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ABSTRACT 
 
An integrated deterioration method incorporating the time-based model, state-based model incorporating an 
Elman Neural Network (ENN) and a previously developed Backward Prediction Model (BPM) currently has 
been developed. The method is developed to effectively predict long-term performance of bridge elements for 
various situations in terms of the quantity and distribution of available condition rating data. In order to validate 
the prediction accuracy of the proposed integrated method, this study employs U.S. National Bridge Inventory 
(NBI) dataset as input to predict condition ratings of bridge components. The predicted outcomes are validated 
by a cross-validation method including backward and forward validations. The research also demonstrates that 
the time-based model provides more accurate prediction outcomes than the state-based model when the given 
inspection records are sufficient.  
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INTRODUCTION 
 
To effectively manage a large infrastructure asset, Maintenance, Repair and Rehabilitation (MR&R) work must 
be timed to actively satisfy the safe condition of structures and to maximise the financial benefits to bridge 
owners. The planning of MR&R activities for bridges is based on measured and predicted condition ratings. 
Currently, most bridge agencies only rely on bridge inspection results with instant follow-up measures taken to 
decide the maintenance strategies (Lee et al. 2005). This can be effective for managing small number of bridge 
networks, but it is neither efficient nor economical for managing large bridge networks.  
 
A Bridge Management System (BMS), as a computer-based Decision Support System (DSS), is used to 
facilitate an optimum selection of the most cost-effective maintenance actions at both project and network levels. 
At the project level, the BMS assists decision makers to determine the optimal cost-effective maintenance 
actions for a specific bridge. At the network level, on the other hand, such a decision is made for an entire 
network of bridges considering the budget constraints (Thompson et al. 2003). To achieve this, bridge 
deterioration models have been used to predict future conditions of different bridge elements in order to identify 
future funding requirements for the bridges. Reliable decision-making capabilities of BMSs depend highly on 
the accuracy of the deterioration model, which predicts the long-term performance of bridges based on historical 
bridge condition ratings. Reliable long-term bridge performance prediction is crucial and can be used as input 
information for various key functions in a BMS including cost related and MR&R planning. However, the 
reliability of current deterioration models in predicting the long-term bridge performance is still in doubt due to 
some fundamental shortcomings. They are elaborated below.  
 
The long-term bridge performance is predicted based on historical condition ratings obtained from visual bridge 
inspections. Commercial BMS software has only been in use for 20 years and even those bridge agencies which 
implemented BMSs from an early stage, have only about 7 to 9 inspection records per bridge. Although most 
bridge authorities have previously conducted inspections, these past inspection records are incompatible with 
what are required by a typical BMS as input. Such incompatibility is one of the causes for the deficiency of 
current BMS outcomes. 
 



 

Bridge deterioration is a stochastic process and is affected by such factors as bridge age, environmental and 
climatic conditions, changing traffic patterns due to steadily increasing traffic volumes as a result of population 
and economic growths. In addition, variable, extreme and unpredictable weather that the world is currently 
experiencing as well as floods, cyclones, heavy rain and humidity, different annual temperature profiles etc. are 
also important factors. However, these factors are not usually captured in current bridge inspection routines. 
Because of this a limited bridge condition rating records, it is very difficult to use typical 
probabilistic/stochastic-based deterioration models to accurately predict future condition ratings. This limitation 
has been well recognised but not yet adequately addressed (Agrawal et al. 2010; DeStefano and Grivas 1998; 
Madanat et al. 1997; Morcous 2000). 
 
In order to achieve reliable long-term performances of bridge elements based on limited BMS condition ratings 
(Level-2 or element-level inspection records), an integrated deterioration method has been developed to predict 
long-term performance of bridge elements for various situations in terms of the quantity and distribution of 
available condition rating data. This method employs a categorisation and selection process in conjunction with 
the Backward Prediction Model (BPM) as well as the time-based and state-based models (Bu et al. 2012, 2013). 
To check the accuracy of the proposed integrated method, a series of case studies are carried out based on the 
U.S. National Bridge Inventory (NBI) dataset. The selected NBI dataset is used to demonstrate the capabilities 
of the time-based model and state-based model incorporating the Elman Neural Network (ENN). The predicted 
outcomes of the time-based model and state-based model with ENN are validated by the backward and forward 
validations. The validated outcomes also demonstrate that the time-based model provides more accurate 
prediction outcomes than the state-based model. This is further confirmed that the time-based model can be 
designed as a priority in the proposed integrated method when the available inspection records are sufficient.  
 
THE INTEGRATED DETERIORATION METHOD  
 
The BMS condition ratings are presented as Overall Condition Ratings (OCRs) using the level-2 inspection 
records. Four Condition States (i.e. CS1 presents “good” condition rating, CS2 presents “fair”, CS3 and CS4 
present “poor” and “very poor”) are used to represent the OCRs 100 to 20% (Bu et al. 2012). On the other hand, 
the Condition Ratings (CRs) obtained from the NBI dataset are scaled from 0 to 9 for bridge components (e.g. 
CR0 represents a “failed” condition rating and CR9 represent as an “excellent” condition rating). To satisfy the 
requirements of the proposed method, the NBI data need to be calibrated into the percentage scale (e.g. CR9 = 
100%, CR8 = 90%, and CR0 = 10%).  
 
National Bridge Inventory (NBI) Dataset 
 
The sample inspection data obtained from the NBI database are used by the proposed method to predict future 
condition ratings, and the predicted outcomes are then used to validate the prediction accuracy by the cross-
validation method. The NBI condition ratings obtained from three major bridge structural components - the deck, 
the superstructure and the substructure. Table 1 presents a total of 156 inspection records (for bridge 
superstructures) are selected from 13 bridges within the construction era of 1981-2000 from the New York City 
(i.e. one bridge network). The bridge ID, the construction year and the number of available inspection data are 
summarised in the table. Note that these selected bridges are assumed to have done nothing.  
 

Table 1. Selected NBI dataset information 

Bridge ID Construction year No. of data (before filtering) No. of data (after filtering)
10xx120 1994 13 (1999-2011) 12  
10xx030 1995 11 (2001-2011) 11 
10xx970 1994 13 (1999-2011) 13  
10xx570 1988 13 (1999-2011) 11  
10xx350 1995 11 (2001-2011) 10  
10xx510 1996 12 (2000-2011) 12  
10xxx70 1989 19 (1992-2011) 15  
10xx690 1985 11 (2001-2011) 9  
10xx090 1992 10 (2002-2011) 10  
10xx380 1991 19 (1993-2011) 19  
10xx131 1987 19 (1992-2011) 12  
10xx770 1985 19 (1992-2011) 13  
10xx520 1990 11 (2001-2011) 9  

 



 

The data distribution of the above-selected NBI dataset is within the CR9 to CR6. It should be noted that the 
four different condition states (i.e. CR9, CR8, CR7 and CR6) obtained from the NBI dataset are employed in 
this study to replace the four different condition states (i.e. CS1, CS2, CS3 and CS4) of the BMS dataset.  
 
Selection Process 
 
A selection process incorporating the BPM (Lee et al. 2008) is developed in the proposed method to identify the 
status of the given inspection records, and then automatically select an appropriate deterioration model (i.e. 
state- or time-based) (Bu et al. 2013). The condition ratings of selected bridges change from CR9 to CR6, and in 
turn give two Transition Events (TE), viz TE (8, 7) and TE (7, 6). Note that these two TEs have been assumed to 
satisfy the requirements of the time-based model in the proposed method. In addition, the BPM is employed to 
generate missing historical data when the input data is insufficient.  
 
On the other hand, the selected NBI dataset has been filtered to satisfy the requirements of running the state-
based model. Note that two selected input datasets have been filtered, e.g. Case 1 is filtered to conduct the cross-
validation and then compared with the outcomes of the time-based model to demonstrate that the time-based 
model is more accurate than the state-based model. Case 2 is filtered to carry out a supplemental validation. 
 
Time-Based Model 
 
Time-based model employs a probability density function of time, referring to the state duration time required 
for each bridge component to deteriorate from an initial condition state to its next lower state (Bu et al. 2012). 
Kaplan and Meier (K-M) method is used to estimate the non-parametric reliability function with respect to the 
cumulative transition probabilities and the corresponding transition times and events (DeStefano and Grivas 
1998). According to DeStefano and Grivas (1998), the equations for calculating the reliability of a bridge 
component and estimating the cumulative transition probabilities take the form 
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xtR = estimated reliability of a bridge component at time tx (years); rx = reversed rank order of  all time 

values observed within the sample interval; TP(tx) = cumulative transition probabilities for all x = 1, 2, 3,….yth 
sample observations in ascending time order; R0 = 1 at t = 0.  
 
State-Based Model 
 
State-based model predicts long-term bridge performances using transition probabilities obtained from the 
difference between the two condition states at a given discrete time interval (Bu et al. 2012). Also as part of the 
proposed integrated method, the Elman Neural Network (ENN) technique is used in place of the standard 
regression process to generate the performance curves of the bridge components based on the given NBI dataset 
(Bu et al. 2013). The transition probability can be generated using Equation (3) below by minimising the 
difference between the average condition rating A(t) from the ENN and the estimated condition ratings E(t) by 
the Markov chain method (Jiang et al. 1989). Thus  
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where N = the number of years in one age group; U = the number of unknown probabilities; A(t) = the condition 
ratings at time t, generated by the ENN; E(t) = the condition ratings at time t, estimated by the Markov chain 
method, in which 
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where Q(0) is initial state vector; Pt is transition probability matrix P to the power of t; R’ is the transpose of a 
vector of condition ratings R. 
 



 

The major components and procedures of the integrated method are summarised in Figure 1. The figure includes 
the NBI data filtering, a selection process, and the prediction procedures of the time-based and state-based 
models.  
 

 
Figure 1. Process of the proposed integrated method 

 
TRANSITION PROBABILITIES (TP) 
 

Generating TP Using the Time-Based Model 
 
The selected NBI dataset can be used to generate the transition probabilities for the TE (8, 7) and TE (7, 6). 
Using the K-M method, the generated probability distribution functions for the two TEs are presented in Figure 
2(a) and (b), respectively. Using these functions, the transition probabilities can then be readily generated. Table 
2(a) and (b) present the transition probabilities for the two TEs, respectively. For example, 100% of the NBI 
condition rating will remain in CR8 at year one; at year two, 90.7% of the NBI condition rating will remain in 
CR8 and 9.3% will transfer to the next CR7. For year ten, 0% of the condition rating stays in CR8, which means 
100% transfers into the lower CR7. After this, the condition rating starts to transfer from CR7 to CR6 according 
to the transition probabilities in Table 2(b).  

(a) Condition rating 8 to 7 transition (b) Condition rating 7 to 6 transition 
Figure 2. Probability distribution functions  
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Table 2. Transition probability tables  
(a) Condition ratings 8 to 7 (Refer to Figure 2(a)) (b) Condition ratings 7 to 6 (Refer to Figure 2(b)) 

Year P9 P8 P7 P6 
1 0.000 1.000 1.000 1.000 
2 0.000 0.907 1.000 1.000 
3 0.000 0.785 1.000 1.000 
4 0.000 0.663 1.000 1.000 
5 0.000 0.542 1.000 1.000 
6 0.000 0.420 1.000 1.000 
7 0.000 0.298 1.000 1.000 
8 0.000 0.176 1.000 1.000 
9 0.000 0.055 1.000 1.000 

10 0.000 0.000 1.000 1.000 
 

Year P9 P8 P7 P6 

1 0.000 0.000 1.000 1.000 
2 0.000 0.000 0.949 1.000 
3 0.000 0.000 0.878 1.000 
4 0.000 0.000 0.806 1.000 
5 0.000 0.000 0.735 1.000 
6 0.000 0.000 0.663 1.000 
7 0.000 0.000 0.592 1.000 
8 0.000 0.000 0.520 1.000 
9 0.000 0.000 0.449 1.000 

10 0.000 0.000 0.378 1.000 
11 0.000 0.000 0.306 1.000 
12 0.000 0.000 0.235 1.000 
13 0.000 0.000 0.163 1.000 
14 0.000 0.000 0.092 1.000 
15 0.000 0.000 0.020 1.000 
16 0.000 0.000 0.000 1.000 

 
Generating TP Using the State-Based Model 
 
Figure 3 presents the ENN-predicted performance curves for two different cases (Case 1 and Case 2). Note that 
Case 1 is mainly used to compare the validation outcomes with those resulting from the time-based model. Case 
2 is to demonstrate the prediction accuracy though both the backward and forward validations. The 
corresponding transition probabilities generated using Eq. 3 is given in Table 3. For example, for Case 1 with 
age group 10-15, 90.3% condition ratings will remain in CR8 and 9.7% will transfer to the next CR7 over a one-
year period.  

(a) Case 1 (b) Case 2 
Figure 3. Elman Neural Network (ENN) Predictions 

 
Table 3. Transition probabilities 

(a) Case 1 (b) Case 2 
Ages P(9) P(8) P(7) P(6) 

(10-15) 0.000 0.903 0.921 1.000 
(15-20) 0.000 0.897 0.774 1.000 
(21-25) 0.000 0.805 0.759 1.000 
(26-30) 0.000 0.805 0.759 1.000 

 

Ages P(9) P(8) P(7) P(6) 
(4-9) 0.829 0.924 0.995 1.000 

(10-14) 0.876 0.820 0.761 1.000 
(15-19) 0.871 0.811 0.701 1.000 
(20-24) 0.814 0.778 0.713 1.000 
(25-29) 0.814 0.778 0.713 1.000 

 
The transition probabilities obtained from the time-based and state-based models are used to predict the 
condition ratings of bridge components and then compared to the predicted condition ratings with the actual 
NBI condition ratings to validate the prediction accuracy of the proposed method. 
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THE BACKWARD AND FORWARD VALIDATIONS 
 
The backward validation is to compare the actual NBI data with the generated condition ratings obtained by 
extending the best fitting curve in the time-based and state-based models. The forward validation is to compare 
the predicted future condition ratings with the actual NBI data. One benchmark example (Bridge ID10xx570) is 
presented herein to demonstrate the detailed validation processes in the time-based model and state-based model 
with Cases 1 and 2.  
 
The Backward Validation 
 
Table 4 presents the relevant information of Bridge ID10xx570, which includes the input data for generating 
transition probabilities, the best fitting curve inputs, the generated condition ratings and the outcomes of 
backward validations for both the time-based and state-based models. The input data for the time-based and 
state-based models to generate the transition probabilities are different because two models have different input 
data requirements. The time-based model requires the given data to have frequent inspection of condition ratings 
over a long observation period within the bridge service life, while the state-based model has fewer constraints 
and only requires a suitable number of inspection records. As shown in Table 4, two different input datasets 
(years 1999 to 2009 for the time-based model and years 2003 to 2008 for the state-based model with Case 1) are 
used to generate the transition probabilities. The generated transition probabilities then can be used to predict the 
condition ratings from years 2003 to 2011, which in turn generate the best fitting curves for both the time-based 
and state-based models. Eventually, extend the best fitting curves to obtain the two condition ratings at years 
1999 and 2002, and then compared to the actual NBI data for the same years. The outcomes of the backward 
validation show that the percentage of differences between the predicted and the actual condition ratings are 0.0% 
at year 1999, 0.1% at year 2002 for the time-based model, 5.4% at year 1999, and 0.6% at year 2002 for the 
state-based model. Figure 4 also illustrates that the two condition ratings generated (red triangle dots) in the 
time-based model are very close to the actual NBI data (green diamond dots). On the other hand, the state-based 
model with Case 1 produces less accurate comparisons between the generated condition ratings and the actual 
NBI data (see Figure 5). 
 

Table 4. The Backward validation (Bridge ID 10xx570) 

Bridge ID 10xx570 
Construction year 1988 
Inspection year 99 02 03 04 05 06 07 08 09 10 11 
Actual NBI data 9 8 7 7 7 7 7 7 6 6 6 
*TP input (time)    
*TP input (state)      
Best fitting curve input (time)   7.8 7.5 7.3 7.0 6.8 6.6 6.4 6.2 6.1 
Best fitting curve  input (state)   7.9 7.8 7.7 7.5 7.4 7.3 7.1 7.0 6.9 
Generated data (time) 9.0 8.1          
Generated data (state) 8.5 8.1          
Backward validation (time) (%) 0.0 0.1          
Backward validation (state) (%) 5.4 0.6          
*TP = Transition probability 
 

 
Figure 4. The Backward validation  

(time-based model) 
Figure 5. The Backward validation  

(state-based model with Case 1) 
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The Forward Validation 
 
Table 5 presents the relevant information for the forward validation. It includes the input data, the future 
predictions and the forward validation outcomes for both the time-based and state-based models. The forward 
prediction is conducted using the initial year’s data (year 2008) multiply by the transition probabilities (Table 2 
and 3). The predicted condition ratings for years 2009, 2010 and 2011 are eventually compared with the actual 
NBI data at same years to validate the accuracy of the predictions. The outcomes of the forward validation show 
that the percentage of differences between the predicted and the actual NBI data are 5.9%, 3.1% and 1.4% at 
years 2009, 2010 and 2011 for the time-based model, respectively, 7.6%, 5.8% and 4.4% at the same years for 
the state-based model, respectively. The validation outcomes also demonstrate that the time-based model 
provides more accurate prediction outcomes than the state-based model. The same comparison results are also 
demonstrated in Figure 6 and Figure 7. Although both the time-based model and state-based model with Case 1 
produce very close condition ratings to the actual NBI data, the former is again more accurate. 
 

Table 5. The Forward validation (Bridge ID 10xx570) 

Bridge ID 10xx570 
Construction year 1988 
Inspection year 99 02 03 04 05 06 07 08 09 10 11 
Actual NBI data 9 8 7 7 7 7 7 7 6 6 6 
*TP input (time)            
*TP input (state)            
Input data (time)        7.0    
Input data (state)        7.0    
Future prediction (time)         6.6 6.3 6.1 
Future prediction (state)         6.8 6.6 6.4 
Forward validation (time) (%)         5.9 3.1 1.4 
Forward validation (state) (%)         7.6 5.8 4.4 
*TP = Transition probability 
 

Figure 6. The Forward validation  
(time-based model) 

Figure 7. The Forward validation  
(state-based model with Case 1) 

 
Validation with Case 2 
 
Although the particular bridge ID10xx570 can be validated by both the backward and forward validations, other 
bridges are unable to be validated by both the backward and forward validations. As mentioned in Section 
“Generating TP Using the State-Based Model”, the main purpose of the state-based with Case 1 is to compare 
the validation outcomes with those resulted from the time-based model. The state-based with Case 2 in here is 
employed to perform the additional validations (e.g. if only the backward validation can be performed by the 
time-base model and state-based model with Case1, then Case 2 is used to generate the forward validation, vice 
versa). Furthermore, Case 2 is also used to demonstrate that the state-based model is able to conduct both the 
backward and forward validations for the most of bridges. 
 
Table 6 presents the necessary information for both the backward and forward validations using the state-based 
model with Case 2. The input data for the state-based model with Case 2 are from years 2004 to 2006, the 
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predicted condition ratings from years 2007 to 2011 are used to perform the forward validation, and the 
generated condition ratings from years 1999 to 2003 are used to conduct the backward validation. The outcomes 
of both the backward and forward validations show that percentage of differences for the backward validation 
are 5.2%, 5.7% and 1.5% for years 1999, 2002 and 2003, respectively, and the values for the forward validation 
are 3.0%, 5.0%, 3.6%, 2.5% and 1.8% for years 2007 to 2011, respectively. Generally, if the prediction 
differences for the validation outcomes are within 10%, then this is considered satisfactory. This in turn 
demonstrates the proposed integrated method can provide accuracy prediction outcomes. Figure 8 also 
demonstrates that the three generated condition ratings (red triangle dots) in the past and five predicted 
condition ratings (red triangle dots) for the future are reasonably close to the actual NBI data (green diamond 
dots).  
 

Table 6. The Backward and forward validation for Case 2 (Bridge ID 10xx570) 

Bridge ID 10xx570 
Construction year 1988 
Inspection year 99 02 03 04 05 06 07 08 09 10 11 
Real NBI data 9 8 7 7 7 7 7 7 6 6 6 
*TP input (state)            
Input data (state)      7.0      
Future prediction (state)       6.7 6.5 6.4 6.3 6.2
Regression best fit input (state)    6.9 6.7 6.5 6.3 6.3 6.2 6.1 6.1
Generated data (state) 8.5 7.4 7.2         
Backward and forward validation (%) 5.2 5.7 1.5    3.0 5.0 3.6 2.5 1.8

*TP = Transition probability 
 

 
Figure 8. The Backward and forward validations (state-based model with Case 2) 

 
Validation Outcomes  
 
A total of 13 bridges have been validated by comparing the predicted condition ratings and the actual NBI data. 
Amongst these 13 bridges, seven bridges are available to be validated by the backward validation, five bridges 
are able to be validated by the forward validation and one bridge is able to be validated by both the backward 
and forward validations using the time-based model and state-based model with Case 1. The validation 
outcomes are summarised in Table 7. It includes the prediction outcomes and validation differences for both the 
time-based and state-based models. As evident, the prediction differences for both the backward and forward 
validation outcomes are all within 10%. This is considered satisfactory.  
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Table 7. Validation outcomes for both time-based and state-based models (Case 1) 

Bridge ID Validation Year Age 
NBI data 

(grade 0-9)

Time-
based 

prediction

Difference 
(%) 

State-based 
prediction (Case 

1) 

Difference 
(%) 

10xx120 Backward  1999 5 9 9.00 0.00 8.54 4.61 
  2001 7 9 8.96 0.44 8.33 6.68 
  2002 8 9 8.57 4.25 8.23 7.72 
  2003 9 8 8.23 2.34 8.12 1.25 

10xx030 Backward 2001 6 9 8.59 4.12 8.40 6.01 
  2002 7 8 8.24 2.40 8.30 3.01 
  2003 8 8 7.91 0.93 8.20 2.03 
  2004 9 8 7.71 2.88 8.10 1.05 

10xx970 Backward 1999 5 9 9.00 0.00 8.67 3.29 
  2000 6 9 9.00 0.00 8.56 4.36 
  2001 7 9 9.00 0.00 8.46 5.44 
  2002 8 9 9.00 0.00 8.35 6.51 
  2003 9 9 8.89 1.09 8.24 7.59 
  2004 10 9 8.54 4.64 8.13 8.67 
  2005 11 8 8.22 2.15 8.03 0.26 

10xx570 Backward 1999 11 9 9.00 0.00 8.46 5.44 
  2002 14 8 8.10 0.10 8.06 0.59 
 Forward 2009 21 6 6.59 5.92 6.76 7.59 
  2010 22 6 6.31 3.08 6.58 5.76 
  2011 23 6 6.14 1.38 6.44 4.38 

10xx350 Backward 2001 6 9 9.00 0.00 8.40 6.01 
  2003 8 8 8.25 2.53 8.20 2.03 
  2004 9 8 7.91 0.93 8.10 1.05 

10xx510 Backward 2000 4 9 9.00 0.00 8.54 4.57 
  2001 5 9 9.00 0.00 8.45 5.49 
  2002 6 9 9.00 0.00 8.36 6.40 
  2003 7 9 8.89 1.09 8.27 7.32 
  2004 8 9 8.54 4.64 8.18 8.24 
  2005 9 8 8.22 2.15 8.08 0.84 

10xxx70 Backward 2010 21 6 6.09 0.92 6.76 7.59 
  2011 22 6 6.00 0.02 6.58 5.76 

10xx690 Forward 2010 25 6 6.52 5.20 6.76 7.59 
  2011 26 6 6.23 2.34 6.58 5.76 

10xx090 Backward 2002 10 9 8.42 5.84 8.15 8.47 
  2003 11 8 8.16 1.55 8.04 0.40 

10xx380 Forward 2011 20 6 6.38 3.78 6.77 7.74 
10xx131 Forward 2010 23 6 6.01 0.06 6.26 2.62 

  2011 24 6 6.00 0.01 6.20 1.99 
10xx770 Forward 2011 26 6 6.00 0.00 6.76 7.59 
10xx520 Forward 2011 21 6 6.81 8.06 6.76 7.59 

 
In order to achieve a completely validation process, a further validation is required in this study. Therefore, the 
state-based model with Case 2 has been produced. Total of six bridges can be validated by the forward 
validation and remains are validated by both the backward and forward validations. Again all the prediction 
differences for both the backward and forward validation outcomes are within 10%. This further validates the 
accuracy of the state-based model incorporating ENN. 
 
DISCUSSION AND CONCLUSION 
 
This study presents an integrated deterioration method using the selected NBI dataset to predict condition 
ratings for the bridge superstructure. The predicted outcomes are validated by the cross-validation method (i.e. 
backward and forward validations). The proposed method employs a data filtering and selection process in 
conjunction with the Backward Prediction Model (BPM) as well as the time-based and state-based models. The 
time-based model employs the Kaplan and Meier method to estimate the cumulative transition probabilities with 
respect to the transition times and the corresponding transition events. The state-based model generates the 
transition probabilities by minimising the differences between the ENN generated condition ratings and the 
expected condition ratings by the Markov chain method. In this study, the main purpose is to demonstrate the 



 

capabilities of the time-based model and state-based model with ENN in the proposed method. A selected NBI 
dataset is used as input for the proposed method to investigate the effectiveness of the time-based model and 
state-based model with ENN. The time-based and state-based models using the selected NBI data as input to 
generate the transition probabilities and then predict condition ratings. The predicted outcomes validated by 
comparing with the actual NBI data. As a result, the prediction differences for both the time-based and state-
based models are all within 10% which is considered as satisfactory. Furthermore, the validation outcomes also 
demonstrate that the time-based model can provide more accurate prediction outcomes than the state-based 
model when the sufficient inspection records are given.  
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