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,e service performance of reinforced concrete bridges degrades overtime under environmental and vehicle loads. Accurate
bridge deterioration analysis can provide a more scientific suggestion for the formulation of road bridge maintenance,
strengthening, and reconstruction plans to ensure the operational safety of road bridges. Combined with bridge inspection data
from the bridge database in Henan Province, we propose a prognostic model which is based on the Cox regression model for the
service performance of newly operated highway girder bridges based on survival analysis theory. ,e Cox regression model can
not only simultaneously analyze the effects of numerous factors on bridge survival, but also handle the presence of censored data
in bridge survival data, which does not require the data to meet a specific distribution type. It shows that the decay rate of the deck
system, superstructure, and substructure decreases with time in service, which is consistent with the actual decay pattern of the
bridge structure. To further verify the accuracy of the model, the authors built a multilayer perceptron neural network with one
hidden layer and used the cross-entropy error as the loss function. It showed that the importance of the deck system, super-
structure, and substructure to the decay of the bridge structure gradually decreased. ,e model proposed in this paper is highly
applicable and reliable. ,eoretically, bridge decay prediction at regional and network-wide levels can be achieved if sufficient
comprehensive bridge inspection data can be collected.

1. Introduction

With the vigorous development of the transportation in-
dustry and the increasing mileage of highways, the health
condition of bridges, as an important component of high-
ways, plays a very important role in ensuring the normal use
and safe operation of highways and exerting their potential
carrying capacity.

In recent years, the work done by highway construction
and maintenance departments on bridge repair, reinforce-
ment, and bearing capacity enhancement has been in-
creasing year by year.,e workload of correctly assessing the
load-bearing capacity of in-service bridge structures and

choosing whether to carry out maintenance, repair,
strengthening, or demolition and reconstruction, as well as
when to do so, is very large and difficult. At the same time,
good or bad decisions have a great impact on saving in-
vestment and ensuring the safe operation of the highway
network system. After nearly 40 years of research, scholars
have proposed many methods for evaluating and predicting
the serviceability of small and medium-sized bridges and
have established corresponding bridge management systems
to assist in the maintenance and management of small and
medium-sized bridges [1, 2]. Bridge Management Systems
(BMS) have been developed since the early 1990s to assist in
the management of bridges, maximizing network-level
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bridge performance, and minimizing the probability of
failure. BMS predicts future bridge conditions based on an
assessment of the current state of bridge performance,
thereby developing effective bridge maintenance, repair, and
rehabilitation strategies within a limited financial budget [3].

,e bridge deterioration analysis methods that are
currently used in bridge management systems are mainly
statistical law-based bridge deterioration prediction models,
which can be broadly classified into two categories: deter-
ministic and stochastic methods. Deterministic methods
assume that the deterioration trend of the bridge is certain
and use the bridge’s regular inspection data over the years. It
uses statistical or mathematical formulas to describe the
direct relationship between the influencing factors that cause
bridge deterioration and the bridge structure, and the cal-
culation is relatively simple. One of the more typical
methods is regression analysis, which fits the parameters of a
given formal decay equation to a regression. ,e coefficient
value of the regression analysis represents the degree of
influence of each variable on the deterioration of the bridge,
and it is used to estimate the degradation rate of the bridge
performance under different conditions [4]. ,e ordered
regression model established by Ilbeigi can identify the
influencing factors that have a significant effect on bridge
degradation, and the method is relatively simple to use and
easy to correct and update. However, it is difficult to reflect
the randomness in the process of bridge degradation and it
cannot produce quantitative results [5]. Since ordinary re-
gression analysis usually cannot predict the future use
performance of bridges, Pan proposed a bridge degradation
state estimation model based on multivariate fuzzy linear
regression, which is simpler and can deal with unclear data
more effectively than the general regression model, but they
do not consider the possible nonlinearity of the independent
variables and the interaction between variables [6]. Deter-
ministic approach models cannot simultaneously consider
all the mechanisms leading to deterioration, so state-based
or time-based probabilistic models are more suitable for
modeling structural degradation processes [7]. Stochastic
methods mainly include the Markov model and gray theory
model, among which the Markov model is one of the most
widely used methods in bridge structure prediction, which is
based on the theory of stochastic process to simulate the
decay trend of the bridge. It assumes that the future state of
the bridge only depends on the current state, and the state at
each time point can be transferred to another state by a fixed
transfer probability, and the transfer probability is expressed
as a matrix. How to estimate the transfer probability matrix
is the key problem in constructing Markov models [8]. Fang
proposed a semi-Markov process model based on the
Weibull distribution for degradation prediction of urban
bridges, using the Weibull distribution to characterize the
degradation behavior of bridges within each condition level
and the semi-Markov process to evaluate the transfer
probability of bridge degradation processes between adja-
cent condition levels [9]. Li et al. proposed in the literature
that maintenance rates are generally estimated by as-
sumptions or experience when using Markov chains for
bridge deterioration prediction [10]. ,ey considered the

effect of maintenance factors on building a decay model,
demonstrating that proper rehabilitation can slow down the
rate of bridge deterioration, and enhanced restorable re-
habilitation can significantly mitigate the deterioration
process. Compared with deterministic models, this method
can better respond to the uncertainty of bridge performance,
so it is used in many state-of-the-art bridge management
systems for future bridge performance to assist bridge
maintenance and management decisions. However, it must
make a more precise classification based on the highway
bridge condition classification and combined with a refined
model design to guarantee the effectiveness of the predic-
tion. Its memorylessness and homogeneity assumptions are
quite different from the actual performance degradation of
the bridges, making it difficult to describe the decay behavior
of bridges within a specific class, and the application process
and data updates are cumbersome [11, 12]. In recent years,
the Markov model has gradually revealed some shortcom-
ings, such as the existence of constant transfer probability
and discrete-time interval, which deviate from the actual
assumptions and lead to a decrease in prediction accuracy in
practical applications.

At present, the above two types of prediction models
based on regression analysis and Markov chain models
assume that there is no censored data in the bridge dete-
rioration models used to construct them. ,e prediction
results of the bridge performance deterioration model built
by ignoring the censored data will naturally deviate from the
actual situation. ,e concept of survival analysis is a data
analysis method widely used in biomedicine. It mainly refers
to the method of analyzing and inferring the survival time of
organisms and people based on data obtained from ex-
periments or surveys and studying the relationship between
survival time and many influencing factors [13]. In general,
survival analysis is used to measure individual longevity, but
survival analysis can be applied not only to birth and death
but also to any duration. Medical professionals may be
interested in the time from surgical removal of a certain type
of cancer to the recurrence of cancer, in which case birth
would correspond to surgical removal and cancer recurrence
would correspond to a death event. Survival analysis has
been used in biomedical research for a long time and can be
widely used in many areas of research in the natural and
social sciences, such as disease onset and prognosis, and
device failure, but the application of this method in bridge
engineering is relatively limited and is expanding in recent
years [14, 15].

,e estimation methods of survival in survival analysis
models mainly include nonparametric, semiparametric, and
parametric methods. ,e nonparametric method often uses
the life table method and multiplication limit method when
estimating the survival function, which has no requirement
for the distribution of survival time. It can estimate the
survival function to compare two or more groups of survival
distribution functions but cannot model the relationship
between survival time and hazard factors [16]. ,e para-
metric method is mainly to estimate the parameters in the
assumed distribution model based on the survey sample
observations, to obtain the probability distribution model of
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survival time. Exponential distribution, Weibull distribu-
tion, log-normal distribution, log-logistic distribution, and
gamma distribution are commonly used in survival time
distributions, which can model the relationship between
survival time and hazard factors compared with the non-
parametric method. If the appropriate distribution function
is chosen, the parameter estimates of the full parametric
method model are usually more accurate than the results
obtained by the semiparametric and nonparametric
methods [17]. Another author proposed a method to
calculate the nonsmooth transfer probability of individual
conditional states utilizing the Weibull survival function
[18]. It varies with time, which is different from the smooth
transfer probability used in traditional Markov models. In
recent years, continuous-time semi-Markov methods for
bridge degradation have also been proposed. However, its
application is limited to a small illustrative subset of bridges
with mixed results [9, 12, 17]. Agrawal et al. developed a
degradation model for the complete state of the bridge
based on the Weibull parametric survival function. Al-
though this model outperformed the traditional Markov
chain, its deterioration model was constructed by fitting a
polynomial function to the cumulative average conditional
score durations, which weakened the advantages of
probabilistic modeling [19]. ,e semiparametric method
does not require assumptions about the distribution of
survival time but allows a model to analyze the distribution
pattern of survival time and identify the effect of hazard
factors on survival time [20]. ,e most famous of the
semiparametric methods is Cox regression, which is a
multivariate statistical method and is currently the main
method for multifactorial survival analysis. It takes survival
time and survival outcome as dependent variables, and it
can handle censored data and does not presuppose the
shape of the hazard function [21].

,erefore, combined with the main needs of state as-
sessment and maintenance of highway bridges in Henan
Province, this paper carried out a study on bridge state
assessment and maintenance decision that is data-driven
and established a newly operated bridge state assessment and
prediction model based on survival analysis and deleted
data. We use the Cox regression model which is commonly
used in the medical field to evaluate the importance of
prognostic variables in bridge structural damage and other
situations and consider the decay of the bridge from a certain
level to a worse level as the birth and death in the survival
analysis. Compared with other models, it can not only deal
with the deleted data but also does not need to make as-
sumptions about the actual decay trend of the bridge. Fi-
nally, we use the multilayer perceptron (MLP) neural
network to further verify the correctness of the model.When
the performance degradation of bridge components does not
cause major harm to the system, people can timely assess the
condition of the bridge based on a series of monitoring and
inspection data. Figure 1 shows several common diseases of
highway bridges. According to the actual status of the bridge,
the corresponding maintenance strategy is formulated to
effectively guarantee the safety, reliability, and economy of
the bridge system.

2. Bridge Survival Analysis

Survival analysis is a method developed in recent decades for
the statistical analysis of survival data. Simply put, survival
analysis is the statistical analysis of one or more nonnegative
random variables based on the observed data. Nonnegative
random variables are often used to represent the duration of
a certain state in nature, human society, or technological
processes. ,erefore, it can be widely regarded as a type of
statistical analysis technique for survival time, which mainly
studies the statistical analysis of randomly censored data.
Random censoring is an important type of statistical data
often encountered in life sciences, medical tracking studies,
reliability life tests, and some other practical problems, and
its theory and methods can be applied not only in life
sciences, medicine, and health, reliability engineering but
also in sociology, marketing, environmental science, and
other fields with wide application prospects [22, 23]. It is
common to use nonnegative random variables to represent
“life span” (the life span of a technical product or a living
creature or person), and thus survival analysis can be seen as
an analysis of life span data. ,erefore, in the bridge survival
analysis, we define the “lifetime” of a bridge at a technical
condition level as the time that the bridge remains at that
level without degradation.

When analyzing survival data, if multiple factors are
simultaneously analyzed for survival outcome and survival
time, a multivariate analysis method is needed. However, the
traditional multifactor analysis method is not applicable.,e
Cox regression model, also known as the “proportional
hazards model,” is a semiparametric regression model
proposed by the British statistician Cox in 1972 [16]. ,e
model takes survival outcome and survival time as depen-
dent variables. It can not only analyze the impact of many
factors on survival, but also analyze data with censored
survival time, and it does not require estimation of the
survival distribution type of the data. Based on the above-
mentioned excellent properties, we use the Cox regression
model to analyze the bridge survival data.

2.1. Survival Data. Bridge survival data consists of three
elements: covariates x that affect bridge performance, sur-
vival time, and event indicators [24]. In survival analysis
studies, survival time is commonly expressed as t, defined as
the duration from the start of a specified initiating event to
the occurrence of a failure event. ,e event indicator, also
known as the survival outcome, is commonly expressed as e.
In the bridge survival analysis of this project, the starting
point of observation is defined as the time when the bridge
was completed and opened to traffic, and the ending time is
defined as the time of each decay of the bridge to the next
technical level.

For some instances, the event we study will not happen
during our study period, and we refer to this situation as
censored. ,e censoring is divided into left censoring, right
censoring, and interval censoring. Left censoring means that
the actual survival time of the bridge is less than the observed
survival time, in which case e� 1. Similarly, e� 0 represents
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right censoring, which means that the actual survival time of
the bridge is longer than the observed survival time. Interval
censoring means that the actual survival time is known to be
within a certain time interval [9]. ,e survival time of the
censored data is the time elapsed from the start event to the
truncation point.

Survival function and hazard function are the two basic
functions in survival analysis [25]. ,e survival function is
also known as cumulative survival function or survival rate,
which is represented by the symbol as S(t) � P(T> t),

indicating that the probability of the observed object’s
survival time exceeds time t. ,e survival function takes the
value of 1 when t� 0 and gradually decreases with the ex-
tension of time. ,e hazard function, also known as the
conditional failure rate, represents the instantaneous
probability of failure at time t for an object that survives at
time t. It is often expressed as h(t).

h(t) � lim
Δt⟶0

P(t≤T< t + Δt|T≥ t)

Δt
�

f(t)

S(t)
, (1)

(a) (b)

(c) (d)

(e) (f )

(g) (h)

Figure 1: Common bridge diseases; (a) longitudinal cracks at the bottom of the beam, (b) corrosion of hollow-core slab reinforcement,
(c) bearing shear deformation; (d) bearing separation; (e) circumferential cracks in bridge piers; (f ) corrosion of cover beam reinforcement;
(g) cracking and blocking of the anchorage area of the expansion joint; (h) bridge deck pitting.
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where, f(t) is the probability density function; f(t) � F′(t);
F(t) is the cumulative distribution function; F(t) � 1 − S(t),
which indicates the probability that the survival time does
not exceed the time t.

Since all survival functions have the common feature of
being monotonous and nonincreasing, they provide limited
information. However, the hazard function can be expressed
as an increasing function, a decreasing function, a constant,
or a more complex function. It provides more information
about the failure mechanism of the research object than the
survival function. ,erefore, the survival analysis is usually
given in the form of h(t). ,e Cox regression used in the
project is based on a specific form of h(t).

2.2.CoxRegression. ,eCox proportional hazard regression
model assumes that the hazard function consists of a
baseline hazard function and a hazard function that rep-
resents the effect of individual covariates. ,e Cox pro-
portional hazard regression model is presented in

h(t, X) � ho(t)e
β1X1+β2X2+···+βpXp( 

, (2)

where Xi is the independent variables that may be related to
survival time, where the independent variables or influences
may be quantitative or qualitative and do not vary with time
throughout the observation period; h(t) is the hazard rate for
individuals with independent variables X1,X2, . . . Xp; ho(t) is
baseline hazard at time t, which is called the baseline hazard
function, and βi is the partial regression coefficients of the
respective variables, which are a set of unknown parameters
that need to be derived from the actual bridge survival data by
maximizing the Cox partial likelihood estimation.

,e right-hand side of the model can be divided into two
parts: one part is ho(t), it is nonparametric that is not ex-
plicitly defined. ,e other part is an exponential function
exponentiated by a linear combination of independent
variables, which has the form of a parametric model. ,e
regression coefficient reflects the effect of the independent
variable and can be estimated by the actual observation value
of the sample, so the Cox proportional hazard model is a
semiparametric model. ,e Cox model does not analyze the
relationship between the survival function S(t) and the in-
dependent variables directly but uses the relationship be-
tween the survival function S(t) and the hazard function h(t).
By taking the hazard function h(t) as the dependent variable,
it indirectly reflects the relationship between the indepen-
dent variable and the survival function S(t).

2.2.1. Proportional Hazards Assumption. From the Cox
proportional hazard regression model, the ratio of the hazard
function of any two individuals is the hazard ratio (HR).

HR �
hi(t)

hj(t)

�
h0(t)exp β1Xi1 + β2Xi2 + · · · + βpXip 

h0(t)exp β1Xj1 + β2Xj2 + · · · + βpXjp 
.

(3)

,e hazard ratio has nothing to do with h0(t) and t; that
is, the effect of the independent variables in the model does
not change with time.,e degradation risk of a bridge with a
certain specific prognostic factor vector and the degradation
risk of a bridge with another specific prognostic factor vector
maintain a constant ratio at all time points. ,is situation is
called the proportional hazard assumption. Covariates that
satisfy the PH assumption can be introduced into the model.

2.2.2. Regression Coefficient β.

HR �
hi(t)

hj(t)
�

h0(t)exp β1Xi1 + β2Xi2 + · · · + βpXip 

h0(t)exp β1Xj1 + β2Xj2 + · · · + βpXjp 

� exp β1 Xi1 − Xj1  + β2Xi2 − Xj2  + · · · + βp Xip − Xjp  .

(4)

δi is the absolute value of the difference in values taken by the
ith independent variable in two different individuals; with
the other independent variables holding constant and x� 1,
lnHRi � βi.

When βi > 0, HRi > 1, indicating that when Xi increases,
the risk function increases, and Xi is a risk factor. Similarly,
when βi < 0, HRi < 1, indicating that when Xi increases, the
risk function decreases; i.e., Xi is a protective factor, and the
probability of the event occurring is smaller when the value
increases. Obviously, when βi > 0, HRi > 1, indicating that Xi

has no effect on survival time.
Equation (4) can in turn be expressed as

ln HR � ln hi(t) − hj(t)

� β1 Xi1 − Xj1  + β2Xi2 − Xj2  + · · · + βp Xip − Xjp .

(5)

Over time, the logarithms of the two individual hazard
rates should be strictly parallel.

,e estimation of the partial regression coefficients in the
model needs to be obtained with the help of the partial
likelihood function, which is calculated using the maximum
likelihood estimation method [14].,e greatest advantage of
the partial likelihood estimation is that the regression co-
efficient β can be estimated without determining the form of
h0(t). In addition, the estimated value of the partial re-
gression coefficient is only related to the order of survival
time and has nothing to do with the numerical value of
survival time.,e formula for the partial likelihood function
[26] is given in the following equation:

L � q1q2 . . . qi . . . qk

� 

k

i�1
qi

� 
k

i�1

exp β1Xi1 + β2Xi2 + · · · + βpXip 

S∈R ti( )exp β1Xs1 + β2Xs2 + · · · + βpXsp 
,

(6)

where qi is the conditional probability of death at the ith
death time point, the numerator part is the hazard function
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hti
for the ith individual at the death time point ti, and the

denominator part is the sum of the hazard functions of all
individuals (including death and censored) with survival
time T ≥ ti. ,e general likelihood function contains n
individual points, while the above equation contains only k
death time points, ignoring the likelihood function of
censored time points, so it is called the partial likelihood
function. Taking the logarithm of the partial likelihood
function, the logarithmic partial likelihood function lull is
obtained. Find the solution where the first-order partial
derivative of lnL with respect to βj is 0. Up to this point, the
maximum likelihood estimate of bj for βj can be obtained.

,e estimated value of the regression coefficient β1, β2,
. . ., βp is noted as b1, b2,. . ., bp, and the corresponding
standard deviation is Sb1

, Sb2
, . . ., Sbp. ,e 95% confidence

interval for βj is estimated as shown in

βj: bj ± Z0.05/2Sbj
. (7)

,e 95% confidence interval for HR is estimated by

HR: exp bj ± Z0.05/2Sbj
 . (8)

2.2.3. Survival Function of Bridge. ,e survival function for
the technical state of the bridge is derived as follows.

With t denoting the survival time of the bridge, the ex-
pression of its cumulative distribution function F(t) is shown in

F(t) � P(T≪ t)

� 
t

0
f(u)du,

(9)

where f(t) is the probability density function of the survival
time t.

,e survival function S(t) indicates the probability that the
bridge remains in its original technical state level at time t. It
can also be referred to as the reliability function or cumulative
survival function. See the following formula for details.

S(t) � 1 − F(t)

� P(T> t)

� 
∞

t
f(u)du,

(10)

where P(T> t) is the probability of the event occurring time
T> t.

Let h(t) denote the hazard function corresponding to the
survival function, i.e., the probability that the bridge at time twill
change its overall technical state level at the next very small time.

h(t) � lim
Δt⟶0

P(t<T< t + Δt|T> t)

Δt

� lim
Δt⟶0

P(t<T< t + Δt)
ΔtP(T> t)

�
f(t)

S(t)
�

−S′(t)

S(t)
.

(11)

,e corresponding cumulative hazard function is as
follows:

H(t) � 
t

0
h(u)du

� 
t

0

h(u)

S(u)
du � 

t

0

−S′(t)

S(u)
du.

(12)

Solving the above differential equation, the relationship
between S(t) and H(t) is shown in

S(t) � e
− H(t)

� e
− 

t

0
h(u)du

.

(13)

2.3. MLP Neural Network. Due to the high nonlinear global
action and parallel processing capability of the MLP neural
network, its good fault tolerance and self-learning ability
make it widely used in early warning, image recognition,
communication, energy, and power fields [27, 28].

MLP fits a neural network through a multilayer per-
ceptron, one of the simplest feedforward supervised artificial
neural network (ANNs) that maps a set of input vectors to a
set of output vectors. It can be viewed as a directed graph
consisting of multiple node layers, each fully connected to
the next. Furthermore, it can deal with nonlinear separable
problems. In addition to the input nodes, each node is a
neuron with a nonlinear activation function, which can
contain multiple hidden layers, with one or more dependent
variables.,eMLP uses a supervised learning approach with
the backpropagation algorithm to train the MLP [29].

Δ output ≈ 
j

z output
zωj

Δωj +
z output

zb
Δb. (14)

,e function of activation is to introduce nonlinearity
into the output of neurons. Since most real-world data is
nonlinear, neurons should learn nonlinear representations
of functions, which makes applications crucial.

,e backpropagation algorithm is generally used to train
the MLP. ,e MLP contains multiple layers of nodes: an
input layer, an intermediate hidden layer, and an output
layer. ,e connections of nodes in adjacent layers are
equipped with weights and the aim of learning is to assign
the correct weights to these edges [30].

ωk⟶ ωk
′ � ωk −

η
m


j

zCXj

zωk

, bl⟶ bl
′ � bl −

η
m


j

zCXj

zbl

.

(15)

,ere are two main optimization algorithms for MLP,
gradient descent and conjugate gradient. ,e gradient de-
scent method is often referred to as the fastest descent
method, considering an n-dimensional space, we arbitrarily
choose an initial point, and then an exact one-dimensional
search is performed in the direction of the negative gradient
at that point for each iteration until the objective function
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finds the minimum value. Because it is an accurate search,
the adjacent iteration directions are orthogonal, so there will
be a “sawtooth” phenomenon, and the convergence speed
will gradually slow down with the progress of the recom-
mendation. ,e conjugate gradient method is a kind of
conjugate direction method, which is improved on the basis
of the most rapid descent method, the direction of descent of
the initial point is still the negative gradient direction, but
the direction of subsequent iterations is no longer the
negative gradient direction of the point. ,e direction of the
subsequent iteration is the negative gradient direction of the
point and the direction of the previous iteration to form a
convex cone in one direction, which effectively avoids the
“sawtooth” phenomenon. ,erefore, the optimization al-
gorithm used in this paper is the conjugate gradient method
[31].

3. Example

3.1. Data Preprocessing. ,is paper collects bridge inspec-
tion data of 174 bridges stored by the Highway Management
Department of the Henan Provincial Department of
Transport. All the bridges collected in this study were small
andmedium-sized bridges, of which reinforced concrete and
prestressed reinforced concrete girder bridges accounted for
97.7%, so reinforced concrete and prestressed reinforced
concrete girder bridges were chosen as the object of study.

,e data collected in this study recorded the age of the
bridge, maximum span, whether the bridge had undergone
major repairs, superstructure score, substructure score, deck
score, superstructure score, general superstructure score,
bearing score, abutment score, abutment score, pier foun-
dation score, wing wall trunnion score, tapered slope score,
deck paving score, and expansion joint score. ,e age of the
bridge, survival time t, and maximum span are quantitative
variables, while whether the bridge has undergone major
and medium repairs, superstructure score, substructure
score, deck system score, superstructure score, general su-
perstructure score, bearing score, pier score, abutment score,
pier foundation score, wing wall trunnion score, tapered
slope score, deck pavement score, and expansion joint score
are qualitative variables. Due to the presence of censored
data, survival time, and survival outcome and the multiple
influencing factors involved, this information is a piece of
univariate survival information under the influence of
multiple factors. Specifically, survival time is the quantitative
outcome variable, survival outcome is the qualitative out-
come variable, and their information will be integrated to
participate in the modeling of the Cox proportional hazard
model, while all other variables are independent variables or
influencing factors. Among them, bridge age is a quantitative
independent variable; superstructure score (SPCI), sub-
structure score (SBCI), and bridge deck system score (BDCI)
are multivalue ordered independent variables.

,e technical condition assessment of bridges is mainly
assessed using the «Standards for Technical Condition
Evaluation of Highway Bridges» (JTG/TH21-2011) [32].,e
technical condition assessment of highway bridges adopts a
combination of comprehensive assessment and 5 types of

bridge single index control.,e technical status of the bridge
is assessed in the order of components, parts, and bridges.

,e technical condition classification limits of bridges
are detailed in Table 1.

Due to the potential for missing data, filling errors, and
human observation errors in the historical bridge inspection
data, it is necessary to preprocess the data prior to predictive
modeling to reduce the impact of inaccurate raw data on the
actual modeling and to ensure that the decay prediction
model is consistent with the actual decay process of the
bridge to the maximum extent possible. ,e research mainly
carried out the following data processing steps.

(1) Filter missing values, character errors, and other data
errors caused by detection errors in the records, and
using the analysis-calibration method to set a rea-
sonable date range.

(2) Exclude records where the condition of the bridge
has declined by more than 2 levels in three years.

(3) Correct any human subjective bias in the inspection
process and mark missing observations in the bridge
inspection records from previous years.

As the bridges in this survey are not more than 16 years
old, all bridges have not undergone major and medium
repairs, so the presence or absence of this independent
variable has no effect on the model results and will be
eliminated. After consulting relevant information and an-
alyzing the collected data, we can see that the wing wall is a
kind of retaining structure set up to ensure the stability of the
slope of the roadbed on both sides of the culvert or gravity
bridge abutment and play a role in guiding the river. Ear
walls are mainly used to restrain the soil at the back of the
platform to prevent the soil from sinking and deforming,
which results in the bridgehead jumping phenomenon. It
has almost no effect on the safety and performance decay of
the bridge structure. Similarly, the role of slope protection is
to protect the stability of the bridge and the roadbed of the
vehicle and to prevent scouring. It is set on both sides of the
bridge abutment. ,e cone slope is to protect the em-
bankment slope from scouring and is built at the junction of
the bridge and the roadbed. ,eir impact on the safety and
life of the bridge structure is also minimal, and they only
account for 4% in the assessment of the technical condition
of the full-bridge, so the cone slope protection is also ex-
cluded from the model. Due to the lack of component scores
of many bridges, this paper plans to analyze the impact of
structural grades on the survival time of highway girder
bridges, including superstructure scores, substructure
scores, and bridge deck system scores. ,en according to the
value of the influencing factors, the performance degrada-
tion of the bridge is predicted.

3.2. PH Assumptions and Comparison of Survival Curves.
,e basic assumption of the Cox model is the proportional
hazard assumption. ,e analysis and prediction based on
this model are valid only if this assumption is satisfied. To
check whether an independent variable satisfies the PH
assumption, the easiest way is to group the Kaplan-Meier
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survival curve according to the variable. If the survival curve
clearly crosses, it indicates that the PH assumption is not
satisfied.

Import the preprocessed data into the program and
group them according to the three variable levels of su-
perstructure score, substructure score, and bridge deck
system score, and then use the Kaplan-Meier method to
draw the survival curve. ,e results are shown in the figure
below.

Figure 2 shows that the survival curves of the four levels
of the bridge deck system crossed slightly, mainly due to the
fact that the survival data of the bridge deck system graded at
1 and 4 were less, which caused the curve to appear abrupt
and crossed. ,e curves in the remaining graphs have no
crossover, indicating that the three variables basically satisfy
the PH assumption.

In Figure 2, based on visual inspection alone, the higher
the structural grade of each bridge, the lower the survival
rate of its corresponding bridge. However, the difference
between the two sets of curves cannot be quantitatively
described, and it cannot be judged whether they are sta-
tistically significant. ,erefore, they need to be tested sep-
arately for the hypothesis. Hypothesis testing methods
especially used for survival curve comparison include the
log-rank test, Breslow test, and Tarone-Ware. ,e difference
with the χ2 test is that the log-rank test and Breslow test can
make full use of survival time (including censored data) and
can make overall comparisons of the survival rates of the
groups.

,e log-rank test is one of the nonparametric methods
for the comparison of survival curves. ,e basic idea is that
when H0 holds, according to the death rate at ti, the the-
oretical death number of each group can be calculated, and
the test statistics are given in

χ2 �
 dgi − Tgi  

2

 Vgi

, (16)

where H0: S1(t) � S2(t), which means that the two survival
curves are the same at a significance level of α� 0.05; H1:
S1(t)≠ S2(t), the two survival curves differed at a signifi-
cance level of α� 0.05; dgi � actual number of deaths in each
group at the time ti; Tgi � theoretical number of deaths in
each group at the time ti.

Vgi �
ngi ni − ngi  ni − di( di

n
2
i ni − 1( 

. (17)

,e actual number of deaths and the theoretical number of
deaths should be relatively close and the χ2 value is relatively

small when H0 is true; when H0 is false, the difference between
the actual number of deaths and the theoretical number of
deaths is relatively large and the χ2 value is relatively large, and
the test statistic χ2 obeys a χ2 distribution with degrees of
freedom of (number of groups-1).

,e Breslow test, also known as the Wilcoxon test, has a
χ2 test statistic as shown in

χ2 �
ωi dgi − Tgi  

2

ω2
i Vgi

, (18)

where dgi, Tgi, and Vgi have the same meaning as before; ωi

is the weight.,e Breslow test takes ωi � ni, and the log-rank
test can be seen as ωi � 1. ni usually decreases, so the Breslow
test outcome event gives more weight to recent differences in
deaths between groups, which means that it is sensitive to
recent differences. In contrast, the log-rank test outcome
events give greater weight to distant differences in deaths
between groups than to more recent differences, which
means that they are sensitive to distant differences. ,e
Tarone-Ware method falls somewhere between the log-rank
test and the Breslow test.

,e mean and median values of “survival time” and
related statistics for superstructure, substructure, and bridge
deck systems can be seen in Table 2. Since survival times do
not generally conform to a (Table 3) normal distribution, in
Table 4 the mean here is not as significant as the median.

,ree chi-square tests (Table 5), the log-rank (Table 6)
test, Breslow test (Table 7), and Tarone-Ware test, were used
to verify the soundness of the model.,e results showed that
χ2SPCI � 20.15, χ2SBCI � 62.13, χ2BDCI � 20.65, and P< 0.001
for all three groups of variables analyzed using the three
methods, meaning that the differences in the survival dis-
tributions of the three independent variables in their re-
spective groups were statistically significant.

3.3. Cox Regression Analysis. ,e SPCI, SBCI, and BDCI
studied in this paper are all multivalued ordered indepen-
dent variables. Due to the sample size and the short bridge
age, the substructure score is 1 or 2. It should be noted that
the classification of various components is not strictly
equidistant, so they need to be converted into dummy
variables (see Table 8 below for the coding of categorical
variables). For the method of independent variable
screening, this paper adopts the forward stepwise regression
method based on maximum likelihood estimation. ,e
critical value for the designated variable to enter the model is
0.05, and the critical value for the designated variable to
move out of the model is 0.10.

,e stepwise regression analysis method is a regression
analysis method that selects independent variables to es-
tablish the optimal regression equation. According to the
effect of the independent variable on the dependent variable,
the independent variables that have significant effects are
introduced into the regression equation one by one, and
those that have significant effects on the dependent variable
are introduced into the regression equation. Variables with
insignificant effects may be ignored [33].

Table 1: ,e boundary of the grade assessment of bridge technical
condition.

BCI
Dj

1 2 3 4 5

Dr [95, 100] [80, 95) [60,80) [40, 60) [0, 40)
Dj � the overall technical condition score of the bridge, Dr � the overall
technical condition score of the bridge.
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,e optimal regression equation includes only all in-
dependent variables that have a significant effect on the
dependent variable and excludes those that do not have a
significant effect on the dependent variable. In addition,
variables that have been introduced into the regression
equation may change in significance when new variables are
introduced. When the effect is not significant, this variable
needs to be removed from the regression equation [34].

,e results of the Cox regression analysis are shown in
Table 9.

,e Omnibus test table of the model coefficients gives
the results of the test for all the regression coefficients β� 0
established in the model. For this example, the score statistic
is 109.09, the log-likelihood ratio test χ2 � 5.399, and
P< 0.001, indicating that there is at least one independent
variable in the model with HR ≠1 which means that the

Survival Function

3-censored
2-censored
1-censored

3
2
1

SPCI

0.0

0.2

0.4

0.6

0.8

1.0

Cu
m

 S
ur

vi
va

l

3 6 9 12 150
t (year)

(a)

2-censored
1-censored

2
1

SBCI

Survival Function

0.0

0.2

0.4

0.6

0.8

1.0

Cu
m

 S
ur

vi
va

l

3 6 9 12 150
t (year)

(b)

3-censored
4-censored

2-censored
1-censored

3
4

2
1

BDCI

Survival Function

0.0

0.2

0.4

0.6

0.8

1.0

Cu
m

 S
ur

vi
va

l

3 6 9 12 150
t (year)

(c)

Figure 2: Survival curves for individual bridge structures. (a) Survival curves at each level of the superstructure score, (b) survival curves at
each level of the substructure score, and (c) survival curves at each level of the bridge deck system.

Table 2: Mean and median survival analysis times for SPCI.

Mean Median
SPCI Estimate Std. error Lb UB Estimate Std. error Lb UB
1 10.64 0.72 9.24 12.04 11.92 1.47 9.04 14.80
2 7.83 0.40 7.06 8.61 6.06 0.73 4.63 7.49
3 4.15 0.54 3.10 5.21 4.04 0.75 2.56 5.52
Total 8.31 0.35 7.63 8.99 7.68 0.97 5.78 9.58
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overall model test is statistically significant and warrants
further analysis.

As there are no less than three superstructure grades and
deck grades in the bridge data collected in this paper,
dummy variables are adopted in this paper to introduce the
above two kinds of variables into themodel.,erefore, SPCI,
SPCI1, and SPCI2, respectively, refer to bridges with su-
perstructure grades I, II, and III, while BDCI, BDCI1,
BDCI2, and BDCI3, respectively, refer to bridges with deck
grades I, II, III, and IV.

In addition, since the substructure grade in the collected
bridge data only contains the first and second levels, the
substructure grade is introduced into the model as a di-
chotomous variable. ,is means that SBCI represents a
substructure grade II bridge, and its control group is as-
sumed to be a substructure grade I bridge.

,e results of the parameter estimation in the model are
given in Table 10. ,e results show that the superstructure
score, substructure score, and deck system score are inde-
pendent factors influencing the prognosis of the bridge.
Combining the categorical variable coding in Table 8, we can
see the following:

(1) For bridges with the same score of substructure and
bridge deck system, the degradation risk of the
bridges with a SPCI� 2 is 3.11 times that of the
bridges with SPCI� 1. Similarly, the degradation risk
of bridges with an SPCI� 3 is 6.17 times that of
bridges with SPCI� 1, and the corresponding 95%
confidence interval of the HR is shown in Table 10.

(2) For bridges with the same score of superstructure
and bridge deck system, the degradation risk of the
bridges with an SBCI� 2 is 5.45 times higher than
that of the bridges with SBCI� 1.

(3) ,e results show that, for bridges with the same score
of superstructure and substructure scores, the risk of
degradation is 14.65 times higher for bridges with a
BDCI� 3 than for the bridges with BDCI� 1 and
36.34 times higher for bridges with a BDCI� 4 than
for the bridges with BDCI� 1.

P � 0.06 for bridge deck system score level 2 is not
satisfied at a significance level of 0.05, which means that the
results are not statistically significant. However, since the
multiple categorical variables that have been set up with
dummy variables are in and out at the same time, that is, as
long as there is a group that is now statistically significant for
the OR value of the reference group, all groups of the
variable will be included in the model.

,e expression for the hazard rate derived from the
results of the Cox analysis is as follows:

h(t) � h0(t)exp
X10 + 1.14X11 + 1.82X12 + X20 + 1.70X21

+X30 + 1.92X31 + 2.68X32 + 3.59X33
 ,

(19)

where X10, X11, and X12, respectively, refer to the bridges
with superstructure grades I, II, and III, while X20, X21,
respectively, refer to the bridges with substructure grades I
and II. X30, X31, X32, and X33, respectively, refer to the
bridges with superstructure grades I, II, III, and IV.

,e greater the value of the index part on the right side of
the expression, the greater the risk h(t), the worse the
prognosis of the bridge, the higher the degradation risk of
the bridge, and the shorter the life of the bridge. ,e value of
the linear combination in parentheses is called the prog-
nostic index (PI).

,e prognostic index in this paper is shown below.

PI � X10 + 1.14X11 + 1.82X12 + X20 + 1.70X21

+ X30 + 1.92X31 + 2.68X32 + 3.59X33.
(20)

For example, with a bridge with SPCI� 1, SBCI� 1, and
BDCI� 2, which means that X10 � 1, X11 � 0, X12 � 0,
X20 � 1, X21 � 0, X30 � 0, X31 � 1, X32 � 0, and X33 � 0,
then the prognostic index of the bridge is 3.92.

It can be seen intuitively from Figure 3 that as the score
of the superstructure increases, the risk of degradation of the
bridge at the same time point gradually increases. ,e
median lifetime of bridges with SPCI of 1, 2, and 3 is 12.1
years, 6.5 years, and 5 years, respectively (the median life-
time in this paper means that 50% of the bridges have not
fallen in grade.).

Figure 4 shows that as the substructure score increases,
the degradation risk of the bridge at the same time gradually
increases. ,e median lifetime of bridges with SBCI of 1 and
2 are 10.8 years and 4.7 years, respectively.

It can be seen visually in Figure 5 that as the deck score
increases, the degradation risk of a bridge at the same time
gradually increases. ,e median lifetime of bridges with
BDCI of 1, 2, 3, and 4 is 12.8 years, 7.9 years, 7.5 years, and
5.8 years, respectively.

Finally, we plot ln[-lnS(t)] and survival time t for the
three covariates on their respective subgroups. It is evident

Table 3: Overall test of SPCI.

Chi-square Df Sig
Log-rank 20.15 2 0.000
Breslow 18.54 2 0.000
Tarone-Ware 19.83 2 0.000

Table 4: Mean and median survival analysis times for SBCI.

Mean Median

SBCI Estimate Std.
error Lb UB Estimate Std.

error Lb UB

1 10.085 0.41 9.29 10.88 11.11 0.90 9.34 12.88
2 5.19 0.39 4.43 5.95 4.75 0.17 4.42 5.07
Total 9.31 0.35 7.63 8.99 7.68 0.97 5.78 9.58

Table 5: Overall test of SBCI.

Chi-square Df Sig
Log-rank 62.13 1 0.000
Breslow 54.80 1 0.000
Tarone-Ware 60.26 1 0.000
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from Figure 6 that the curves at each level for each com-
ponent of the bridge are parallel and equidistant, verifying
the three covariates satisfy the PH assumption in their re-
spective subgroups.

3.4. Neural Network Validation Model. Neural network
analysis requires splitting the samples and dividing them
into training, validation, and support sets in a certain ratio to
prevent overfitting of the neural network. A common
splitting ratio is 7 : 3 if splitting into training and validation
sets and 4 : 3:3 if splitting into training, validation, and
support sets. Due to the limited sample size, this paper
divided the survival data into training and validation sets
according to the split ratio of 7 : 3, where only 122 samples

Table 6: Mean and median survival analysis times for BDCI.

Mean Median
SBCI Estimate Std. error LB UB Estimate Std. error LB UB
1 12.83 0.00 12.83 12.83 12.83 — — —
2 9.13 0.41 8.33 9.94 9.60 0.75 8.13 11.06
3 6.43 0.62 5.22 7.64 5.05 0.42 4.23 5.87
4 3.33 0.40 2.54 4.13 2.93 — — —
Total 8.31 0.35 7.63 8.99 7.68 0.97 5.78 9.58

Table 7: Overall test of BDCI.

Chi-square Df Sig
Log-rank 20.65 3 0.000
Breslow 20.15 3 0.000
Tarone-Ware 21.30 3 0.000

Table 8: Categorical variable coding.

Frequency (1) (2) (3)

SPCI
1 38 0 0 —
2 127 1 0 —
3 9 0 1 —

SBCI 1 108 0 — —
2 66 1 — —

BDCI

1 1 0 0 0
2 113 1 0 0
3 58 0 1 0
4 2 0 0 1

Table 9: Omnibus test of model coefficients.

−2 log-likelihood
Overall (score) Change from

previous
Chi-sq Df Sig. Chi-sq Df Sig.

1018.01 109.09 6 0.000 92.46 6 0.000

Table 10: ,e variables in the equation and parameter estimates.

95.0% CI for exp (B)
B Se Wald Df Sig. Exp (B) Lower Upper

SPCI 23.755 2 0.00
SPCI 1 1.14 0.26 18.86 1 0.00 3.11 1.86 5.19
SPCI 2 1.82 0.47 15.27 1 0.00 6.17 2.47 15.29
SBCI 1.70 0.24 50.67 1 0.00 5.45 3.42 8.70
BDCI 17.87 3 0.00
BDCI 1 1.92 1.03 3.45 1 0.06 6.79 0.90 51.20
BDCI 2 2.68 1.05 6.57 1 0.01 14.65 1.88 114.05
BDCI 3 3.59 1.26 8.19 1 0.00 36.34 3.10 425.62
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Figure 3: Survival curves for each level of the superstructure.
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Figure 4: Survival curves for each level of the substructure.
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Figure 6: LML curves for the three independent variables; (a) LML curve for the superstructure; (b) LML curve for the substructure;
(c) LML curve for the bridge deck system.
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12 Advances in Civil Engineering



were used for training. Since the neural network cannot
automatically filter the independent variables, directly in-
cluding all influencing factors will lead to serious overfitting
problems. ,erefore, this paper included the SPCI, SBCI,
and BDCI as factors in the neural network model, which
were determined by the forward stepwise regression method
based on maximum likelihood estimation in 3.3. ,e dia-
gram of the MLP neural network structure is shown in
Figure 7.

It can be seen from Figure 7 of the neural network
structure that both the hidden layer and output layer in the
multilayer perceptron are fully connected layers. ,e input
layer units include 9, which are 3 levels of SPCI, 2 levels of
SBCI, and 4 levels of BDCI. ,e network contains a hidden
layer with 6 units, which uses a hyperbolic tangent activation
function. ,e model output layer is ending events 0 and 1.
,e activation function of the output layer is SoftMax and
the loss function is the cross-entropy error. ,e cross-en-
tropy error is shown in (21) below.

E � − 
k

tklog yk, (21)

where the log is the natural logarithm with base e; yk is the
output of the neural network; tk is the correct solution label.

Table 11 shows that the termination rule used in this
simulation was “1 consecutive step with no decrease in error,”
which is a normal case of aborting.,e percentage of incorrect
predictions in the training and validation sets was close.

Table 12 shows the prediction results of the MLP neural
network. For each case, the predicted response is 1 if the

predicted fitted probability for that case is greater than 0.5.
For each sample, the cells on the diagonal of the case cross-
classification are the correct predicted values, and the cells
on the diagonal of the case cross-classification are the in-
correct predicted values. As can be seen from Table 12, the
overall percentage of correct predictions from the model was
in the range of 75%–80% for both the training and validation
sets, and a cross-comparison of the overall correctness of the
samples in the training and validation sets shows that the
MLP neural network predicted bridge degradation more
correctly than bridge nondegradation.

,e ROC curves in Figure 8 provide a clearer repre-
sentation of the sensitivity and specificity of all the bounds in
a single graph compared to Table 12. Because there are only
two categories of outcome variables, the curves are sym-
metrical from the top left corner of the graph to the bottom
right corner around the 45° line. ,e calculations show that
the area under the ROC curve (AUC) is 0.738, which rep-
resents the model’s predicted probability of fit in that cat-
egory. ,at is, the probability that a randomly selected case
in that category is higher than a randomly selected case not
in that category is 0.738.

,e forecast-actual chart is clustered box plot of the
predicted pseudo-probability for the training and test
samples, with the x-axis corresponding to the corresponding
category of observation. In this article, the group is grouped
according to whether the outcome event occurs or not. ,e
leftmost box plot shows the predicted pseudo-probability of
category 0 for cases with an observed category of 0. ,e part
of the box plot above 0.5 on the y-axis represents the correct
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predicted values shown in the classification table. Similarly,
the part below 0.5 represents the incorrect predicted values.
Since the target variable has only two categories, the first two
box plots and the last two box plots are symmetrical on the
horizontal line 0.5 (shown by the dotted green line in the
figure). It can be clearly seen from the last two box plots that
when 0.5 is used as the dividing line, compared with e� 0
(event did not occur), except for some deviation cases, the
recognition effect of the model for e� 1 (event occurred) is
better.

Figure 9 shows the decreasing influence of the deck
system, superstructure, and substructure on the occurrence
of the outcome event. Combining the structural score of
bridges with the code and the survival data of the bridges

surveyed, the bridge deck system only accounts for 20% of
the total bridge, but since about 35% of the bridges surveyed
have a deck system score of no less than 3 and all bridges
have a deck system score of no less than 2, it actually has an
important influence on the occurrence of the outcome. Over
78% of the bridges in this survey have a superstructure score
of no less than 2. ,eir superstructure score accounts for
40% of the bridge’s total bridge score, so their influence on
the ending event is also greater. Although the substructure
score accounts for 40% of the full-bridge score, as none of
the 174 bridges collected in this survey were more than 20
years old, 64% of them had a substructure score of 1 and
none of them had a substructure score of more than 2, which
means that the performance degradation of substructure

Table 11: Model summary.

Cross-entropy error Training error score (%) Termination of rule Testing error score (%)
55.03 22.7 No decrease in error1 consecutive steps 20.0

Table 12: Model classification prediction results.

Sample Observed
Predicted

Accuracy (%)
0 1

Training
0 7 22 24.1
1 5 85 94.4

Overall percent 10.1 89.9 77.3

Testing
0 5 10 33.3
1 1 39 97.5

Overall percent 10.9% 89.1% 80.0
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Figure 8: ROC curves and forecast-actual chart for neural network models.
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during the investigation is small. ,erefore, it had the least
importance in the predictive model.

4. Conclusion

In recent years, structural deterioration analysis of bridges
has received more widespread attention in order to support
the maintenance and management of bridges. In contrast to
the usual processing methods of regression analysis, Markov
chains, fuzzy techniques, and artificial neural networks, this
paper proposes a prognostic model for highway girder
bridges in early operation based on censored data and
survival analysis to calculate the deterioration rates of dif-
ferent bridge components over time. ,e model considers
the presence of censored data in bridge data. By analyzing
the reasons for censoring of bridge data and the types of
censored data, a Cox regression analysis method is used to
construct a bridge deterioration model, which makes full use
of the information provided by incomplete data and reduces
the deviation of the prediction results from the actual
situation.

In addition, this paper uses some of the bridge inspection
data stored by the Henan Provincial Highway Maintenance
and Management Center over the past years to classify and
analyze the deterioration process of the superstructure,
substructure, and deck system of reinforced concrete bridges
in the early years of operation and draws the corresponding
survival curves, respectively. ,e results show that, with the
increase of the condition grade of the bridge components,
the duration period of the median lifetime grade of the
bridge is gradually shortened, and the performance decay
rate of the bridge deck system and the superstructure is faster
than that of the substructure. It shows that the prognostic
model for highway girder bridges built using the survival
analysis method can identify the most significant factors
affecting the deterioration rate of bridge components during
the early years of bridge operation. Combining the decay
rule of actual bridge performance and the calculation results
of other scholars, the accuracy of the bridge prognosis model
established in this paper is verified.

Finally, this paper uses the MLP neural network to build
a neural network with a hidden layer. ,e prediction results

show that the influence of the bridge deck system, super-
structure, and substructure on the degradation of the per-
formance of the bridge is gradually reduced. It is consistent
with the conclusions obtained by the established Cox sur-
vival analysis model, which further verifies the validity of the
model.
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