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Abstract: The Cutty Sark is undergoing major conservation to slow down the 

deterioration of the original Victorian fabric of the ship. While the conservation work 

being carried out is “state of the art”, there is no evidence at present of the effectiveness of 

the conservation work 50 plus years ahead. A Prognostics Framework is being developed 

to monitor the “health” of the ship’s iron structures to help ensure a 50 year life once 

conservation is completed with only minor deterioration taking place over time. The 

framework encompasses four approaches: Canary and Parrot devices, Physics-of-Failure 

(PoF) models, Precursor Monitoring and Data Trend Analysis and Bayesian Networks. 

Bayesian network models are used to update remaining life predictions from PoF models 

with information from precursor monitoring. This paper presents the prognostics 

framework with focus on the Bayesian network approach used to improve remaining life 

predictions of Cutty Sark iron structures.  

Keywords: Prognostics, heritage structures, Bayesian networks, maintenance, Physics-of-

Failure 

1.    Introduction 

A prognostics framework is currently being developed to aid in maintenance decisions of 

the Cutty Sark. The Cutty Sark is a composite-built 140 years old vessel with a wrought 

iron frame skeleton and teak and rock elm strakes fastened to it. Conservation work is 

currently being carried as a result of extensive deterioration of the wrought iron frames 

and timber planking as reported by Campbell [1]. The main cause of damage of the 

wrought iron framework is corrosion with various forms of corrosion prevalent in 

different structures of Cutty Sark. The conservation aims to minimise the potential for 

degradation by removing some agents of deterioration. The strategy is to ensure that 

dissimilar metals and materials are not in contact and to use surface coatings which should 

form a barrier between the iron and agents of deterioration. 
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Figure 1: The Cutty Sark ship (a) and examples of excessive material loss in iron components 

(b) and rust build-up at wood-iron interfaces (c) due to corrosion 

     Figure 1 shows the composite built vessel (a) and illustrates examples of severe 

corrosion and material deterioration (b and c) that are presented in the original fabric of 

the ship. Using intrusive measurement techniques for monitoring corrosion rates have 

high risk of damage to the Victorian fabric of the Cutty Sark structure. Information on 

corrosion models for prediction of corrosion rates with respect to different influencing 

factors such as relative humidity, temperature, time of wetness, surface area, chloride 

concentration and other contaminants, is scarce. Straub reports that to build physical 

models of corrosion processes, one would require knowledge for the concentration of 

oxygen in the environment, the diffusion coefficient in the corrosion products and many 

other factors which are not generally available [2]. Additionally, purely empirical models 

have little value as the extrapolation of the models outside the calibration range is not 

possible. Uncertainties in quantitative corrosion models are quite high with little 

understanding of the factors causing these uncertainties and to what extent.  

In this paper, we present a prognostics framework which aims to predict the “health” of 

Cutty Sark iron structure with focus on the Bayesian Network models being built within 

the framework. The framework brings together three different methodologies which 

provide diagnostic and prognostics capabilities, taking into account the various challenges 

of predicting damage due to corrosion for the iron structures. The first methodology is 

based on the Physic-of-Failure approach where the physical/empirical model best-fit to 

predict the future state of a structure is used. A temporal model is used to predict the 

corrosion depth at a specific point in time and the evolution of corrosion penetration with 

time. The second methodology is a data-driven approach which aims of analysing data 

from sensors monitoring precursors to failure for the iron structures. The third 

methodology involves the use of Bayesian Network models. These models help to provide 

more accurate predictions of the “health” of the iron structures using information 

processed from the first two methodologies.   

     This paper is organised as follows. In section 2, the prognostics framework being 

developed is presented with an overview of the methods integrated within. Section 3 

describes how Bayesian Networks are being used as a fusion method for prognostics 

within the framework. A demonstrator example of the prognostics framework is shown in 

section 4 followed by the conclusions in section 5. 
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2.     Prognostics Framework for Cutty Sark Iron Structures 

Prognostics and health management (PHM) is the process of determining the current state 

of a system in terms of reliability and predicting its future state. Diagnostics refers to the 

detection and isolation of faults or failure and prognostics refers to the process of 

predicting the future state of the system based on its current and historic conditions [3]. 

The PHM approach to determining the current and future “health” of a system takes into 

consideration the environmental and operating conditions and lifecycle loads which that 

system is subjected to. The PHM approach aims to incorporate information of the 

environmental and application conditions of a system with the physics-of-failure models if 

available to give a more accurate prediction of the state of that system than traditional 

reliability methods do. 

Over the last 140 years, the iron structures of Cutty Sark have experienced a variety of 

environmental and operational conditions which have been sparsely documented. Little 

information is available on any maintenance work which has been carried out on the iron 

structures over that period of time. Iron structures of Cutty Sark are made of wrought iron. 

To the authors’ knowledge, no comprehensive study has been carried out on the corrosion 

of wrought iron and there is little data in the public domain on this matter. Therefore, a 

key challenge in this work was to develop a predictive framework capable of 

accommodating the initial lack of sufficient information and knowledge regarding the 

corrosion processes on Cutty Sark and handling the existing data uncertainty. 

In this research, methods from four different categories of PHM methodologies have been 

integrated to make the prognostics framework for Cutty Sark iron structures as shown in 

Figure 2: Canary and Parrot Devices, Physics-of-Failure (PoF), Precursor Monitoring and 

Data Trend Analysis, and Data-Driven Methods. The following four subsections describe 

briefly why and how methods from these four different categories have been brought 

together in this framework. 
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Figure 2: Integrated Prognostics Framework for Cutty Sark 

2.1   Canary and Parrot Devices for Cutty Sark 

Canary devices are used to provide advance warning of failures. This approach is 

described in [4] where canary devices are accelerated devices which will fail before the 

real system fails thus giving warning ahead of failure. The prognostics framework being 

developed here adopts a similar approach. As most of the iron structures within Cutty 

Sark have great historical value, intrusive measurement methods cannot be used for 

monitoring of “health” parameters for fear of damaging those structures. The canary 

devices replicate the actual iron structures on Cutty Sark but in much smaller dimensions 

with the aim of accelerating the impact of the factors which cause failure based on the 
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same failure mechanisms as those presented in the actual structures. The canary devices 

are also treated, e.g., soaked in chlorine concentration solution for a certain period of time, 

and/or placed in harsher environments in order to accelerate the failure.  

Parrot devices are similar to the canary devices except that they do not undergo special 

treatment and/or placed in harsher environments. Parrot devices aim to represent the 

actual structure of the Cutty Sark with the same failure rate and failure mechanisms. The 

dimensions of the parrot devices in general are slightly bigger compared with their 

respective canary devices to ensure smaller area-to-volume ratio and hence less relative 

corrosion penetration. Some of the canary and parrot devices will be designed with 

coatings as the one to be used on Cutty Sark. The objective is to have an indication of the 

failure of the coatings and of the short and long term consequences for the ship. Canary 

and parrot devices are described in more detail in [5]. Trials on the canary and parrot 

devices are currently being commissioned on HMS Warrior for one year. Results from 

these trials, will enable us to assess the degradation levels of the canary and parrot devices 

over time which will be used to calibrate the canary and parrot devices for the Cutty Sark 

ship once the conservation programme is completed. The parrot devices will in turn be 

calibrated to the actual failure levels of the iron structures. 

2.2   Predicting Corrosion Rate of Iron Structures using Physics-of-Failure (PoF) 

Models 

Physics-of-Failure methodology is based on the principles that failures result from 

fundamental mechanical, chemical, electrical, thermal and radiation processes. PoF 

models calculate accumulated damage due to various failure mechanisms and then analyse 

this information to give predictions of the remaining life of the system. Cutty Sark iron 

structures have experienced various types of corrosion over a long period of time 

throughout different locations within the ship. A good PoF model for the iron structures 

would incorporate all of the environmental and operational loads identified as influencing 

factors causing corrosion (e.g., environmental loads, relative humidity, temperature, 

chloride ions concentrations, material properties and geometry). Very few comprehensive 

studies on corrosion rate of iron have been conducted to date which can provide enough 

information to develop such models [2]. As a starting point, the “Linear Bilogarithmic 

Law” for atmospheric corrosion is adopted in this work as the corrosion PoF model [6]. It 

represents corrosion rate as a function of time based on the understanding that the build-

up of corrosion products tends to reduce the corrosion over time. The model is shown in 

equation (1). 

P = At
B 

                                                       (1) 

where P is corrosion penetration, t is exposure time, A is corrosion rate during the first 

year of measurement and B is a constant representing a measure of long term decrease in 

corrosion rate. The implementation of this model for prognostics purposes is discussed in 

further details in reference [5]. 

2.3   Precursor Monitoring: Detecting Anomalies using Mahalanobis Distance  

A precursor is a performance parameter which is a measurable variable of which 

significant changes can be associated with a forthcoming failure. When predicting 

remaining life using PoF models, we must account for the high level of uncertainties 

usually associated with such predictions due to the likely inaccuracy of the model itself 

and because of the varying environmental conditions which the model might not have 

incorporated. Corrosion prediction models have high degree of uncertainties due to lack of 

understanding of the various complex processes taking place in a corrosion process. 
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Precursor monitoring is a very important tool for detecting any changes of corrosion rates 

and determining the current “health” of the Cutty Sark iron structures.  In this project, the 

following performance parameters are being monitored: weight change, dimension change 

and electrical resistance change in order to detect changes in corrosion rate..  

Mahalanobis Distance (MD) is being used as the anomaly detection algorithm for the 

prognostics framework being developed. MD measures distances in multi-dimensional 

spaces by considering correlations among parameters with the distance being sensitive to 

the correlation matrix of the healthy group [3]. Training data from the three performance 

parameters identified earlier is collected over the first year while the iron structure is 

assumed to be “healthy”. The three performance parameter readings are standardized and 

the MD values are calculated for the normal group. These MD values define the 

Mahalanobis space which is then used as the reference set for the MD measurement scale. 

Mahalanobis distance analysis is carried out for both canary and parrot devices using 

measurement data from the three performance parameters on a predetermined schedule 

using equation (2):  

                                )()( 12 mxCmxD T
−−=

−      (2) 

where D2 is the square of Mahalanobis distance, x is the data from sensors for observed 

parameters, m is a vector of mean values of the independent variables from the training set 

and C
-1

 is the inverse covariance matrix of independent variables from the training set. 

Further details of the process and results can be found in reference [5]. 

2.4   Predicting the “health” of Cutty Sark Iron Structures using Bayesian Network 

Models 

Using Physics-of-Failure models alone to predict future health of a structure is not 

sufficient as these models may fail to capture real life conditions which might not been 

accounted for but still experienced by the structure during lifetime. Physics-of-Failure 

models based on failure mechanisms due to corrosion usually contain a high degree of 

uncertainty due to the lack of understanding of the complex processes involved in the 

corrosion of iron structures. The precursor monitoring approach delivers reliable results of 

anomaly detection when good training data is available but while Mahalanobis distance 

performs well in detecting anomalies, it doesn’t provide any prediction capabilities. 

Bayesian Network models are being developed with the aim of integrating predictions of 

remaining life of a structure (e.g., obtained from PoF models) with anomaly detection 

warning from precursor monitoring to provide more accurate predictions. A Bayesian 

network is a probabilistic graphical model that represents a set of variables and their 

probabilistic independencies and it is usually used to represent the probabilistic 

relationships between cause and effect. Section 3 details the use of Bayesian Network 

models within the prognostics framework and in particular the development of the 

structure of the models being integrated, the populating of the conditional probability 

tables and the reasoning on new evidence to obtain predictions of remaining life of the 

iron structures.  

3.   Bayesian Networks 

A Bayesian network is a probabilistic graphical model that represents a set of variables 

and their probabilistic independencies and it is based on an approach of probability theory 

by Thomas Bayes [7]. A Bayesian network is a data-driven method usually used to 

represent the probabilistic relationships between cause and effect. Nodes in the network 

represent the various entities of the system defined over all its possible states. The links in 
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the network between entities indicate the causality between these variables and are 

expressed as probabilistic dependencies which are quantified through a set of conditional 

probability tables (CPTs) [7]. A Bayesian network is being developed to achieve a 

coherent integration of all sources of information which are relevant for the diagnostics 

and prognostics activities. Bayesian networks operate by propagating beliefs using Bayes’ 

Rule from equation (3) through the network once some evidence about the existence of 

certain entities can be asserted. When evidence of an entity is confirmed, this belief is 

propagated upwards in the network by calculating posterior probabilities of the evidence 

of all other entities connected to the confirmed entity. Thus, the current belief in the 

evidence of all the entities in the network can be computed, given knowledge of the 

evidence of a few of the entities and the relationships between them.           

  

                                      )(

)()|(
)|(
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APABP
BAP =

                                       (3)

 

where in our case A and B are probabilistic variables in the Bayesian graphical model. 

3.1   Developing the Structure of the Bayesian Network Models for Cutty Sark Iron 

Structures 

Information required to build a Bayesian Network model can be broken into two parts: (1) 

the structure which is defined using knowledge of the system and the diagnostics and 

prognostic observations that can be made and (2) the parameters which are defined from 

the data being collected from laboratory experiment and field use. Different sources of 

information are acquired and monitored within this prognostics framework including 

environmental conditions (e.g., temperature, relative humidity), operational loads (e.g., 

footfall) and observations of the structure health (e.g., through visual inspection). This 

information is being processed using PoF models and anomaly detection algorithms to 

give diagnostics and prognostics results. The Bayesian Network models are organised in a 

layered structure with the top layer representing the causes of failure, the middle layer 

representing the diagnosis and prognosis observations and the bottom layer representing 

usage and health observations with the nodes in the different layers are connected by 

causal links. This approach is similar to that described in [8]. Bayesian networks have the 

ability to link different types of information whether it is coming from empirical or 

physical models into a single probabilistic graphical model.  

Figure 3 shows a Bayesian network model for Cutty Sark iron structures. Remaining life 

predictions from PoF models for canary (C_PoF_Prediction) and parrot 

(P_PoF_Prediction) devices provide input for the top layer nodes representing the causes 

of failure. The bottom layer nodes represent the anomaly detection results for canary 

(C_MD_Value) and parrot (P_MD_Value) devices using Mahalanobis Distance 

algorithms, thus representing the effects of failure as well as usage and health 

observations (S_Visual_Inspection). The nodes in the middle layer represent the diagnosis 

and prognosis for the canary (Canary_Failure_Prediction) and parrot 

(Parrot_Failure_Prediction) device as well as that of the ship iron structure 

(Ship_Failure_Prediction). Two additional nodes representing time are included into the 

model to account for the point in time at which the model will be run (C_Time for the 

canary and P_Time for the parrot devices). Evidence on these two nodes will always be 

provided when reasoning using the network as such information should always be 

available. The nodes across the layers are linked together such that evidence recorded for 

one of the nodes will result in a belief updating of all the nodes connected to it. The links 

between nodes ‘C_PoF_Prediction’, ’Canary_Failure_Prediction’ and ’C_MD_Value’ 
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mean that the prediction of remaining life of the canary device using PoF models will 

affect the failure prediction of the canary device which in turn affects the MD value 

obtained from the MD analysis of failure precursors of the canary device. This model 

shows that Bayesian networks can incorporate nodes representing variables of different 

kinds.  

 

Figure 3: Bayesian Network for Diagnosis and Prognosis  

3.2   Populating the Conditional Probability Tables and Reasoning on Evidence 

A Conditional Probability Table (CPT) quantifies the probability of a variable being in a 

particular state, given the states of its parents. The probabilities can be derived by making 

observations and gathering sample data and/or deduced from knowledge of the system. 

The conditional probabilities need to be known a-priori and can be learned using 

statistical sampling techniques or supervised learning approaches. The distribution of 

predicted remaining life from the PoF models represents the factors influencing the 

remaining life prediction for the canary and parrot devices. These distributions are 

represented as conditional probability tables as in Figure 4. Variables without parents 

have an unconditional distribution defined (e.g., C_PoF_Prediction, P_PoF_Prediction, 

etc.,). For variables with parents, the probability distribution of their states will depend on 

the state in which the parent variables are. For example, the CPT for 

Ship_Visual_Inspection variable in Figure 4 depends on the state of 

Ship_Failure_Prediction variable. States of variables in this network have been described 

in either qualitative or quantitative manner as deemed best to represent the distribution of 

each variable. The CPTs for the current network have been constructed with the best 

information available which currently is drawn from a mix of expert opinion and relevant 

sets of data found in literature. As more data or knowledge becomes available, the CPTs 

will be adjusted to reflect improved learning data sets.  

     The reasoning for diagnosis and prognosis is performed in several steps. First, the 

reasoning engine reads the model information which includes the structure of the network 

as well as the CPTs for all the nodes of the network. It then loads the values for all nodes 

for which observations are available as shown in Figure 5. In a normal scenario, evidence 

for all the blue and green nodes (i.e., top and bottom layers of nodes) should be available 

and entered into the network. At present, for the static version of the Bayesian network, 

two nodes are introduced representing the point in time at which the network is being run. 

The reasoning engine then produces the new probability distributions for the remaining 

life of the canary and parrot device as well the ship structure. 
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Figure 4: Population the CPTs 

 

 

Figure 5: Reasoning on Evidence 

4.   Demonstrating Example 

An example has been set up to demonstrate the methods used within the prognostics 

framework as described in the previous sections. The dataset of corrosion rates based on 

relative humidity, temperature and time is shown graphically in Figure 6. This dataset is 
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used to test the prognostic methods used within the framework developed as shown in 

Figure 7. 

 

Figure 6: Environmental and Corrosion Data 

Corrosion Rate Predicted Corrosion Rate

Remaining Life Predicted Remaining Life
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Figure 7: Demonstrator Setup 

The prognostic methodologies are tested for a parrot device made of wrought iron 

material with the following dimensions: length L = 2 cm, width W= 1 cm, depth D= 1.2 

cm. The canary device is also made of wrought iron material and has smaller dimensions 

than the respective parrot device which provides larger area-to-volume ratio. Therefore 

the rate of relative material loss in the canary device is higher compared to the respective 

parrot device. For this demonstration, a failure in a canary or parrot device is defined as 

the corrosion penetration being more than 3% of the initial depth of the device. The 

prognostics algorithms are tested under two scenarios: 

1. Scenario 1 (Normal “healthy” conditions): Normal relative humidity and temperature 

for which the parrot device has life expectancy of 20 years while the canary device has 

a life expectancy of 5 years. 
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2. Scenario 2 (Mixed conditions): Parrot device experiences normal conditions during the 

first 8 years and harsher conditions (i.e., higher temperature and relative humidity 

compared to the normal case) afterwards resulting in 16 years life instead of the 

expected 20 years. Canary device experiences normal conditions during the first year 

and harsher conditions afterwards resulting in 4 years life instead of the expected 5 

years.  

4.1   Using Bilogarithmic Law for Atmospheric Corrosion as a Physics-of-Failure 

Model 

Bilogarithmic Law for atmospheric corrosion as discussed in section 2.2 is used as PoF 

model for this demonstration. It is used to predict the remaining life of a canary device 

(for Scenario1) and a parrot device (for Scenario1 and 2). Corrosion data for the first year 

is used to determine A and B using linear regression on equation (4). 

                                                           ln(P) = ln(A)+Bln(t)       (4) 

The predicted remaining life of the device can then be calculated using equation (5). 

                                                        t= e(ln(0.03*D)-lnA)/B                  (5) 

The predicted remaining life of the devices is updated each year by repeating the process 

above after obtaining new values for A and B. In this study, only the previous three years 

of data are used to recalculate and update the constants in the lifetime model. Figure 8 

shows the lifetime prediction of the PoF model over time and compares this with the 

expected (true) remaining life for the parrot device under normal environmental 

conditions (scenario 1).  Predictions of remaining life is considerably lower than expected 

due to the higher rates of corrosion occurring in the first few years, thus predicting a 

shorter remaining life as shown in the graph in Figure 8. Later on, as the corrosion rate 

stabilises, the predicted remaining life is very close to that expected for the parrot device.  
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Figure 8: PoF for Parrot Device (Scenario 1, normal conditions) 

 

Figure 9 shows the lifetime prediction of the PoF model over time for the parrot device 

under mixed environmental conditions (scenario 2).  The predicted remaining life changes 

its trend after 8 years. This reflects the change to harsher environmental conditions 

causing earlier failure in the parrot device and shortening the remaining life to 16 years. 

Similar analysis is also undertaken for the canary device. 
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Figure 9: PoF for Parrot Device (Scenario 2, mixed conditions) 

4.2   Using Mahalanobis Distance Analysis to Detect Anomalies 

Three precursors are monitored for both canary and parrot devices: dimension change 

rate, weight change rate and electrical resistance change rate. Mahalanobis Distance 

analysis is carried out on these three precursors. The data from the three precursors 

obtained under conditions for scenario 1 (representing normally corroded device i.e., a 

healthy system under ideal environmental conditions) over a selected period of time is 

used as training data for the parrot and canary devices respectively. A number of devices 

of each type is used to produce few different training datasets to provide an average result 

for the MD threshold value. In this case, three different parrot devices (respectively 

canary devices) are used to provide three different training datasets. A threshold MD 

value for a healthy device is then calculated from the training data sets for both canary and 

parrot devices respectively. Mahalanobis Distance analysis of precursors under different 

environmental condition can then be carried out using the identified MD threshold value. 

In this demonstration example, MD analysis is used to assess the corrosion of the devices 

assuming scenario 2 environmental conditions. 

Figure 10 shows the MD values obtained over time for the training set for the parrot 

device and the threshold MD value is 7 in this case. Due to the higher corrosion rates in 

the first few years, two different threshold values for the long term life of the parrot are 

considered. The long term threshold MD value after year 5, once the corrosion rate 

stabilizes, is the threshold value against which the long term corrosion performance of the 

parrot device is compared. The graph in figure 10 shows the MD value history over time 

for a healthy parrot device. Figure 11 shows the MD values for a parrot device under 

scenario 2 environmental conditions. As a reminder, in scenario 2, after year 8 both 

relative humidity and temperature conditions change from normal to harsh. It is evident 

from the graph that MD analysis detects anomalies in the corrosion (i..e., higher corrosion 

rates) occurring after year 8. In a similar manner, MD analysis is carried out on the canary 

devices. 
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Figure 10: MD Analysis of Training Set for Parrot Device – using normal environmental conditions 

 

 
Figure 11: MD Analysis for three different Parrot Devices under Scenario 2 

4.3   Updating Predicted Remaining Life of Iron Structures using Bayesian Network 

The predictions of the remaining life using the PoF models and the MD data over time are 

used as evidence for nodes within the Bayesian network model shown in figure 5. The 

relevant option is also selected for the nodes representing time for canary device, parrot 

device and ship structure. The reasoning engine for this Bayesian network models then 

computes the new probability distributions for (i) the canary failure, (ii) the parrot failure 

and (iii) ship iron structure failure. The graph shown in figure 12 provides a visual 

interpretation of the results from the Bayesian Network model built as detailed in section 

3. The graph shows the probability distribution of remaining life of a “healthy” iron 

structure (experiencing normal environmental conditions throughout its life) over time. As 

evident from these results, the accuracy of the prediction for the remaining life and the 

confidence in this prediction increase over time as new information and data is fed back 

into the integrated models. 

0

5

10

15

20

25

30

35

40

0 60 120 180 240

M
D

 V
al

ue

Time(months)

Dataset 1

Dataset 2

Dataset 3

MD Long Term 

Threshold Value for 

0

5

10

15

20

25

30

35

40

0 60 120 180 240

M
D

 V
al

ue

Time(months)

Training Dataset 1

Training Dataset 2

Training Dataset 3

MD Long Term 

Threshold Value for 

Parrot Device: 7 



                                        Bayesian Networks for Predicting Remaining Life                                                      511 

 

  

Year 1

Year 3

Year 5

Year 7

Year 9

Year 11
Year 13

Year 15
Year 17

Year 19

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Time, t (years)

Pr
ob

ab
ilit

y D
ist

rib
ut

io
n

Predicted Remaining 

Life  Intervals (years)

 

Figure 12: Probability Distribution from Bayesian Network for Remaining Life of “Healthy” Ship 

Iron Structure over time  

4.    Conclusion 

A prognostics framework integrating four different approaches has been presented. Using 

any of the four approaches on its own for diagnosis and/or prognosis purposes may not be 

very effective for the case of Cutty Sark due to a number of shortcomings if used alone. 

Three of the four approaches have been demonstrated. A Physics-of-Failure method for 

corrosion rate of wrought iron over time is used to predict the remaining life of the canary 

and parrot devices. Mahalanobis Distance analysis is carried out on failure precursors to 

detect anomalies on the canary and parrot devices. A Bayesian network is used as a fusion 

approach integrating the two former approaches to obtain more accurate remaining life 

predictions. Although the canary and parrot devices approach is discussed in the paper, 

work is still ongoing regarding the calibration of the results from those devices and 

linking these results to the ship’s iron structures.  

In this paper, a corrosion rate data set and environmental conditions over time are utilised 

for the purpose of the demonstration example and the illustration of the proposed 

framework. The deterioration of Cutty Sark iron structures is mainly attributed to the 

complex corrosion processes which can take place on those structures. Thus the 

prognostics framework being developed should capture the different forms of failure that 

can occur as well as make predictions of future “health” with consideration of the many 

influencing factors contributing to those failures. Bayesian network is considered as a key 

approach to bring this framework together as it can handle different types of input while 

handling uncertainty in a mathematically rigorous manner.  

Future work will focus on developing more complex and accurate PoF models. The 

current model for corrosion penetration is developed as a function of time. We aim to 

improve the model by explicitly capturing the effect of temperature, relative humidity and 

possibly other factors. Further tests on the proposed framework will be carried out once 

the data from canary and parrot device measurements from the real ship environment on 

HMS Warrior becomes available over the next 1 year.  A dynamic version of the Bayesian 

network model presented in this paper is also currently under development.  
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