.25 2.21–2.23 <2.21

Evd (MPa) >9.7 9.5–9.7 9.3–9.5 9.1–9.3 <9.1
E0 (MPa) >16.5 16–16.5 15.5–16 15–15.5 <15

K30 (MPa/m) >29 27.5–29 26–27.5 24.5–26 <24.5
Dimensionless value 50 40 30 20 10

6.3. Comprehensive Evaluation of Compaction Quality

The test area for conducting the comprehensive evaluation consists of two blocks of 8 m × 40 m in
the core wall district. All strips are approximately oriented in the north-south direction.

6.3.1. Real-Time Physical and Mechanical Indices Analysis

We can obtain the real-time discrete physical and mechanical indices using the prediction model
described in Section 6.1. Based on Kriging interpolation [4], the physical and mechanical indices of
the selected working face with full coverage can be acquired. The contour maps of these indices in
the two test blocks are presented in Figure 8a–e. The results indicate that the mean physical and
mechanical indices of Block 1 are larger than those of Block 2, which means better compaction quality
of Block 1. Moreover, we can get the semivariogram of each index as shown in Figure 9a–e. Taking the
compactness K, for example, the sill C of Block 2 is 2.19 times larger than Block 1, and the range of
Block 2 is 21% lower than that of Block 1. Similar phenomena are found in the other indices, which
indicate the greater compaction uniformity and lower geospatial variability of Block 1. Besides, the
similar trends indicate there is close correlation between these indices. It is noteworthy that the mean
range a of Evd is 2.303, which is much lower than the other indices. It can be attributed to the difference
between effective depth and the test principle of different measuring methods.
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6.3.2. Real-Time Hybrid Evaluation of Compaction Quality

The main process of real-time hybrid evaluation is:

(1) Construct the interval comparison matrices

Through pairwise comparison, the interval comparison matrices PI and AI in the Equations (14)
and (15) can be obtained as:
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(14) and (15) can be obtained as: 
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(2) Calculate the interval weight vectors 

The interval weight vectors can be obtained as: 𝐩 = [𝐩 , 𝐩 ] = 0.2432,0.27810.6877,0.7865  (30) 

𝐚 = [𝐚 , 𝐚 ] = 0.7609,0.82720.1965,0.2136  (31) 

(29)

(2) Calculate the interval weight vectors

The interval weight vectors can be obtained as:

pI =
[
p−, p+

]
=

[
0.2432, 0.2781
0.6877, 0.7865

]
(30)

aI
1 =

[
a−1 , a+1

]
=

[
0.7609, 0.8272
0.1965, 0.2136

]
(31)
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aI
2 =

[
a−2 , a+2

]
=


0.1183, 0.1266
0.2537, 0.2905
0.5791, 0.6293

 (32)

(3) Calculate the interval total weight vectors

After the consistency check, the interval total weight vectors can be calculated by Equation (20) as
listed in Table 4.

Table 4. Interval total weight vectors of the i-AHP model.

Indices
Criteria (P1) Criteria (P2) Total Weight Vectors

[0.2432,0.2781] [0.6877,0.7865]

A1 [0.7609, 0.8272] [0.1850, 0.2300]
A3 [0.1965, 0.2136] [0.0478, 0.0594]
A4 [01183, 0.1266] [0.0814, 0.0996]
A5 [0.2537, 0.2905] [0.1745, 0.2285]
A6 [0.5791, 0.6293] [0.3983, 0.4950]

After the above calculation, the evaluation index HCII can be obtained in real-time by Equation (21).

6.3.3. Comprehensive Evaluation Results

For the index HCII, the median of the interval number is adopted as the ultimate evaluation
criterion. Based on the real-time calculated HCI and the Kriging interpolation, the contour map of
HCI can be obtained as shown in Figure 8f. The mean HCI of Block 1 is 44.07, and that of Block 2 is
40.16. It indicates that the compaction quality of Block 1 is better than Block 2 with consideration of all
the physical and mechanical indices, which is consistent with the individual physical and mechanical
index evaluation. Moreover, the HCI takes both the physical and mechanical indices into consideration,
so it is more synthetic than the individual index. For example, for Zone X marked in Figure 8, we can
judge from the contour maps that K30 is not that great, but K, ρd, Evd and E0 are visibly larger than
those of the adjacent area. This shows that the relationship between indices is nondeterministic, and
hybrid evaluation for these indices is necessary. Zone Y marked in Figure 8f shows a compaction weak
area and needs to be recompacted. To compare with the i-AHP method, the traditional AHP method is
utilized and the mean HCI of each block is 44.12 and 40.28, respectively. The results are very close to
those of the i-AHP method and indicate that the two methods have high consistency. However, the
i-AHP method takes both the subjectivity and uncertainty into account, and the important degree is
employed for the importance comparison. Moreover, the i-AHP method transforms the uncertainty
problem into a determination problem and simplifies the calculation process. Furthermore, the i-AHP
method can obtain the interval HCI. For any two points A and B in the working face, when the interval
HCI overlaps with each other, the compaction quality at Point A is not necessarily better than that
at Point B even if the mean of the former is greater than the latter. Considering the repetitive region
of the interval makes it possible for Point B to be better than A when considering the uncertainty in
construction, which avoids the arbitrariness of the tradition AHP.

The semivariograms of HCI for each block are as shown in Figure 9f. The sill C is 17.45 in Block
1 and is 37.40 in Block 2. The range a is 4.012 in Block 1 and is 3.880 in Block 2. These indicate the
greater compaction uniformity and geospatial continuity of Block 1 when taking both the physical
and mechanical indices into account. Through the analysis of the rolling compaction calibration test
and referring to Reference [26], a ≥ 3.8 and C ≤ 30 are determined as the eligibility criteria for the
compaction homogeneity for HCI.

Based on the above study, the compaction quality report of a randomly selected working face can
be obtained as shown in Figure 10.
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6.4. Discussion

To demonstrate the feasibility and advantages of the proposed method, the proposed index HCI is
compared with the other individual index, and the results of the i-AHP method are compared with
those of the traditional AHP method. Besides, i-GAM is developed to analyze the heterogeneity of
HCI. The discussion can be summarized as follows:

(1) The index HCI proposed in this paper is in accordance with the other individual physical and
mechanical index (K, ρd, Evd, E0 and K30), and the results of the selected two blocks are comparable.
Similar trends are found in the mean value and geostatistical data of each index, which indicates
that there is close correlation between these indices. Moreover, results from the i-AHP method are
generally the same as those from the traditional AHP method. In fact, the difference between the
two methods is less than 0.3%. The above results show high consistency between the proposed
method and the traditional method.

(2) By taking both the physical and mechanical indices into account, the real-time hybrid index HCI
can reveal the differences between the physical and mechanical indices, and a low individual
index does not result in a low hybrid index. Here, we compared the indices in Zone X, which
indicate the relationship between the physical and mechanical indices is not deterministic, and it
is crucial to comprehensively consider each index. By taking the subjectivity and uncertainty into
account, the i-AHP method can provide more detailed interval information than the traditional
AHP method. For the instances of Point A and Point B, decision makers can participate in the
process, which will avoid the shortcomings of the traditional AHP method that has an extreme
rating based on a precise number.

(3) For the compaction quality heterogeneity analysis, semivariogram model parameters C and a can
reflect the compaction continuity, and smaller C and larger a can represent better compaction
continuity and less variability. With the improvement of fitting accuracy, results show that the C
and a of HCI have similar trends with the other individual index.

7. Conclusions and Future Research

The real-time compaction quality control of earth-rock dam materials is a main concern during dam
construction. Only real-time physical indices of compacted materials cannot fully reflect compaction
quality, moreover, real-time compaction quality heterogeneity is harmful to dam safety and should
be quantified. This paper proposes a comprehensive evaluation method of real-time compaction
quality of earth-rock dam materials by i-AHP and i-GAM. Considering both physical and mechanical
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properties, the proposed HCI can fully reflect the overall performance of compacted materials, which
is highly representative compared with other individual index evaluation methods. Moreover, the
i-AHP method creates more possibilities for decision-makers than the traditional AHP method and
makes the evaluation more flexible. The i-GAM method can also help to quantify compaction quality
heterogeneity in which the accuracy of fitting model is improved, and with the help of i-AHP and i-GAM,
the compaction quality of earth-rock dam can be easily marked and classified with comprehensive
consideration of the material’s physical and mechanical properties. Earth-rock dam materials are used
in this particular case study, but the proposed method can also be extended to other engineering fields.

Despite the efficiency of the evaluation method, there are several restrictions that need to be
further investigated. First, it should be noted that the rolling compaction calibration tests are conducted
to deal with the problem that there is no existing specification for the mechanical indices, which should
be determined based on plenty of experiments and will be gradually added in the future. Second, only
parts of the physical and mechanical indices are selected for comprehensive evaluation, which can be
gradually expanded, and the prediction accuracy can be further improved by reducing the noise of
prediction inputs. Moreover, augmented reality and intelligent rolling combined with compaction
quality heterogeneity assessment will be important aspects of our future research.
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Appendix A. Relationship between Cova Index and Cov Index

According to the Ref. [27], the Cova index and Cov index can respectively be expressed as:

Cova =

√
C

Mean
, (A1)

Cov =
std

Mean
, (A2)

where C is the sill value and C = lim
h→+∞

γ(h), Mean and std are the mean value and the standard deviation of

evaluation indices. The semivariance γ(h) function can be expressed as:

γ(h) =
1
2

E[Z(x) −Z(x + h)]2 = E[Z(x)]2 − E[Z(x)Z(x + h)]. (A3)

In addition, the covariance function of evaluation indices at x and x + h can be expressed as:

C(h) = Cov[Z(x)Z(x + h)] = E[Z(x)Z(x + h)] − E[Z(x)]E[Z(x + h)]. (A4)

Then
C(0) = Cov[Z(x), Z(x)] = Var[Z(x)] = E[Z(x)]2 −

{
E[Z(x)]

}2, (A5)

where Var denotes variance. Moreover, we assume E[Z(x)] = E[Z(x + h)] in the same working face, therefore

γ(h) = C(0) −C(h). (A6)

Then
C = lim

h→∞
γ(h) = lim

h→∞
[C(0) −C(h)] = C(0) = std2. (A7)

Therefore Cova = Cov.
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