Hindawi

Advances in Civil Engineering

Volume 2022, Article ID 5374461, 14 pages
https://doi.org/10.1155/2022/5374461

Research Article

@ Hindawi

Estimation of Annual Routine Maintenance Cost for

Highway Tunnels

Xuelian Wu ®,! Xiaoli Shi®,! Yuhuan Li,> and Xiaotian Gong1

!School of Highway, Chang’an University, Xi'an, Shaanxi, China
’Xi’an Municipal Engineering DesignéResearch Institute Co Ltd, Xi'an, Shaanxi, China

Correspondence should be addressed to Xiaoli Shi; glxl@gl.chd.edu.cn

Received 9 September 2022; Revised 25 October 2022; Accepted 28 October 2022; Published 15 November 2022

Academic Editor: Jian Zhang

Copyright © 2022 Xuelian Wu et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

In highway management, the prediction of the routine maintenance cost of tunnels is an important issue in saving tunnel
maintenance costs due to its uncertainty, and the influencing factors should be carefully selected because too many variables could
not be involved in the model. The complicated relationship between variables may lead to the inconsistency of model coefficients
with the actual situation even though the goodness of fit of the model constructed with more variables is higher. This paper
presents an approach in which quantitative analysis is combined with qualitative analysis to quickly select the independent
variables of the tunnel routine maintenance cost (TMC) model. Based on the routine maintenance data collection of nine highway
tunnels in Shaanxi province from 2007 to 2016, the independent variables of the models are determined with one-way ANOVA,
Pearson correlation, partial correlation, and hierarchical regression. Afterwards, a fixed-effect regression model which can reflect
the overall regional features is developed. Results show that tunnel age (Age) and tunnel length proportion (PET) have less effect
on TMC among the main influencing factors such as district, Age, annual average daily traffic volume (AADT), truck traffic
volume proportion (PTT), PET, and number of ventilation facilities (NVF), while the NVF makes a positive contribution to the
TMC. Compared with grouped regression models, the fixed-effect regression model has higher fitting accuracy and a better
regression coefficient significance. The quick independent variable selection method can shorten the time of establishing the
model and determine the influencing factors of the research object effectively. The established model is suitable for forecasting the
TMC and budget arrangement. In addition, the elastic analysis results of regression coefficients are helpful to the decision of
maintenance strategy and the allocation of maintenance funds.

1. Introduction

1.1. Background. Maintenance cost planning is an important
aspect of highway infrastructure asset management. Main-
tenance cost prediction is an important module of the asset
management system and the basis for maintenance decision-
making. Compared with preventive maintenance, rehabili-
tation, and major maintenance, routine maintenance is
characterized by periodicity, repetitiveness, and timeliness
[1] which affected the frequency and demand of pavement
overhaul. Good pavement condition could lead to the re-
duced cost of road users as well [2, 3]. Each asset must be
treated specially in management as the structural charac-
teristics of each asset are quite different with various

highway infrastructure assets such as subgrade, pavement,
bridge, culvert, tunnel, and traffic safety facilities. Therefore,
the management systems of tunnels, bridges, and pavements
have been developed separately. Compared with roads and
bridges, underground tunnels are more prone to deterio-
ration than aboveground structures due to the aggressive
environment of water and soil [4]. The environment in
tunnels is more complicated than other assets in the aspect of
the influence of lighting facilities, fire-fighting facilities, and
ventilation facilities installed in tunnels. Therefore, the above
mentioned facilities cannot be ignored even if the contents of
routine maintenance do not include the maintenance of
these facilities. If the lighting conditions are adequate, the
routine maintenance efficiency will be better and the
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consumption of labor, materials, and mechanical fuel can be
reduced. Ventilation facilities help to keep the tunnel en-
vironment clean, which can indirectly affect the TMC. In
addition, the length of the tunnel is also a critical factor.
Generally speaking, the longer the tunnels are, the greater
the installed power (lighting, ventilation, fire-fighting fa-
cilities, and control systems) is [4]. The damage or leakage of
tunnel walls has a great influence on the safety of human life.
In this case, the tunnel must be blocked and accessed re-
strictedly. Consequently, the TMC is unique and important.
Special analysis and TMC models are needed.

TMC is a vital part of the tunnel life-cycle cost model
which is also the basis of tunnel assets evaluation and long-
term maintenance fund forecast. The TMC can also be
applied as a key index to evaluate the maintenance effec-
tiveness of maintenance agencies. The economic feasibility
of infrastructure design and maintenance under variable
policies can be assessed by incorporating TMC model results
into life-cycle costs [5-7]. With the accumulation of data and
update of the cost model, it is more conducive to the de-
cision-making and bidding management for management
institutions.

1.2. Literature Review. Several types of highway infra-
structure maintenance expenditure prediction are included
in the statistical models but relatively few for tunnels.
Numerous studies focus on the routine maintenance costs of
pavement. Regression analysis is commonly used to establish
maintenance cost models. Generally, routine maintenance
cost or the routine maintenance volume is set as the de-
pendent variable of the regression model. The independent
variables can be classified into three categories: (1) pavement
performance index [8, 9]; (2) variables that are related to the
environment of road, such as natural environment, traffic
environment, and road age [1, 10, 11]; and (3) considering
both environment and pavement conditions [12, 13],
maintenance cost intervals that are proposed in several
studies, but without influencing factors analyzed. For in-
stance, researchers calculated the average routine mainte-
nance cost of a road unit length varied from $285 to $7830
per lane according to the US Highway Economic Demand
Analysis System. Ola [14] obtained the criteria of the annual
maintenance cost of road, which stated that the cost of a
paved two-lane rural main road was from $870/km to $1730/
km, $1682/km to $6743/km for a paved four-lane main road,
and from $703/km to $1407/km for two-lane main road
without paving.

Research on bridge asset maintenance cost includes the
opportunity of bridge preventive maintenance based on
cost-benefit analysis [15], the maintenance cost model based
on life-cycle cost [16-20], and the maintenance cost model
developed in bridge maintenance management systems
[16, 21-23]. The influencing factors of the maintenance cost
of bridges are similar to those of the bridge condition
[20, 24-26]. Literature [27] analyzed the influence of bridge
superstructure form, completion time, load grade, bridge
length, and other factors on routine maintenance cost of
bridges. Other studies [28] considered the influence of
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environment, bridge age, maintenance measures, and other
factors when evaluating the condition of bridges. The in-
fluence of environmental factors and traffic factors on
bridges was considered in other studies [29-31]. In the
research [21], factors such as bridge deck type (steel bridge
or concrete bridge), year, road type (interstate highway or
other), average daily traffic volume (ADT), width, length,
and bridge condition were considered. The model [6] was
established, taking climate factors (including annual average
temperature and annual average rainfall), average daily truck
traffic (ADTT), bridge condition, total bridge deck area of
each state, and the average bridge deck area of each state into
account.

The research of tunnel asset cost involves three key
aspects, including TMC prediction [2, 3, 32], the mainte-
nance costs model based on life-cycle cost [33-37], and the
maintenance cost model developed in the tunnel mainte-
nance management system [5, 33, 38-40]. Compared to the
methods suggested in the literature, many of the case study
applications estimated the costs using cost estimation
methods based on expert opinion rather than statistical
methods [37, 41]. Moretti et al. presented a life-cycle cost
analysis by comparing construction, maintenance, and
lighting costs needed to manage a highway tunnel. They were
mainly concerned about the maintenance costs of two
different kinds of surface pavements which are concrete and
asphalt pavement over a 30-year service life. Qing et al.
proposed a quantitative approach for selecting effective
maintenance strategies for metro tunnels in order to reduce
maintenance cost [4]. Al-Chalabi used the parametric
method to calculate the costs and estimate the ventilation
system’s economic lifetime in Stockholm’s road tunnels.
Cantisani et al. discussed the life-cycle assessment of dif-
ferent road pavements and lighting systems in an Italian
road tunnel by examining 19 impact categories.

Many factors result in the degradation of tunnel, such as
the carbonation of concrete, corrosion of steel members,
creep and shrinkage, alkali-aggregate reaction, fluctuation of
underground water, and rheology of soil [4, 42]. For the
influencing factors of the tunnel maintenance costs, Cui [2]
studied the tunnel age, tunnel length, tunnel width, and
natural traffic volume. Li [32] took the tunnel age, truck
ratio, XESAL, and the number of lanes as the influencing
factors.

In general, the research features of highway infra-
structure maintenance cost are as follows (1) Highway
maintenance cost analysis has regional characteristics, with
special location taken as the research object. (2) Most studies
focus on the cost of pavement maintenance because it
constitutes the largest part of the road maintenance cost, and
a few studies focus on the TMC. (3) Most studies on tunnel
cost focus on the cost of tunnel structure, lighting, and
ventilation system. The routine maintenance costs have not
been taken seriously, such as tunnel cleaning and repair
painting. However, low-quality routine maintenance of the
tunnel will accelerate the leakage and corrosion of tunnel
steel members, leading to structural deterioration and
greater property losses. (4) The TMC is affected by many
factors, such as construction quality, maintenance
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management level, service life, traffic volume, traffic com-
position, mechanical facilities, electrical facilities, tunnel
structure, rainfall, and natural environment. Most of them
are selected by qualitative analysis, after which the inde-
pendent variables are determined.

This method may lead to a suitable cost prediction
model, but the qualitative selection of influencing factors
does not guarantee sufficient explanatory power for the
dependent variable. In addition, choosing the appropriate
explanatory variables for a model is always a time-con-
suming task. Therefore, based on the review of the literature,
a method combining quantitative analysis with qualitative
analysis is proposed, which can quickly select independent
variables in the regression models with strong explanatory
ability. Besides, a regression model of TMC is established.

1.3. Objectives and Organization. In this paper, a method is
proposed to quickly select the independent variables of the
regression model by using widely available panel data and
establish the regression models to estimate the annual
tunnels expenses. This paper also attempts to compare the
efficacy of grouped ridge regression and fixed-effect re-
gression. These two promising modeling techniques are
based on their intuition, explanatory ability, and predictive
performance.

The paper is organized as follows: First, it describes the
data sources, then studies boundary conditions, and then
discusses the procedures of data collection and adjustment
(including adjustments of temporal variations of the ex-
penditure data, data normalized, and outlier detection).
Then the way to choose the independent variables is de-
scribed. One-way ANOVA, Pearson correlation, partial
correlation, and part correlation are used to study the
correlation among influencing factors. A hierarchical re-
gression model is established to study the explanatory ability
of each block of variables to the dependent variable. Then,
the independent variables are determined according to the
results of hierarchical regression and correlation analysis
followed by a discussion on model development. In con-
clusion, the authors discuss and interpret the results,
compare the performance of the grouped ridge regression
and fixed-effect model, make an elastic analysis of coeffi-
cients [43], and put forward some suggestions for future
research work in this field.

2. Data

The source of the routine maintenance of tunnels data used
in this study was provided by Shaanxi Transportation
Holding Group (STHG), over the fiscal years (FY)
2007-2016 from all of Shaanxi’s nine highway contracts. The
data gathered from STHG include the maintenance in-
ventory and its corresponding factors such as costs, tunnel
age, initial pile number, tunnel structure (single/double and
double arch/nondouble arch), tunnel length, net height, net
width, number of lanes, tunnel pavement structure (initial
period and present stage), tunnel facilities (ventilation fa-
cilities, lighting facilities, and other facilities), tunnel

condition index, precipitation, and snowfall. In detail, the
routine maintenance inventory of tunnels include the
cleaning of ceiling, wall, traffic facilities, drainage facilities,
and portal structures; the maintenance of the facade
marking, structures, and shading boards; the decoration in
the tunnel; and the repaired painting of tunnel structure.

Through the analysis of the influencing factors of TMC
and the characteristics of the collected routine maintenance
data of tunnels, the influencing factors were selected qual-
itatively as maintenance management level, climate envi-
ronment (precipitation and snowfall), tunnel age, traffic
factors, and tunnel parameters.

2.1. Setting Service Conditions. The influencing factors of
maintenance management level and climate environment
can be considered by setting service conditions. The
maintenance management level and construction level are
affected by many factors, such as the level of the mainte-
nance team and maintenance technique and equipment.
These factors are often difficult to be quantitatively analyzed,
which also have regional characteristics. Consequently, this
paper assumes that the maintenance management level of
the same manager in the same region is consistent.

According to the management system of STHG, a
specific branch is responsible for the operational manage-
ment of each highway contract. Meanwhile, the maintenance
budget is formulated for each highway. Taking a highway
contract section as a specific analysis object, the maintenance
management level of each branch is influenced by the
maintenance policy of the central office, and each branch is
under the unified jurisdiction of the central office. In this
way, there is no need to consider different tunnel mainte-
nance management levels of different branches.

Shaanxi province is featured by a narrow and long
terrain, 870km from north to south, 200-500 km wide
from east to west, including three climate zones. Shaanxi
province is usually divided into three districts which are
Shanbei (northern Shaanxi), Guanzhong (central
Shaanxi), and Shannan (southern Shaanxi). Shanbei
experiences a midtemperate climate, located in the
Shanbei plateau; Guanzhong is in warm temperate re-
gion, located in Guanzhong plain; and Shannan has a
north subtropical climate, located in the mountains. In
terms of precipitation, the annual value in Shanbei is
400 mm ~ 600 mm, 500 mm ~ 700 mm for Guanzhong,
and 700 mm ~ 900 mm for Shannan. The climate and
temperature in the three districts are quite different. The
distribution of highway tunnels in the study region is
shown in Figure 1.

During the operation of a highway, the tunnel assets are
especially affected by climate and environmental factors. In
this paper, the temperature difference, precipitation, and
altitude are assumed equal in the same district. Thus, these
factors can be distributed to district factor variables. In other
words, tunnels located in the same climate region are treated
as a group of analysis objects. Consequently, the study region
was divided into three districts: Shanbei, Guanzhong, and
Shannan.
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Shenfu: 9
Wujing: 17

Yanzhiwu: 16
Suijing: 6

Xichang: 5
Xizhen: 51

Sishang: 27
Shangjie: 36

Guanzhong Shangman: 39

FiGure 1: Distributions of highway tunnels in Shaanxi.

2.2. Data Adjustment. For data collection, STHG allocated
vehicles into mini busses, medium busses, minivans, medium
trucks, large trucks, and trailers, and the annual average daily
traffic with different highway contract sections was provided.
Refer to the specification for the design of highway asphalt
pavement [44], the axle load parameters of the above six vehicle
types were determined, and the traffic factors affecting the TMC
were also calculated. The traffic factors included the design
AADT, annual average daily truck traffic(AADTT), PTT
(AADTT/AADT x 100%AADTT/AADT x 100%), equiva-
lent single axle load (ESAL), and cumulative equivalent single
axle load (3 ESAL). Collected tunnel parameters include the
number of tunnels (NT) per highway contract, proportion of
each length type of tunnel (PET) [45], NVF, and number of
lighting facilities (NLF). The standard equations for calculating
the PET (PSLT, PLT, PMLT, and PST) are

NSLT
PSLT = ——, 1
NT (1)
LT
prr = NET )
NT
NMLT
PMLT = , (3)
NT
NST
PST = —, 4
NT (4)

where PSLT is the proportion of super long tunnels, PLT is
the proportion of long tunnels, PMLT is the proportion of
medium long tunnels, PST is the proportion of short tunnels,
PMLT is the proportion of medium long tunnels, NSLT is
the number of super long tunnels, NLT is the number of long
tunnels, NMLT is the number of medium long tunnels, and
NST is the number of short tunnels.

After setting the service level, the maintenance man-
agement level, climate, and environment were no longer
considered, which can be replaced by district variable. The

factors of tunnel age, traffic factor, and tunnel parameter
calculated above were divided into time variables, traffic
variables, and tunnel parameter variables. Table 1 provides a
description of the dependent and independent variables.

2.2.1. Temporal Adjustment of Cost Data. The dataset
contained cost data for highway tunnels between 2007 and
2016, a rather wide temporal span that raised the specter of
cost data bias due to inflation. Therefore, all monetary
amounts were converted to constant Chinese Yuan (CNY).
The variables defined as a monetary expenditure (capital
outlay and maintenance) were adjusted for temporal vari-
ation using the price index (PI) provided by the Statistical
Yearbook of Shaanxi Province [46]. The standard equation
for calculating adjusted monetary value at a given year is
given by

TC2016 = TCn S R R PYSTT, (5)

where T'C,,4 is the equivalent cost in 2016; T'C,, is the cost in
the reference year; and I; is the PI in any year, i.

2.2.2. Normalized Adjustment of Cost Data. The annual total
tunnel routine maintenance investment for each highway is
taken as the dependent variable. Since the TMC is affected by
the size of the tunnel [6, 47, 48], the standard equation for
eliminating the impact of the asset scales on the TMC is
given by

Cit = >
gLy

(6)
where C;, is the TMC of road i for year t (CNY/lane/m); TC;,
is the TMC of road i for year t (RMB); n;, is the number of
lanes of road i for lane k; the number of tunnel lanes may be
different in different sections of a road, k=2,4,6; and L is
the tunnel length of the road i for lane k (m).
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TaBLE 1: Dependent and independent variables.

Variables Units Variable type
Dependent variables Cit Cost/m/lane in 2016 FY RMB  Continuous
District Shanbei =1, Guanzhong =2, Shannan=3 — Categorical

Time Age (the opening years of tunnels) year Continuous

YESAL year Continuous

AADT day Continuous

Traffic ESAL year Continuous

Independent variables AADTT day Continuous
PTT — Continuous

NT — Continuous

Tunnel parameters PET (PSLT, PLT, PMLT, and PST) — Continuous

NVF A full set of ventilation facilities Continuous

NLF A full set of lighting facilities ~ Continuous

2.2.3. Outlier Detection. Three times standard deviation
method was adopted to eliminate outliers [49, 50]. The
Wujing Highway in Shanbei was taken as an example in 2008,
2009, 2010, 2011, 2012, 2013, 2014, and 2015, and TMC were
6.34,3.16, 6.41, 27.39, 16.6, 23.61, 9.45, and 64.29, respectively.
The cost for 2015 is quite different from most data.

It is calculated by

1
X = Z (6.34 +3.16 + 6.41 + 27.39 + 16.6

(7)
+23.61 +9.64) = 13.28,
L 2
s=1~(x; —-%)" =8.69, (8)
n

where x,y;5 should belong to (-12.80, 39.36), whilex,g;s
=64.29, X015 is the outlier. Delete the data and take the
average value of the others (X = 13.28) to make up the gap.

3. Methodology

As previously discussed, the dataset contained 10 years of
highway tunnel expenditure data, and the collected data
varied across highways (and can thus be described as cross-
sectional) and varied for given highways over time (the data
can also be described as time series). This yields a panel
dataset by the repeated sampling of the same cross-sectional
units over time and is a more powerful subset of pooled data
models which were time series models that allowed the
cross-sectional units to change over time. The panel data
used in the paper can be further described as unbalanced
because some data were missing for certain years. The cause
of missing data was that data cannot be collected in some
years due to different tunnel opening years. So the unbal-
anced data were not correlated with the disturbance term,
which can be treated as the same as balanced panel data [51].
In the data, the individual number (N) was larger than the
time (#), and the data described was short-panel data due to
the minimum ¢ being equal to 2, and the serial correlation
between cross-sectional units was not considered. The re-
gression analysis in the paper was robust estimates and has
taken into account the heteroscedasticity [52]. Figure 2
shows the modeling steps for the TMC.

3.1. Correlation Analysis. Regression analysis requires a
strong correlation between dependent variables and inde-
pendent variables, but no correlation is required between
independent variables. An independent sample T-test is
suitable for two categorical variables, and three or more
category variables are tested by one-way ANOVA [53]. In
this paper, the district was divided into Shanbei, Guanzhong,
and Shannan; hence, the one-way ANOVA was adopted.
Pearson correlation analysis is used for continuous variables
to verify the correlation between variables [53]. The standard
equation is given by

o Sxy-Yx¥yIN
7B - EN(Z Y - (2 )N)

where (x, y) refers to the data objects and N is the total
number of attributes.

Correlations between independent variables can lead to
disturbances in the relationship between dependent and
independent variables. The partial correlation and part
correlation analysis can be applied to exclude interference
and verify the relationship between dependent and inde-
pendent variables. Partial correlation analysis refers to the
pure correlation between x; and x, after excluding the
correlation between x5 and x,, x,; the standard equation for
calculating the correlation coefficient r, ; is given by

(9)

T =T33

Tlyg = ——a—— 2
12,3 N
13 5%}

Part correlation analysis only deals with a certain vari-
able, and its symbols are expressed in two forms. The r,, 3
represents the part correlation coefficient between x; and x,;
that is, the correlation after excluding the relationship be-
tween x, and x;. The r,; ;) represent part correlation co-
efficients of x, and x, after the exclusion of correlation of x,
and x;. The standard equation is given by

(10)

T2 —T13%23

123 = \/7
2
1-r

23

3.2. Hierarchical Regression Analysis. It is too arbitrary to
rely on the correlation analysis between the dependent
variable and the independent variable to choose

(11)
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FiGure 2: Flow chart of the TMC model.

independent variables. The relationship between indepen-
dent variables and some dependent variables is not signif-
icant, but qualitative research analysis of this variable is a
crucial factor. Influencing factors have a theoretical hier-
archical relationship, which can be divided into district
variables, time variables, traffic variables, and tunnel pa-
rameter variables. It is necessary to deal with the inter-
pretation of different independent variables to dependent
variables in different blocks. The biggest characteristic of
hierarchical regression is to provide the variation of R
(AR?), the variation of F value (AF), and the variation of P
value (AP). By judging AR’ AF, and AP, the increase of
explanatory power of the added variables to the original
model can be obtained.

A log transformation can alleviate the influence of
heteroskedasticity, autocorrelation, and multicollinearity on
the model, especially the influence of standard deviation,
parameter estimator variance, and covariance matrix. Fur-
thermore, it can eliminate or reduce the skewness of the
mathematical distribution of variables and narrow the range
of values for the variables to bring the model closer to the
classical linear model assumptions. C;, Age, AADT,
AADTT, ESAL, YESAL, NT, NVF, and NLF are absolute
variables and were logarithmically transformed. PTT and
PET (PSLT, PLT, PMLT, and PST) are relative variables that
remain in the current state. In Table 1, these influencing
factors are divided into four groups. As the district is a
classified variable, Shanbei is taken as the reference variable,
and Guanzhong and Shannan are included in the hierar-
chical regression. The sum of the proportion of tunnel length
is 1, and only three kinds of tunnel proportion need to be
included. The data showed that there was no extra long
tunnel in many highway contracts, and the purpose of re-
ducing multicollinearity cannot be achieved by eliminating

the PSLT, so the PST is not included. The grouping design is
shown in Table 2.

The standard linear form with a log transformation is
presented as [43]

y = PBo+ Prxy + PoxXor + ParXar + & (12)
where y is equal to InC;, x, is the district indicator
(Guanzhong and Shannan), x, is the time indicator (InAge
and In) ESAL), x; is the traffic indicator InAADT, InESAL,
InAADTT and PTT),  is the normally distributed distur-
bance term, f3; is the constant term, and f3; is the vector of
estimated coefficients.

The regression coefficient f3; indicates the degree of
interpretation of the independent variable x; for the de-
pendent variable In C;, [43]. The regression coeflicient is a
nonstandardized statistical parameter with a unit. Although
it can reflect the extent of influence of the independent
variables on the independent variable, it cannot be used for
comparison of variables.

To get the explanatory degree of each independent
variable to the dependent variable more intuitively, all
variables in (12) can be standardized by calculating their
Z-scores. The intercept term “f3,” disappears, (12) changes to
(13), and it can intuitively determine the degree of inter-
pretation of each dependent variable on the dependent
variable. Beta j in (13) is calculated by (14):

ZlnC,-t = Beta,z, + Beta,;z,; + Beta,;z;; (13)
Sxj

Beta; = 8 j , (14)
SInc,

where s, ; is the standard deviation of independent variables x ;,
and sy, ¢, is the standard deviation of dependent variables In C;,.
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TaBLE 2: The grouping design of hierarchical regression analysis.

Block two: time
indicators

Block one: district
indicators

Block three: traffic indicators

Block four: tunnel parameter indicators

Guanzhong, Shannan InAge, In)y ESAL

InAADT, InESAL, InAADTT, and

InNT, PSLT, PLT, PMLT, InNVF, and
PTT InNLF

3.3. Model Development

3.3.1. Grouped Ridge Regression. The standard linear form is
presented as (15) [43, 54]

Vi =Po+ Bixy + Poxy - Bix; 48, (15)

where y, is equal to InC;; (k=1,2,3 represent Shanbei,
Guanzhong, and Shannan, respectively), X; is the inde-
pendent variable selected based on the results of correlation
analysis and hierarchical regression analysis, B; is the vector
of estimated coeflicients, 3, is the constant term, and £ is the
normally distributed disturbance term.

Ridge regression is suitable for the presence of multi-
collinearity. Its standard linear form is the same as the
multivariable linear regression model, but the objective
function is different. A penalty term is added to the objective
function of the ridge regression model, and the standard
equation is given by

J(B) =Yy = Xp*+ Y 1B, (16)

where the ridge trace map was adopted to determine the A
value [54].

3.3.2. Fixed-Effect Regression. The panel data were com-
posed of year t and highway contracts i because the length
and NT have nothing to do with the year and are completely
collinear with highway contract sections. Besides, TMC has
obvious regional characteristics, and a fixed-effect regression
model of the fixed district can be established. The standard
equation is given by [55, 56]

Vie = G + g + Py + &, (17)

where y;, is equal to In C;; «, is the constant term; uy, is the
district effect (k=1, 2, 3 represent Shanbei, Guanzhong and
Shannan, respectively); 5 is the vector of estimated coeffi-
cients (B,, B, -+, B,,) for the number of variables, m; and x;;
is the (x5 Xgi> =+ > X,e) » M X 1 transpose vector.

4. Model Results and Discussion
4.1. Correlation Analysis

4.1.1. One-Way ANOVA. Three categories of the district
were considered. The P value of the ANOVA F-test reached a
statistical significance (P <0.05) and rejected the null hy-
pothesis. It indicatese that TMC is statistically significantly
different in the three districts. The detailed results of one-
way analysis of variance (ANOVA) are presented in Figure 3.

In the figure, “a” is included in the labels of Shaanxi and
Guanzhong, indicating that there is no significant difference
in the mean values in the two districts. “b” exists in both

Shanbei and Shannan, indicating that there is no significant
difference in the mean cost between these two districts. The
labels of Guanzhong and Shannan are “4” and “b,” re-
spectively, which are completely different, indicating that the
mean cost of Guanzhong and Shannan is significantly dif-

ferent at the confidence level of 0.1.

4.1.2. Pearson Correlation Analysis. Pearson correlation
analysis was used for continuous variables to verify the
correlation between variables [44].

The results of the correlation analysis between depen-
dent and independent variables are presented in Figure 4.
The dependent variable is significantly correlated with Age
and VNF and is not statistically significantly correlated with
ESAL, YESAL, AADT, AADTT, PTT, NT, PSLT, PLT,
PMLT, PST, and NLF.

According to the above analysis, only Age and VNF are
significantly correlated with dependent variables. The reason
for this phenomenon may be that the correlation between
the variables is complex. There are multiple significant
correlations between independent variables, which lead to
deviation in correlation analysis between the dependent
variable and independent variable. The correlation between
independent variables is presented in Figure 5. Red is
positive, blue is negative, and the darker the color is, the
stronger the correlation is. The figure shows that for any
independent variable, there are variables associated with it
that would cause the interference between variables, causing
the correlation analysis result far from truth.

4.1.3. Partial and Part Correlation Analysis. According to
Pearson correlation analysis results, the correlation analysis
between independent variables and dependent variables
should eliminate the variables that are correlated with in-
dependent variables first. Partial and part correlation can be
well used to exclude the interference between independent
variables and study the correlation between independent
variables and dependent variables. The results of the partial
and part correlation analysis are presented in Table 3.

The correlation between Age and TMC is statistically
significant both before or after eliminating the AADT, ESAL,
Y ESAL, and PSLT. The TMC has no statistically significant
correlation with AADT, PMLT, PST, and VNF, but the
significance would come out excluding the controlled var-
iables. The TMC has no statistically significant correlation
with ESAL, Y ESAL, AADTT, PTT, NT, PSLT, PLT, and NLF
before or after eliminating interference factors.

After partial and part correlation analysis, it is concluded
that the strong correlation factors with the TMC are Age,
AADT, PET (PSLT, PLT, PMLT, and PST), and VNF. The
routine maintenance of the tunnel mainly involved cleaning
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and repairing the painting. With the increase of the tunnel
age, the structure in the tunnel will be seriously unpainted,
and the maintenance cost also increases. The change of
AADT has an impact on the tunnel because AADT is closely
related to the probability of traffic accidents and driver
behavior, which affects the TMC. The longer the tunnel is,
the higher the possibility of tunnel disease. In addition,
ventilation facilities can affect the TMC, which is consistent
with the analysis in the introduction.

4.2. Hierarchical Regression Analysis. Hierarchical regres-
sion analysis was combined with correlation analysis to
select the independent variables of the TMC regression
model. The district factors, time factors, and tunnel pa-
rameters were taken as important influencing factors. These
four factors must be included. The result of hierarchical
regression analysis is given in Table 4 and Figure 6.

The R? shows that the explanatory power of the block 1
model to TMC is 3.1%, the explanatory power of the block 2
model to TMC is 39%, the explanatory power of the block 3
model to TMC is 54.6%, and the explanatory power of the
block 4 model to TMC is 76.8%.

Compared with Shanbei, the Beta of Guanzhong is
greater than 0, indicating that the cost in Guanzhong is
higher than that in Shanbei. Compared with Shanbei, the
Beta in Shannan is less than 0, indicating that the cost in
Shannan is lower than that in Shanbei. They all have no
statistical difference. The conclusion is contrary to the result
of one-way ANOVA because the cost gap between the three
districts became smaller due to logarithmic transformation.

The P values of block 2, block 3, and block 4 are all less
than 0.0001, indicating that there is a significant correlation
between cost and variables in area blocks 2, 3, and 4. The
addition of block 2 time factors have effectively improved the
explanatory power of the model, where the increment of
explanatory power reaches 35.8%. The addition of block 3
traffic factors has effectively improved the explanatory power
of the model, where the increment of explanatory power
reaches 15.6%. The addition of block 4 tunnel parameters has
effectively improved the explanatory power of the model,
where the increment of explanatory power reaches 22.2%.

The size of Beta was used to judge the extent of influence
of the independent variable on the dependent variable. The
Beta of InAge is greater than that of the In) ESAL of block 2,
while the Beta of InAge is smaller than the In) ESAL in block
3. The InAge and In) ESAL variables are of similar im-
portance to the interpretation of the dependent variable that
may cause this phenomenon. It is a challenge to compare the
influence extent of time indicators (InAge and In) ESAL) on
the dependent variable. The same explanation also can be
applied to InAADT and InESAL of block 3 and block 4. The
rank of traffic indicators influence extent is InAADT &
InESAL and AADTT & PTT. The rank of tunnel parameters
influence extent is NT, NVF, NLF, and PET(PSLT, PLT,
PMLT, and PST).

The Beta T-test of InAge in block 2, block 3, and block 4
are statistically significant, and the InAge variable has strong
explanatory power on the dependent variable. The Beta T-
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TaBLE 3: Partial and part correlation analysis.
Dependent Independent Controlled variable Partial Part
Time Age AADT, ESAL, Y ESAL, and PSLT 0.415** 0.382**
YESAL AADTT, Age, AADT, and ESAL —-0.192 -0.163
AADT Age, ESAL, YESAL, AADTT, and NT 0.410** 0.348**
Traffic ESAL PMLT,Age, AADT, Y ESAL, and PMLT 0.076 0.062
AADTT Age, AADT, ESAL, Y ESAL, NT, and PMLT —-0.043 —-0.033
PTT PMLT, PST, and NT -0.099 -0.095
TMC NT AADTT, AADT, PSLT, PLT, PMLT, PST, and NLF —-0.180 -0.134
PSLT Age, PMLT, and VNF -0.059 —-0.052
PLT NT, PLT, and NLF 0.115 0.109
Tunnel parameters PMLT ESAL, AADTT, PTT, NT, PSLT, PLT, PST, and VNF -0.401** -0.330**
PST AADTT, NT, PLT, PMLT, and NLF 0.266" 0.250*
NVF PSLT and PMLT —-0.274" —0.266"
NLF NT, PLT, and PST -0.094 -0.089
TaBLE 4: The results of hierarchical regression analysis.
) Block 1 Block 2 Block 3 Block 4
Variables
Beta t p Beta t P Beta t p Beta t p
Guanzhong 0.063 0.379 0.707 0.077 0.473 0.639 0.479 1.460 0.152 -8.857 -3.976 0.000
Shannan -0.135 -0.808 0.423 -0.122 -0.796 0.430 0.318 1.248 0.219 3.067 4.088 0.000
InAge — — — 0.872 4.464 0.000 1.870 5.611 0.000 0.844 2.390 0.022
InY ESAL — — — -0.433 -1.954 0.057 —2.665 -3.836 0.000 -1.056 -1.520 0.137
InAADT — — — — — — 0.752 1.145 0.259 1.737 2.547 0.015
InESAL — — — — — — 1.436 2.413 0.020 1.265 1.820 0.077
PTT — — — — — — 0.572 2.370 0.023 -1.121 -2.047 0.048
InAADTT — — — — — — -0.740 -1.050 0.300 —-0.442 -0.447 0.657
InNT — — — — — — — — — 8.640 3.587 0.001
PSLT — — — — — — — — — -0.631 -2.915 0.006
PLT — — — — — — — — — -0.295 -0.843 0.405
PMLT — — — — — — — — — —6.560 -4.696 0.000
InNVF — — — — — — — — — -9.357 -4.501 0.000
InNLF — — — — — — — — — -15.099 -4.084 0.000
R? 0.031 0.390 0.546 0.768
Adjust R? -0.010 0.335 0.457 0.675
F 0.755 7.181 6.163 8.254
P 0.475 0.000 0.000 0.000
AR? 0.031 0.358 0.156 0.222
AF 0.755 13.214 3.529 5.560
AP 0.475 0.000 0.015 0.000

test of In) ESAL in block 2 and block 4 are not statistically
significant, while that in block 3 are statistically significant.
Since InAge and InY ESAL are collinear, only one of them
can be chosen. Correlation analysis shows that the corre-
lation between Age and TMC is statistically significant, and
hierarchical regression analysis cannot judge the importance
of the two. Consequently, the InAge is selected as input of the
model as a time indicator.

The Beta T-test of InNESAL and PTT in block 3 are sta-
tistically significant. In block 4, InAADT’s Beta T-test is
statistically significant. Correlation analysis shows that the
correlation between AADT and TMC is statistically signif-
icant, and AADT is statistically significantly correlated with
ESAL and AADTT, while ESAL and AADTT are not sta-
tistically significantly correlated with TMC. For this reason,
ESAL and AADTT are abandoned, and AADT is retained.
Although AADTT is not statistically significantly correlated
with the dependent variable, it is also not statistically

significantly correlated with AADT. The Beta T-test of
AADTT is statistically significant in block 3 and block 4, so it
can be put into the model.

In tunnel parameter indicators, the Beta T-test of NT,
PSLT, PMLT, InNVF, and NLF in block 4 are statistically
significant, while the Beta T-test of PLT is not statistically
significant. Correlation analysis shows that the TMC hase
no statistically significant correlation with NT and NLF
variables before or after eliminating interference factors.
TMC has no statistically significant correlation with PST,
but the significance would come out excluding the AADTT,
NT& PLT, and PMLT & NLF variables. The PET (PSLT,
PLT, PMLT, and PST) and NVF have a statistically sig-
nificant correlation with TMC, while NT has a statistically
significant correlation with PET and NLF. NT is deleted
from the tunnel parameters indicators to eliminate col-
linear influence. The variables such as PET, InNVF, and
InNLF are selected.
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In conclusion, the main influencing factors to the TMC are
districts (Shanbei, Guanzhong, and Shannan), Age, AADT,
AADTT, PET (PSLT, PLT, PMLT, and PST), and NVF.

4.3. Grouped Ridge Regression. Regression models were
established for obtaining the data in districts. The grouped
regression led to fewer data and serious collinearity among
variables. Many variables’ VIF values were greater than 50,
so ridge regression was adopted. The results of the grouped
ridge regression models are presented in Table 5.

The regression coeflicients and models of ridge regres-
sion are statistically significant, and the R* is more than 0.6.
The grouped ridge regression model can well predict the
TMC in the three districts, but such grouped regression will
lead to over-fitting of data within the group and ignores
intergroup information. The size of variable coefficients in
the three districts is quite different. For example, the co-
efficient of AADT is positive in the Shanbei model and
Guanzhong model, and it is negative in the Shannan model.
The coeflicient of PTT is positive in the Shanbei model and
Shannan model, and it is negative in the Guanzhong model.
It can be seen that coefficients in the three models of grouped
ridge regression cannot well explain the relationship be-
tween influencing factors and the TMC.

4.4. Fixed-Effected Regression. The data were analyzed by
fixed-effect regression. The district variables Guanzhong VIF
was equal to 12.67, Shannan VIF was equal to 12.91, and the
others VIF was less than 9. Collinearity between variables
was not serious, and the regression results were reliable. The
results of the fixed-effected regression model are presented
in Table 6.

The R* of the fixed-effect regression model is 0.477. The
reason for the small R* may be that in the correlation analysis,
only the Age and NVF are significantly correlated with the
TMC. Meanwhile, there may be great randomness in routine
maintenance of tunnels. Since the model is multidimensional,
too large R* may be the result of over-fitting.

According to Figure 7, the predicted value has a similar
trend to the actual value. The P value was less than 0.05,
indicating that there are variables in the independent
variables that can explain the dependent variable. Figure 8
is the coefficient diagram of ridge regression and fixed-
effect regression. The PSLT coefficient of Shannan is much
smaller than that of other models, and the regression co-
efficients of the fixed-effect model are similar to those of the
Guanzhong model and Shanbei model, indicating that the
regression results of fixed-effects are robust. Therefore, the
discussion of the model results focused on the fixed-effect
model result.
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TaBLE 5: Grouped ridge regression.

. Shanbei Guanzhong Shannan
Variables
B t P B t P B t P
Constant 0.715 0.414 0.69 -30.227 —2.168 0.053 6.686 7.33 0.000
InAge 0.706 2.645 0.029 0.776 2.028 0.068 0.166 0.783 0.456
InAADT 0.076 0.787 0.454 1.146 2.097 0.06 -0.306 -5.151 0.001
PTT 0.3 0.537 0.606 -9.951 -0.754 0.467 1.353 0.706 0.5
PSLT 0.11 0.167 0.871 0 0 0 —-27.502 -8.038 0.000
PLT -1.54 -2.029 0.077 1.561 1.757 0.107 —-3.844 —4.706 0.002
PMLT 0.476 0.374 0.718 4.023 1.757 0.107 —2.463 -4.993 0.001
InNVF 0.042 0.111 0.914 5.534 1.757 0.107 -0.284 —-5.685 0.000
R 0.693 0.647 0.894
F 2.575 3.365 9.615
p 0.104 0.039 0.002
TaBLE 6: Fixed-effect regression model.
Variables Beta B t P
InAge 0.685 1.222 3.60 0.001
InAADT -1.032 —-0.604 -3.33 0.002
PTT 0.469 2.881 2.72 0.010
PSLT 0.128 1.972 1.14 0.259
PLT 0.210 1.302 1.35 0.184
PMLT -0.049 —-0.564 -0.22 0.826
InNVF —-0.681 -1.334 -2.81 0.008
Constant 1 8.788 3.39 0.002
Guanzhong 0.896 10.944 2.53 0.016
Shannan 0.898 11.012 2.49 0.017
R 0.4771
F 5.47
p 0.0001
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The coefficient of InAge is positive, indicating that the The coeflicient of INAADT is negative, and the coeflicient
TMC increases with the increase of tunnel age. In practice,as ~ T-test is statistically significant, which is counterintuitive
the road age increases, the road condition will deteriorate,  and worth future study. Firstly, in this study, the routine
which causes an increase in cost. The P value is less than 0.05,  maintenance content of the tunnel does not include tunnel

indicating that the coeflicient of InAge is statistically = pavement, so the relationship between AADT and TMC is
significant. not close. Secondly, at the beginning of the tunnel lifecycle,
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FIGURE 8: Regression coeflicient of ridge regression and fixed-effect
regression.

the traffic volume is low enough, and the tunnel is in good
condition. As the traffic volume in the tunnel gradually
increases, the TMC remains the same for some time. Besides,
there is a large difference in the tunnel age of different roads
in the original data. For these above reasons, when taking the
district as the independent variable comprehensively, the
coefficient of INnAADT may be negative. Therefore, the co-
efficient of InAADT is not taken as the analysis result of the
dependent variable. The InAADT is only put into the fixed-
effect regression model as the control variable.

The coefficient of the PTT is positive, and the T-statistic
test is statistically significant. With the increase in PTT, the
TMC will increase, which is consistent with the practical
situations.

The coefficient of PET in the model is not statistically
significant by the T-test. This may be due to insufficient data.
The proportion distribution of long and short tunnels of
different highway contracts varies greatly, and some roads
have no long tunnel. With many independent variables in
the model, it is reasonable that the explanatory ability of
variables is insufficient, and the T-test is not statistically
significant. The higher the PSLT and PLT are, the higher the
TMC is. It is speculated that the longer the tunnel is, the
higher the possibility of tunnel disease, and the higher the
TMC is. The proportion coefficient of PMLT is negative.
Because the higher the proportion of PMLT is, the lower the
PSLT and PLT are, and the lower the TMC is.

The InNVF coefficient T-test is statistically significant in
the model, and the coefficient sign is negative. The reason
may be that ventilation facilities have been installed to help
to maintain a clean environment in the tunnel, which in-
directly affects the daily maintenance costs of the tunnel.

In the log-log model, the regression coefficient indicates
the elasticity of the corresponding variable. According to the
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regression coefficient, the TMC increases by 1.222% when
the Age increases by 1%, while the TMC increases by 2.881%
when the PTT increases by 1%. The TMC increases by
1.972% when the PSLT increases by 1%; the TMC increases
by 1.302% when the PLT increases by 1%. However, the
TMC decreases by 0.564% when the PMLT increases by 1%,
and the TMC decreases by 1.334% when NVF increases by
1%. From the analysis above, the PTT has the greatest impact
on the TMC, while Age and PET have the least effect on
TMC. The TMC can be controlled by keeping the balance
between these factors.

By comparing the size of Beta, the larger the absolute
value of Beta is, the higher the explanatory power of variables
to the model is, and the greater the influence is. Therefore, it
can be seen from the regression results that the continuous
variables of the TMC model are ranked as Age, NVF, PTT,
and PET (PSLT, PLT, PMLT, and PST).

Compared with grouped regression, the fixed-effect
regression model contains the influence of Shanbei,
Guanzhong, and Shannan comprehensively although there
are significant differences in the TMC among the three
districts as well as in landforms. Because the differences are
within a certain range, and the influencing factors of TMC in
the three districts are similar, and the corresponding coef-
ficient should be similar.

Therefore, the random-intercept and fixed-coefficient
model obtained by using this comprehensive regression
model can better reflect the relationship between the
influencing factors and the TMC.

5. Conclusion

The objective of this research was to provide an approach in
which quantitative analysis was combined with qualitative
analysis to quickly select the independent variables of TMC
model and estabish a model to estimate the annual highway
routine maintenance cost of tunnels. For the analysis, the
developed fixed-effect regression model of the fixed district
can well explain the relationship between TMC and the
influencing factors of tunnels and then predict the future
TMC.

The main observations that can be drawn from the
analysis results are as follows:

(1) The method of quickly select independent variables
of maintenance cost regression model has a strong
explanatory force to the dependent variable, and
thus, the established regression model built on the
TMC has a relatively good fit.

(2) The influencing factors that can be considered in
establishing the TMC model are district, Age,
AADT, PTT, PET, and NVF, and PTT has the
greatest impact on the TMC, while Age and PET
have the least effect on TMC. In addition, the NVF
has a positive contribution to the TMC.

(3) The highway operation agencies should plan traffic
reasonably and control the proportion of heavy
vehicles efficiently. Apart from this, ventilation
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facilities installed for tunnels with a sufficient budget
can effectively save routine maintenance costs.

(4) The fixed-effect regression model has higher fitting
accuracy and a better regression coefficient signifi-
cance than the grouped regression model because the
grouped regression model always losses the infor-
mation related to each category.

(5) Since it is hard to compare the difference in TMC of
different lengths due to insufficient data collection,
more detailed classification and storage of data are
needed for the data collection, which will be helpful
for the highway management agencies to make a
better plan and save maintenance costs.
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