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Abstract

World-wide data for the atmosphericcorrosionof steel and zinc were used to train and
test neural networks. The cross validity techniquewas employed as the criterion to stop
training. The statistical performanceof the neural network was expressedas an averageof
five training and testing results. Multiple correlation coefficients showed that the neural
network could accountfor about 70% of the variance in the corrosiondata for steel and
zinc. The testing results showed that predictions of corrosion data not included in the
original training were close to practical data. Sensitivity analysis also demonstratedthe
effectsof sulphur dioxide, chloride and exposuretime on atmosphericcorrosion in specific
environments.© 1999 ElsevierScienceLtd. All rights reserved.
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1. Introduction

The atmosphericdegradation of materials is of great importance for the
durability of structures and causes large economic costs. Unfortunately, it is
difficult to model atmospheric corrosion because of the complex interactions
betweenaffecting factors. Some workers [l-8] have expressedcorrosion damage
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and kinetic equations using multiple linear regression techniques.For example,
Haynie and Upham [2,3] modelled the effects of sulphur dioxide by this technique.
Their results showed that, for steel, there was a relation:
Y = 9.013[e°°°’6’ 502[4 768t07512000582OX1 where V is corrosiondepth of carbon
steel, SO2 is sulphur dioxide concentration, I is exposuretime and OX is total
oxidants; for zinc, V = 0.00104RH-49.4502-0.00664RH-76.5,where V is
corrosion depth of zinc, SO2 is concentrationof sulphur dioxide and RH is
relative humidity. It is still questionable,however,whether theserelationshipsare
universally valid in other environmentsthat include additional important factors
such as chloride or other interactions. Feliu et a! [1] compiled world-wide data
and used the generalequation,C=At", to describethe corrosionprocessA is the
first year corrosiondata, t is exposureyears. The linear regressiontechniquewas
used to estimateA and n in terms of affecting factors. Productsof variablessuch
as time of wetnessandsulphur dioxide concentrationwere introducedto simulate
their interaction and to improve the regressionresults. Their work obtained the
correlation coefficients for n of 0.44 and 0.62 for steel and zinc respectively.
However, the approachis still relatively arbitrary and generally too simple to
model an essentiallynon-linearproblem.

In contrast, the artificial neural network ANN method is excellent for
modelling non-linear and complex systems and can interpolate from past
experience.It can be seenas a super-regression’techniqueand tends to be fault-
tolerant. Given these features, artificial neural network may model atmospheric
corrosionprocesseswell.

Some previous applications of ANN in corrosion research[9-Ill have been
reported.Rosenand Silverman [10] applied the ANN techniquefor the prediction
of different corrosionforms from polarizationscans.The trained neuralnetwork
predicted when crevice, pitting and general corrosion were important. It could
give appropriate prediction using scans not included in the original training.
Trassatti[11] studied the crevicecorrosionof stainlesssteel andrelatedalloys in a
near neutralchloride containing environmentby neural network technique.Smets
ci’ a! [9] applied this techniquefor describing the risk of stresscorrosioncracking
SCC as function of temperature,chlorideconcentrationand oxygen content.The
network not only predicted whether SCC occurredor not, it even demarcateda
real transition region where the SCC risk gradually increased. Thus, they
considered that the neural network outperformed the traditional regression
technique.So the aim of this paper is to apply this techniqueto the phenomenon
of atmospheric corrosion.

2. Neural networks

References[12-l4] discuss the principle and application of artificial neural
network, A neuralnetwork is normally composedof processingelements’PEs,
which are arrangedin connectedlayers. The PEs combine a number of weighted
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inputs, modify the sum by a transferfunction and then send the result as output
either to anotherset of PEs or out of the network, Fig. 1.

The multilayer perceptron [15] is used in this work. The transfer function is
sigmoidal:

= 1 +e’
1

where

S1 = wjx1.

X is the output of node I in layer s, X1 is the output of node j from layer
s - 1, s, is the weightedweights w sum of the inputs to node i.

During training of the neuralnetwork, the weights are adjustedto decreasethe
total error, which is definedby:

E = - d1, 2

where y1 is the output of the network and d1 the desired responseor target
signal.

However, a lower error does not always meansa betternetwork. if a network
has too many internal degree of freedom compared to the numbersof training
points, the network ‘memorizes’ the training dataand does not generalizewell.
The best test for a network’s performanceis to apply a dataset that it has not yet

Output layer

Hidden layer

Input layer

output

Input

Fig. 1. A simplified threelayerneural network.
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beenused in the training. The test is known as crossvalidity. As a rule-of-thumb,
10% of the data from the original databaseare set aside andused as test set for
the validation. When the error in the validation set begins to increase,the training
is stopped.

The trained neuralnetwork also can analysethe effects of variables. When the
weights of the network are fixed and one of the inputs dithers changesa little,
then the effect of this inputcan be observedat the output. This providesa method
for the sensitivity analysis of input variables.

The design of the ANN topology is normally left to experimentationand tests
should be conducted before the final topology is determined. The normal
procedureis to start with a single hidden layer and few PEs and then choosethe
network which gives acceptableperformanceand training time. To evaluatethe
test result, the multiple correlation coefficient [161 R and the relative error e
are used in this study:

R=
Yk-YYk-Y

3
- 2

Yk
-

and

4

wherej is the averageof the observedcorrosiondatay, for example,measuredas
corrosiondepth,/k is the predictedvalue of the kth y; Yk is the actualvalue of the
kth y andN is the numberof y.

3. Database

The datausedto train and test the ANN reportedhere camefrom the literature
of long term exposure tests of steel and zinc. The data are compiled from 42
referenceswhich are classified in Table 1 according to the countries from which
the datacame. in this database,37 referencesare the sameas those of Feliu et at

Variables used include temperature,time of wetness TOW, exposure time,
sulphur dioxide concentrationand chloride concentration.Temperature,sulphur
dioxide and chloride concentrationare annual averages.Some temperaturedata
are available from climatological tables and some time of wetness data are
indirectly estimatedfrom rainfall data [l7-19]. Many datawere discardedbecause
of the absenceof full variables. Table 2 lists the range of the corrosion and
variablesdataused in this work.
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Table 1
Referencesusedto form databaseto train the neuralnetworks

Country References

Argentina [7,29]
Australia [81
Brazil [29,30]
Canada [5,7,17,311
Chile [29]
China [4]
Colombia [29]
CostaRica [29]
Czechoslovakia [7,32,33]
Cuba [29,331
Ecuador [29]
France [7]
Germany [7]
Hungary [33]
India [34-36]
Japan [7]
Mexico [29]
New Zealand [7,37,38]
Norway [20,21,52]
Panama [29,39,40]
Peru [2]
Poland [41]
Portugal [29]
Russia [7,24,33]
Spain [6,7,25-29]
SouthAfrica [42]
Sweden [7,20,52]
Taiwan [23]
U.K. [7,46]
Uruguay [29]
U.S.A [2,3,7,22,43-501
Venezuela [29]
Yugoslavia [51]

4. Training and testingprocess

Before the neuralnetwork is trained, all the data in the databaseare scaledto
fit within the interval 0-1, which is a fundamentaloperation prior to training
known as data homogenisation.The input variables of temperature,sulphur
dioxide and chloride concentration are linearly scaled; the input variables of
exposuretime and time of wetnessare logarithmically scaled.The output variable
of corrosion depth is logarithmically scaled.The fundamentalcharacteristicsof
the ANN used in the presentwork are listed in Table 3.

The databasewas divided into three data sets: training set, validation set and
test set, containing 81%, 9% and 10% data of database respectively. The
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Table 2
Characteristicsof the databaseusedto train the neuralnetworks

Materials Variable Smallestvalue Largestvalue

Steel Corrosion depthpm 5.0 1804.4
numberof data sets=406 TemperatureC

TOW annual fraction
SO2 pg SO2 m3
Chloride mg C1 m2 d’
Exposuretime years

-3.03
0.01
0
0
0.5

27.9
0.95
171
641
12

Zinc Corrosion depthpm 0.2 90.8
numberof data sets=3l5 Temperature

TOW annulafraction
SO2 pg SO2 m3
Chloride mg CU m2d
Exposuretime years

-3.03
0.001
0
0
0.5

27.9
0.95
125
641
12

validation set was chosen at random but clustered sets were discarded, for
example, the set only containing corrosion data for twelve years was discarded
becauseof paucity of the corrosiondata for twelve years. To evaluatethe ANN
method,five different training sets, validation sets and test sets were used to get
the ANN averageperformance.The training and validation processeswere carried
out using commercial software [51].

5. Results and discussion

5.1. Training and test

The trained network was evaluated by the multiple correlation coefficient Eq.
3 and relative error Eq. 4 and results are listed in Tables 4 and 5. Typical
predictions for data that was not included in the original training or validation
sets,are shown in Figs. 2 and 3.

From Tables 4 and 5, it can be seen that average correlation coefficients for

Table 3
Featuresof neuralnetworks in our study

Description of ANN Features

No. of neuronsin input layer 5
No. of neuronsin outputlayer 1
No. of neuronsin hiddenlayer 8
Stop criterion Cross validity
Transfer function Sigmoid
Minimisation algorithm Gradient
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Table 4
ANN performancefor steel

Average error e Correlationcoefficient R

Testing set 1 51% 0.80
Testing set 2 32% 0.70
Testing set 3 42% 0.71
Testing set4 43% 0.72
Testing set 5 37% 0.81
Average 39% 0.74

steel and zinc are 0.74 and 0.78 respectively. Statistically speaking, the ANN
models can account for more than 70% of the variance of the atmospheric
corrosionof steel and zinc. Theseresults are better than those of Feliu et a! [1].
Figs. 2 and 3 demonstratethe predicted data from ANN and the actual corrosion
data. The larger errors at high corrosiondatapossibly derive from the paucityof
very long-term corrosion data sets, which would degrade the correlation
coefficient. Thus, it is not suitable to predict very long-term corrosion by our
neuralnetworks.

5.2. Sensitivit1anali’sis

In industrial environments,TOW and sulphur dioxide have significant effects on
atmospheric corrosion. Sensitivity analysis conducted on the trained neural
network shows the effects of time of wetnessand sulphur dioxide in Figs 4-7. In
thesefigures, the neural network separatesthe effects of sulphurdioxide or TOW
from those of other variables and simulatesthe effects of each individual factor.
Thesefigures show that, in the specified condition, the relation between TOW,
sulphur dioxide concentrationand atmosphericcorrosionof steel is almost linear,
but, interestingly, the sensitivity of corrosion of zinc to these variables is more
complex. For example, the corrosionrates of zinc slow at high TOW; maybethis
confirms that moisture inhibits corrosion of zinc [2] becauseof the formation of
protectivecarbonatefilms. Also, the zinc corrosionrate increasessignificantly at
high sulphur dioxide concentrations.This could reflect the known change of

Table 5
ANN performancefor zinc

Average error e Correlationcoefficient R

testing set I 45% 0.91
testing set 2 58% 0.56
testing set 3 52% 0.78
testing set 4 60% 0.81
testing set 5 52% 0.86
average 53% 0.78
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Fig. 2. Resultsof test set 4 for steel.
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Fig. 3. Resultsof test set I for zinc.
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Fig. 4. Effect of TOW on steel T 20C, SO2 = 120 pgm3. CL = 1.5 mg/day/m2, Exposure=two
years.



J. Cai ci a!. / Corrosion Science411999 2001-2030 2009

4OJI’

0 20 40 60 80 100 120

Concentration of S02uglm 3

Fig. 5. Effect of SO2 on steelT = 20°C,TOW=40%, CL=1.Smg/day/m2,Exposure=twoyears.
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Fig. 6. Effect of TOW on zinc T = 20°C. SO2 = 120 pg/m3, CL = 1.5 mg/day/m2, Exposure= two
years.
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Fig. 7. Effect of SO2 on zinc T = 20°C, TOW=40%, CL = 1.5 mg/day/m2,Exposure=twoyears.
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corrosionproduct, for example,from sparingly solublebasic sulphatesto soluble
suiphates.In the kinetic equation, C=At", the value of n expressesthe trend of
long term corrosion. When the corrosion is controlled by diffusion through the
corrosion product, the value of n is 0.5. In Figs 8 and 9, the values of n is 0.63
and 0.55 for steel and zinc respectively.This suggeststhat the corrosionproducts
act as a form of diffusion barrier. Thus, sensitivity analysis can demonstratethe
effect of variablesand suggestpossiblemechanismsor future researchdirection.

5.3. Errors and variations

There are still considerable unexplained variances in the neural network
prediction. Such unexplainedvariancesare mainly attributable to two reasons:
ignoranceof other importantaffecting variablesandinherentscatterin the data.

There are many possible affecting variables that have not been used in our
analysis.For example, it is questionablewhether the atmosphericcorrosion at a
given location dependson the annual averagesof the environmentalvariables.
Effects of microclimatemay play a more importantrole in atmosphericcorrosion.
Although SO2 and chloride are the most important aggressivepollutants, other
pollutants, including dust, nitrogen oxides, ozone and hydrogen peroxide
sometimeshavea greateffect on atmosphericcorrosion [53-55].

The inherentscatterin the corrosiondataalso comes from a numberof sources
[17]. Different ways of measurementor estimationof datawill causeerrors. Some
TOW in our databasewere estimatedfrom climatological references,some were
measuredby monitor directly andsomeestimatedfrom the RH. Chloride or sulphur
dioxide wasmeasuredby a varietyof methodsandexpressedin different units.

Nevertheless,the neural network has a strong capability of fault-toleranceand
it is expectedthat the modelling capability of the neural network will increase
with the considerationof more affecting factors and the availability of more
accuratedata.
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Fig. 8. Effect of exposure time on steel T = 20°C, S02=120 pg/m3, TOW=40%, CL= 1.5 mg/day
T = 20 C/m2.
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Fig. 9. Effect of exposuretime on zinc T = 20°C, S02 120 pg/m3, TOW4O%, CL 1.5 mg/day/
m2.

6. ConcLusion

1. The application of an artificial neural network for modelling atmospheric
corrosion is promising. In our work, the artificial neuralnetwork accountsfor
about70% of the varianceof the atmosphericcorrosion of steel andzinc. This
result is betterthan that of the previouslinear regressionstudies.

2. Sensitivity analysis is a useful techniqueto demonstratethe effects of affecting
variablesand suggestcorrosionmechanism.

Acknowledgements

The first author acknowledgesfinancial support from the overseasresearch
studentsaward scheme,London, England.

Appendix A

Databaseof steelfor ANN

Temperature TOW SO2 CI Exposure Corrosion
°C % concentration

j.tg/m3
concentration
mg/m2/day

year
years

of Fe
mm

11.96 0.29 25* 4 1 34.2
11.82 0.29 25* 4 2 41.8
11.82 0.29 25* 4 4 59.2
11.82 0.29 25* 4 8 88.7
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12.12 0.46 140* 14 1 95.1
12.12 0.46 140* 14 2 128.7
12.12 0.46 140* 14 4 200.3
12.12 0.46 140* 14 8 346.3
16.97 0.48 31* 1.4 1 50.8
16.97 0.48 31* 1.4 2 61.6
16.97 0.48 31* 1.4 4 69.7
16.97 0.48 31* 1.4 8 95.1
17.88 0.66 81* 0.8 1 92.9
17.88 0.66 81* 0.8 2 166.1
17.88 0.66 81* 0.8 4 200.3
17.88 0.66 81* 0.8 8 306.9
22.73 0.54 15* 0.9 1 60.4
22.73 0.54 15* 0.9 2 86.7
22.73 0.54 15* 0.9 4 128.7
22.73 0.54 15* 0.9 8 176.5
24.24 0.71 0* 5 1 31.1
24.24 0.71 0* 5 2 53.8
24.24 0.71 0* 5 4 156.6
24.24 0.71 0* 5 8 520.3
23.94 0.69 0* 13 1 50.8
23.94 0.69 0* 13 2 118.9
23.94 0.69 0* 13 4 547.1
23.94 0.69 0* 13 8 1804.4
1.21 0.18 5 0.3 1 6.0
5.15 0.39 5 0.7 1 17.0
6.37 0.33 32 2 1 35.9
7.28 0.37 5 89 1 66.8
7.28 0.37 5 38 1 33.7
6.97 0.42 16 12 1 34.8
4.85 0.36 20 3 1 38.4
4.85 0.47 10 15 1 35.9
4.55 0.36 15 2 1 29.7
4.85 0.37 3 2 1 17.9
3.94 0.36 15 1 1 30.7
6.06 0.31 85 6 1 81.0
6.06 0.31 30 5 1 34.8
5.76 0.33 5 10 1 15.0
3.94 0.4 4 5 1 17.0
4.25 0.35 8 1 1 17.9
6.37 0.35 7 29 1 49.0
6.06 0.35 6 641 1 86.7
7.28 0.46 22 22 1 41.1
6.67 0.46 3 31 1 23.8
6.97 0.46 3 17 1 34.8



J. Cai ci a!. / Corrosion Science411999 2001-2030 2013

6.67 0.46 8 58 1 28.0
7.28 0.46 4 10 1 24.9
7.28 0.46 4 17 1 28.0
7.28 0.46 22 22 1 34.2
1.21 0.18 5 0.3 2 8.0
5.15 0.39 5 0.7 2 26.0
6.37 0.33 32 2 2 55.9
7.28 0.37 5 89 2 81.0
7.28 0.37 5 38 2 44.0
6.97 0.42 16 12 2 53.8
4.85 0.36 20 3 2 62.9
4.85 0.47 10 15 2 77.5
4.55 0.36 15 2 2 52.8
4.85 0.37 3 2 2 34.2
3.94 0.36 15 1 2 53.8
6.06 0.31 85 6 2 135.9
6.06 0.31 30 5 2 57.0
5.76 0.33 5 10 2 19.9
3.94 0.4 4 5 2 28.0
4.25 0.35 8 1.19 2 28.0
6.37 0.35 7 29 2 60.4
6.06 0.35 6 641 2 132.3
7.28 0.46 22 22 2 52.8
6.67 0.46 3 31 2 32.1
6.97 0.46 3 17 2 39.7
6.67 0.46 8 58 2 35.9
7.28 0.46 4 10 2 33.7
7.28 0.46 4 17 2 38.4
7.28 0.46 22 22 2 46.4
1.21 0.18 5 0.3 4 16.8
5.15 0.39 5 0.7 4 41.8
6.37 0.33 32 2 4 86.7
7.28 0.37 5 89 4 99.8
7.28 0.37 5 38 4 66.8
6.97 0.42 16 12 4 90.8
4.85 0.36 20 3 4 99.8
4.85 0.47 10 15 4 122.1
4.55 0.36 15 2 4 86.7
4.85 0.37 3 2 4 49.9
3.94 0.36 15 1 4 88.7
6.06 0.31 85 6 4 228.9
6.06 0.31 30 4.6 4 88.7
5.76 0.33 5 10 4 26.0
3.94 0.4 4 5 4 48.1
4.25 0.35 8 1 4 44.8
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6.37 0.35 7 29 4 99.8
6.06 0.35 6 641 4 156.6
7.28 0.46 22 22 4 84.7
6.67 0.46 3 31 4 50.8
6.97 0.46 3 17 4 65.5
6.67 0.46 8 58 4 55.9
7.28 0.46 4 10 4 55.9
7.28 0.46 4 17 4 54.8
7.28 0.46 22 22 4 74.2
1.21 0.18 5 0.3 8 30.2
5.15 0.39 5 0.7 8 55.9
6.37 0.33 32 2 8 107.4
7.28 0.37 5 89 8 176.5
7.28 0.37 5 38 8 104.8
6.97 0.42 16 12 8 125.3
4.85 0.36 20 3 8 115.9
4.85 0.47 10 15 8 200.3
4.55 0.36 15 2 8 88.7
4.85 0.37 3 2 8 62.9
3.94 0.36 15 1 8 107.4
6.06 0.31 85 6 8 346.3
6.06 0.31 30 4.6 8 107.4
5.76 0.33 5 10 8 37.1
3.94 0.4 4 5 8 69.7
4.25 0.35 8 1 8 64.1
6.37 0.35 7 29 8 135.9
6.06 0.35 6 641 8 206.9
7.28 0.46 22 22 8 132.3
6.67 0.46 3 31 8 82.8
6.97 0.46 3 17 8 128.7
6.67 0.46 8 58 8 88.7
7.28 0.46 4 10 8 88.7
7.28 0.46 22 22 8 125.3
6.06 0.38 79 6 1 69.7
6.06 0.38 79 6 2 110.1
6.06 0.38 79 6 3 147.8
6.06 0.38 79 6 4 182.1
6.06 0.38 25 7 1 35.9
6.06 0.38 25 7 2 55.9
6.06 0.38 25 7 3 71.1
6.06 0.38 25 7 4 88.7
3.94 0.26 8 0 1 18.2
3.94 0.26 8 0 2 29.3
3.94 0.26 8 0 3 39.0
3.94 0.26 8 0 4 47.3
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5.76 0.4 6 13 1 16.6
5.76 0.4 6 13 2 19.9
5.76 0.4 6 13 3 23.5
5.76 0.4 6 13 4 27.6
6.37 0.38 8 5 1 21.0
6.37 0.38 8 5 2 33.7
6.37 0.38 8 5 3 41.1
6.37 0.38 8 5 4 53.8
6.97 0.36 2 15 1 35.9
6.97 0.36 2 15 2 44.8
6.97 0.36 2 15 4 64.1
6.97 0.36 2 15 6 77.5
7.58 0.43 35 27 1 30.7
7.58 0.43 35 27 2 45.6
7.58 0.43 35 27 4 66.8
7.58 0.43 35 27 5 77.5
7.58 0.43 35 27 6 82.8
7.58 0.43 35 27 8 97.4
6.06 0.43 35 46 1 44.8
6.06 0.43 35 46 2 64.1
6.06 0.43 35 46 4 99.8
6.06 0.43 35 46 6 125.3
6.06 0.43 35 46 8 147.8
6.06 0.43 21 46 1 36.5
6.06 0.43 21 46 2 54.8
6.06 0.43 21 46 4 81.0
6.06 0.43 21 46 6 99.8
6.06 0.43 21 46 8 113.0
7.58 0.43 20 22 1 32.1
7.58 0.43 20 22 2 52.8
7.58 0.43 20 22 4 79.2
7.58 0.43 20 22 5 90.8
7.58 0.43 20 22 6 99.8
7.58 0.43 20 22 8 113.0
6.67 0.37 8 57 I 21.3
6.67 0.37 8 57 2 54.8
6.67 0.37 8 57 4 81.0
6.67 0.37 8 57 6 99.8
6.67 0.37 8 57 8 113.0
7.58 0.37 4 14 1 20.5
7.58 0.37 4 14 2 33.1
7.58 0.37 4 14 4 51.8
7.58 0.37 4 16 1 21.3
7.58 0.37 4 16 2 31.1
7.58 0.37 4 16 3 44.0
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7.58 0.37 4 16 4 50.8
6.67 0.37 3 30 1 21.6
6.67 0.37 3 30 2 33.1
6.67 0.37 3 30 4 50.8
6.67 0.37 3 30 6 64.1
6.67 0.37 3 30 8 75.8
19.09 0.5 0 129 1 40.4
17.88 0.49 0 116 1 32.6
17.58 0.45 0 148 1 37.7
17.27 0.47 0 194 1 35.3
17.88 0.5 0 245 1 43.2
26.67 0.82* 0* 520 1 376.7
24.24 0.49* 56* 22 1 42.5
24.24 0.49* 56* 22 2 64.1
24.24 0.49* 56* 22 4 88.7
24.24 0.49* 56* 22 8 139.7
24.24 0.49* 83* 18 1 50.8
24.24 0.49* 83* 18 2 86.7
24.24 0.49* 83* 18 4 143.7
24.24 0.49* 83* 18 8 245.4
5.15 0.37 116 0.62 0.5 21.0
5.15 0.37 116 0.62 1 30.2
5.15 0.37 116 0.62 2 44.8
5.15 0.37 116 0.62 5 55.9
5.15 0.37 116 0.62 8 61.6
3.64 0.6 17 0.16 0.5 9.2
3.64 0.6 17 0.16 1 17.7
3.64 0.6 17 0.16 2 36.5
3.64 0.6 17 0.16 5 72.7
3.64 0.6 17 0.16 8 95.1
14.55 0.52 25 3 0.5 15.2
14.55 0.52 25 3 1 26.8
14.55 0.52 25 3 2 42.5
14.55 0.52 25 3 5 55.9
14.55 0.52 25 3 8 82.8
17.88 0.15 0 0 1 16.0
18.18 0.16 0 0 1 13.7
14.85 0.24 0 0 1 11.1
14.85 0.32 0 0 1 11.9
17.27 0.27 0 0 1 11.3
18.18 0.29 0 0 1 11.1
13.03 0.52 0 0 1 36.5
13.64 0.49 0 0 1 32.6
12.12 0.56 0 0 1 37.1
12.43 0.57 0 0 1 38.4



J. Ca! ci a!. / Corrosion Science411999 2001-2030 2017

13.34 0.42 0 0 1 23.2
13.03 0.49 0 0 1 21.3
10.91 0.59 0 0 1 26.4
11.21 0.58 0 0 1 25.2
15.15 0.33 0 0 1 10.4
15.76 0.4 0 0 1 11.9
14.55 0.32 0 0 1 8.7
14.85 0.31 0 0 1 10.8
10.00 0.29 0 0 1 7.8
10.31 0.28 0 0 1 10.7
12.73 0.4 0 0 1 9.7
13.64 0.31 0 0 1 9.5
13.34 0.16 26* 31 1 29.7
13.34 0.16 171* 31 1 64.1
13.34 0.16 6* 2 1 25.6
13.34 0.16 65* 31 1 33.7
13.34 0.45 26* 31 1 27.6
13.34 0.16 65* 182 1 54.8
13.34 0.16 6* 26 1 29.7
13.34 0.16 26* 182 1 48.1
13.34 0.16 26* 2 1 22.2
13.34 0.16 26* 31 2 49.0
13.34 0.16 171* 31 2 84.7
13.34 0.16 6* 2 2 41.8
13.34 0.16 65* 31 2 52.8
13.34 0.45 26* 31 2 42.5
13.34 0.16 65* 182 2 79.2
13.34 0.16 6* 26 2 44.0
13.34 0.16 26* 182 2 81.0
13.34 0.16 26* 2 2 31.1
13.34 0.16 26* 31 3 58.1
13.34 0.16 171* 31 3 88.7
13.34 0.16 6* 2 3 38.4
13.34 0.16 65* 31 3 55.9
13.34 0.45 26* 31 3 36.5
13.34 0.16 65* 182 3 88.7
13.34 0.16 6* 26 3 53.8
13.34 0.16 26* 182 3 95.1
13.34 0.16 26* 2 3 35.9
16.06 0.37 68* 27 1 59.2
13.34 0.24 64* 0 1 41.8
13.34 0.45 11* 0 1 8.0
16.97* 0.59 28* 152 1 49.9
12.43* 0.39 110* 55 1 69.7
13.34* 0.24 55* 0 1 34.8
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12.43* 0.58 125* 125 1 95.1
12.43* 0.49 17* 31 1 30.2
16.97* 0.47 42* 29 1 39.7
16.06* 0.37 68* 27 2 84.7
13.34* 0.24 64* 0 2 60.4
13.34* 0.45 11* 0 2 12.0
16.97* 0.59 28* 152 2 88.7
12.43* 0.39 110* 55 2 118.9
13.34* 0.24 55* 0 2 60.4
12.43* 0.58 125* 125 2 152.1
12.43* 0.49 17* 31 2 44.8
16.97* 0.47 42* 29 2 61.6
16.06* 0.37 68* 27 3 107.4
13.34* 0.24 64* 0 3 74.2
13.34* 0.45 11* 0 3 19.9
16.97* 0.59 28* 152 3 99.8
12.43* 0.39 110* 55 3 152.1
13.34* 0.24 55* 0 3 64.1
12.43* 0.58 125* 125 3 228.9
12.43* 0.49 17* 31 3 49.9
16.97* 0.47 42* 29 3 79.2
16.06* 0.37 68* 27 4 128.7
13.34* 0.24 64* 0 4 84.7
13.34* 0.45 11* 0 4 21.9
12.43* 0.39 110 55 4 200.3
13.34* 0.24 55* 0 4 79.2
12.43* 0.49 17* 31 4 54.8
16.97* 0.47 42* 29 4 95.1
16.06* 0.37 68* 27 5 171.2
13.34* 0.45 11* 0 5 28.0
16.97* 0.59 28* 152 5 206.9
12.43* 0.39 110* 55 5 254.4
13.34* 0.24 55* 0 5 90.8
12.43* 0.58 125* 125 5 376.7
12.43* 0.49 17* 31 5 79.2
16.97* 0.47 42* 29 5 104.8
16.06* 0.37 68* 27 6 182.1
12.43* 0.39 110* 55 6 319.3
12.43* 0.58 125* 125 6 393.4
12.43* 0.49 17* 31 6 84.7
16.06* 0.37 68* 27 8 221.2
12.43* 0.39 110* 55 8 411.1
12.43* 0.58 125* 125 8 495.3
12.43* 0.49 J7* 31 8 95.1
16.97* 0.47 42* 29 8 161.3
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16.06* 0.37 68* 27 10 254.4
12.43* 0.39 110* 55 10 495.3
12.43* 0.58 125* 125 10 547.1
12.43* 0.49 17* 31 10 118.9
16.97* 0.47 42* 29 10 171.2
16.06* 0.37 68* 27 12 306.9
12.43* 0.39 110* 55 12 607.2
12.43* 0.49 17* 31 12 139.7
5.76* 0.15 16 59 1 23.2
6.37* 0.41 19 4 1 33.1
9.40* 0.69 24 171 1 99.8
14.24* 0.65 8 67 1 43.2
14.24* 0.25 15 4 1 39.7
6.06* 0.3 14 2 1 25.2
6.37* 0.38 44 8 1 61.6
8.18* 0.51 9 7 1 19.7
16.97* 0.32 49 21 1 26.8
17.88* 0.49 10 182 1 37.7
26.67* 0.87 52 607 1 376.7
0.31* 0.37 5 20 1 30.7
13.34* 0.37 26 1 1 30.7
455* 0.45 28 18 1 26.0
13.94 0.7 0* 49 1 49.9
16.97 0.5 0* 10 1 14.9
23.03 0.65 0* 0 1 7.9
20.00 0.1 0* 0 1 7.9
-3.03 0.28 0* 40 1 39.7
16.97 0.6 5* 0 1 30.2
22.12 0.59 20* 5 1 9.9
23.03 0.6 23* 8 1 49.9
24.85 0.6 5* 237 1 171.2
23.03 0.6 50* 8 1 161.3
22.12 0.6 3* 182 1 221.2
20.00 0.65 30* 0 1 19.9
22.12 0.6 3* 15 1 99.8
26.06 0.7 0* 0 1 19.9
20.91 0.45 0* 0 1 19.9
26.97 0.95 10* 55 1 39.7
13.03 0.8 0* 0 1 19.9
26.06 0.55 0* 0 1 30.2
26.97 0.58 5* 50 1 79.2
24.85 0.81 4* 140 1 376.7
23.03 0.82 8* 25 1 90.8
19.09 0.71 3* 20 1 19.9
26.06 0.49 18* 18 1 39.7
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26.06 0.49 9* 125 1 346.3
23.94 0.59 3* 18 1 30.2
14.85 0.31 23* 20 1 39.7
13.94 0.78 22* 20 1 39.7
12.12 0.7 85* 25 1 182.1
2.12 0.25 4* 25 1 30.2
26.06 0.58 5* 0 1 19.9
10.91 0.29 18* 0 1 19.9
13.03 0.41 5* 8 1 9.9
16.06 0.19 18* 8 1 19.9
17.88 0.31 5* 0 1 24.9
16.06 0.2 5* 0 1 9.9
16.97 0.32 40* 25 1 24.9
13.03 0.41 4* 20 1 19.9
7.88 0.1 10* 5 1 5.0
16.06 0.25 15* 0 1 9.9
23.03 0.2 9* 0 1 13.0
17.88 0.19 20* 0 1 39.7
27.88 0.6 10* 35 1 30.2
26.97 0.6 23* 8 1 34.8
26.97 0.65 50* 12 1 110.1
26.97 0.6 20* 15 1 19.9
26.97 0.59 10* 10 1 24.9
23.94 0.3 0* 0 1 19.9
13.64 0.85 22* 45 1 39.7
19.09 0.8 30* 20 1 30.2
16.06 0.01 0* 0 1 19.9
12.12 0.35 0* 0 1 5.0
26.06 0.5 0* 0 1 19.9
16.97 0.35 70* 100 1 90.8
17.88 0.5 30* 200 1 376.7
16.97 0.4 10* 8 1 30.2
16.97 0.6 2* 8 1 10.0
16.97 0.5 2* 8 1 10.0
16.97 0.69 2* 9 1 49.9
2.12 0.4 19* 5 1 19.9
26.97 0.45 0* 0 1 69.7
26.97 0.52 8* 55 1 39.7
26.06 0.55 3* 38 1 30.2
26.97 0.45 10* 20 1 30.2
24.85 0.55 2* 25 1 59.2
26.06 0.6 2* 23 1 39.7
11.96 0.427 27* 36 3 84.1
* Estimated or converted value.
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Appendix B

Oneof the setsof weightsof ANNfor steel

1. Weights betweennodesof input layer andnodesof hidden layer

-0.57777 1.140111 -3.54036 -1.24392 -1.89332
-1.11068 3.394332 -6.71652 -4.88921 -1.77891
0.040114 -0.02346 -1.1538 0.101141 -0.09404
1.211222 -2.23737 6.29048 4.483582 1.812292
0.368515 -2.63031 4.351193 0.095261 2.020031
0.14778 1.18903 -2.00757 -0.09262 -0.93955
0.996577 -3.51733 5.180875 2.768956 2.011905
-1.11434 2.51425 -5.90903 -3.75693 -1.84378

2. Weightsbetweennodesof output layer andnodesof hidden layer

-0.26685 -0.56979 -0.05243 0.48512 0.314396 -0.1361 0.420847 -0.4527

Appendix C

Databaseof zinc for ANN

Temperature TOW SO2 CI Exposure Corrosion
CC % concentration

.Lg/m3

concentration
mg/m2/day

time
years

of Zn
mm

1.21 0.18 5 0.3 1 0.8
5.15 0.39 5 0.7 1 0.7
6.37 0.33 32 2 1 0.9
7.28 0.37 5 89 1 1.9
7.28 0.37 5 38 1 1.1
6.97 0.42 16 12 1 1.3
4.85 0.36 20 3 1 1.1
4.85 0.47 10 15 1 1.2
4.55 0.36 15 2 1 1.8
4.85 0.37 3 2 1 0.7
3.94 0.36 15 1 1 1.1
6.06 0.31 85 6 1 3.7
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6.06 0.31 30 5 1 1.4
5.76 0.33 5 10 1 0.4
3.94 0.4 4 5 1 0.8
4.25 0.35 8 1 1 0.6
6.37 0.35 7 29 1 1.6
6.06 0.35 6 641 1 2.1
7.28 0.46 22 22 1 1.6
6.67 0.46 3 31 1 1.8
6.97 0.46 3 17 1 0.7
6.67 0.46 8 58 1 2.0
7.28 0.46 4 10 1 1.3
7.28 0.46 4 17 1 1.1
7.28 0.46 22 22 1 2.3
1.21 0.18 5 0.3 2 0.9
5.15 0.39 5 0.7 2 1.5
6.37 0.33 32 2 2 2.1
7.28 0.37 5 89 2 2.4
7.28 0.37 5 38 2 2.0
6.97 0.42 16 12 2 3.1
4.85 0.36 20 3 2 2.5
4.85 0.47 10 15 2 2.5
4.55 0.36 15 2 2 3.4
4.85 0.37 3 2 2 1.7
3.94 0.36 15 1 2 2.5
6.06 0.31 85 6 2 7.0
6.06 0.31 30 5 2 2.3
5.76 0.33 5 10 2 0.4
3.94 0.4 4 5 2 1.6
4.25 0.35 8 1 2 1.3
6.37 0.35 7 29 2 2.8
6.06 0.35 6 641 2 3.2
7.28 0.46 22 22 2 2.8
6.67 0.46 3 31 2 2.9
6.97 0.46 3 17 2 1.3
6.67 0.46 8 58 2 2.6
7.28 0.46 4 10 2 2.5
7.28 0.46 4 17 2 2.4
7.28 0.46 22 22 2 3.8
1.21 0.18 5 0.3 4 1.4
5.15 0.39 5 0.7 4 2.1
6.37 0.33 32 2 4 4.2
7.28 0.37 5 89 4 5.0
7.28 0.37 5 38 4 4.5
6.97 0.42 16 12 4 5.9
4.85 0.36 20 3 4 4.0
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4.85 0.47 10 15 4 3.8
4.55 0.36 15 2 4 5.9
4.85 0.37 3 2 4 2.6
3.94 0.36 15 1 4 4.1
6.06 0.31 85 6 4 15.0
6.06 0.31 30 5 4 4.8
5.76 0.33 5 10 4 0.9
3.94 0.4 4 5 4 2.6
4.25 0.35 8 1 4 2.2
6.37 0.35 7 29 4 6.4
6.06 0.35 6 641 4 7.6
7.28 0.46 22 22 4 5.7
6.67 0.46 3 31 4 4.8
6.97 0.46 3 17 4 2.8
6.67 0.46 8 58 4 4.1
7.28 0.46 4 10 4 3.2
7.28 0.46 4 17 4 3.8
7.28 0.46 22 22 4 7.6
6.06 0.38 79 6 1 5.0
6.06 0.38 79 6 2 9.9
6.06 0.38 79 6 3 15.6
6.06 0.38 79 6 4 17.5
6.06 0.38 25 7 1 1.8
6.06 0.38 25 7 2 2.4
6.06 0.38 25 7 3 3.3
6.06 0.38 25 7 4 5.1
3.94 0.26 8 0 1 0.9
3.94 0.26 8 0 2 1.2
3.94 0.26 8 0 3 1.7
3.94 0.26 8 0 4 2.2
5.76 0.4 6 13 1 0.4
5.76 0.4 6 13 2 0.6
5.76 0.4 6 13 3 0.7
5.76 0.4 6 13 4 0.8
6.37 0.38 8 5 1 0.8
6.37 0.38 8 5 2 1.3
6.37 0.38 8 5 3 1.8
6.37 0.38 8 5 4 2.4
5.15 0.53 8 5 1 1.4
5.15 0.53 8 5 2 2.2
5.15 0.53 8 5 5 3.5
6.06 0.43 35 46 1 2.5
6.06 0.43 35 46 2 5.3
6.06 0.43 35 46 4 10.7
6.06 0.43 35 46 5 13.5
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6.06 0.43 35 46 6 14.9
6.06 0.43 35 46 8 18.7
6.06 0.43 21 46 1 2.4
6.06 0.43 21 46 2 3.7
6.06 0.43 21 46 4 7.2
6.06 0.43 21 46 5 9.1
6.06 0.43 21 46 6 11.2
6.06 0.43 21 46 8 15.0
7.58 0.37 4 14 1 1.5
7.58 0.37 4 14 2 2.7
7.58 0.37 4 14 4 4.0
7.58 0.37 4 14 5 5.1
7.58 0.37 4 14 6 6.2
7.58 0.37 4 14 8 6.3
7.58 0.37 4 16 1 1.0
7.58 0.37 4 16 2 2.0
7.58 0.37 4 16 3 2.5
7.58 0.37 4 16 4 3.3
19.09 0.5 0 129 1 2.2
17.88 0.49 0 116 1 1.6
17.58 0.45 0 148 1 2.5
17.27 0.47 0 194 1 2.1
17.88 0.5 0 245 1 1.6
18.18 0.51 0 264 1 1.8
17.88 0.46 0 161 2 3.6
18.18 0.48 0 166 4 3.3
27.27 0.83 0 520 1 19.9
26.67 0.82 0 520 1 17.9
5.15 0.37 116 0.62 0.5 1.1
5.15 0.37 116 0.62 1 1.7
5.15 0.37 116 0.62 2 3.2
5.15 0.37 116 0.62 5 7.6
5.15 0.37 116 0.62 8 13.8
3.64 0.6 17 0.16 0.5 1.5
3.64 0.6 17 0.16 1 2.2
3.64 0.6 17 0.16 2 2.5
3.64 0.6 17 0.16 5 4.8
3.64 0.6 17 0.16 8 8.8
14.55 0.52 25 3 0.5 0.6
14.55 0.52 25 3 1 1.2
14.55 0.52 25 3 2 2.5
14.55 0.52 25 3 5 5.1
14.55 0.52 25 3 8 10.6
13.94 0.7 0* 49 1 1.9
16.97 0.5 0* 10 1 1.7
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23.03 0.65 0* 0 1 1.9
20.00 0.1 0* 0 1 0.3
-3.03 0.28 0* 40 1 2.0
16.97 0.6 5* 0 1 1.0
22.12 0.59 20* 5 1 0.9
23.03 0.6 23* 8 1 1.2
24.85 0.6 5* 237 1 4.8
23.03 0.6 50* 8 1 1.2
22.12 0.6 3* 182 1 6.5
20.00 0.65 30* 0 1 1.2
22.12 0.6 3* 15 1 1.5
26.06 0.7 0* 0 1 1.2
20.91 0.45 0* 0 1 2.0
26.97 0.95 10* 55 1 6.1
13.03 0.8 0* 0 1 3.9
26.06 0.55 0* 0 1 3.9
26.97 0.58 5* 50 1 1.8
24.85 0.81 4* 140 1 2.9
23.03 0.82 8* 25 1 2.0
19.09 0.71 3* 20 1 0.9
26.06 0.49 18* 18 1 1.0
26.06 0.49 9* 125 1 5.8
23.94 0.59 3* 18 1 1.0
14.85 0.31 23* 20 1 2.0
12.12 0.7 48* 25 1 4.0
12.12 0.7 85* 25 1 7.9
2.12 0.25 4* 25 1 8.1
10.91 0.29 18* 0 1 0.8
13.03 0.41 5* 8 1 0.3
16.06 0.19 18* 8 1 1.0
17.88 0.31 5* 0 1 0.3
16.06 0.2 5* 0 1 0.2
16.97 0.32 40* 25 1 0.8
13.03 0.41 4* 20 1 0.3
7.88 0.1 10* 5 1 0.2
16.06 0.25 15* 0 1 0.8
23.03 0.2 9* 0 1 2.0
17.88 0.19 20* 0 1 2.2
27.88 0.6 10* 35 1 2.2
26.97 0.6 23* 8 1 1.8
23.94 0.3 0* 0 1 2.4
13.64 0.85 22* 45 1 2.6
19.09 0.8 30* 20 1 2.0
16.06 0.01 0* 0 1 0.3
12.12 0.35 0* 0 1 0.8
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26.06 0.5 0* 0 1 1.7
16.97 0.35 70* 100 1 2.5
17.88 0.5 30* 200 1 4.2
16.97 0.4 10* 8 1 0.8
16.97 0.6 2* 8 1 0.3
16.97 0.5 2* 8 1 1.8
16.97 0.69 2* 9 1 1.7
2.12 0.4 19* 5 1 3.0
26.97 0.45 0* 0 1 13.7
26.97 0.52 8* 55 1 0.8
26.06 0.55 3* 38 1 0.3
26.97 0.45 10* 20 1 2.2
24.85 0.55 2* 25 1 2.2
26.06 0.6 2* 23 1 4.3
17.88 0.15 0 0 1 0.6
18.18 0.16 0 0 1 0.6
14.85 0.24 0 0 1 0.5
14.85 0.32 0 0 1 0.5
17.27 0.27 0 0 1 0.5
18.18 0.29 0 0 1 0.6
13.03 0.52 0 0 1 2.1
13.64 0.49 0 0 1 1.1
12.12 0.56 0 0 1 2.0
12.43 0.57 0 0 1 1.5
13.34 0.42 0 0 1 1.3
13.03 0.49 0 0 1 0.8
10.91 0.59 0 0 1 1.5
11.21 0.58 0 0 1 0.8
15.15 0.33 0 0 1 1.9
15.76 0.4 0 0 1 1.1
14.55 0.32 0 0 1 1.3
14.85 0.31 0 0 1 1.4
10.00 0.29 0 0 1 1.5
10.31 0.28 0 0 1 1.2
12.73 0.4 0 0 1 1.3
13.64 0.31 0 0 1 0.7
16.06* 0.37 68* 27 1 2.5
1334* 024 64* 0 1 15
13.34* 0.45 11* 0 1 0.9
16.97* 0.59 28* 152 1 9.0
12.43* 0.39 110* 55 1 5.2
13.34* 0.24 55* 0 1 1.3
12.43* 0.58 125* 125 1 6.1
12.43* 0.49 17* 31 1 0.9
16.97* 0.47 42* 29 1 1.8



J. Cai ci a!. / Corrosion Science411999 2001-2030 2027

16.06* 0.37 68* 27 2 5.9
13.34* 0.24 64* 0 2 2.5
13.34* 0.45 11* 0 2 1.2
16.97* 0.59 28* 152 2 12.0
12.43* 0.39 110* 55 2 8.0
13.34* 0.24 55* 0 2 2.2
12.43* 0.58 125* 125 2 14.9
12.43* 0.49 17* 31 2 1.5
16.97* 0.47 42* 29 2 3.0
16.06* 0.37 68* 27 3 7.0
1334* 024 64* 0 3 36
13.34* 0.45 11* 0 3 1.5
12.43* 0.39 110* 55 3 15.0
13.34* 0.24 55* 0 3 2.5
12.43* 0.58 125* 125 3 17.9
12.43* 0.49 17* 31 3 2.0
l6.97** 0.47 42* 29 3 4.0
16.06* 0.37 68* 27 4 9.9
1334* 024 64* 0 4 41
13.34* 0.45 11* 0 4 1.9
12.43* 0.39 110* 55 4 17.9
13.34* 0.24 55* 0 4 4.2
12.43* 0.58 125* 125 4 21.9
12.43* 0.49 17* 31 4 2.5
16.06* 0.37 68* 27 5 14.9
13.34* 0.24 64* 0 5 5.0
16.97* 0.59 28* 152 5 24.9
12.43* 0.39 110* 55 5 19.9
13.34* 0.24 55* 0 5 4.9
12.43* 0.58 125* 125 5 22.9
12.43* 0.49 17* 31 5 3.0
16.97* 0.47 42* 29 5 5.5
16.06* 0.37 68* 27 6 18.9
13.34* 0.24 64* 0 6 6.1
16.97* 0.59 28* 152 6 37.7
12.43* 0.39 110* 55 6 24.9
13.34* 0.24 55* 0 6 6.0
12.43* 0.58 125* 125 6 24.9
12.43* 0.49 17* 31 6 3.9
16.97* 0.47 42* 29 6 6.0
16.06* 0.37 68* 27 8 24.9
13.34* 0.24 64* 0 8 7.0
13.34* 0.45 11* 0 8 2.3
12.43* 0.39 110* 55 8 34.8
13.34* 0.24 55* 0 8 7.0
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12.43* 0.58 125* 125 8 32.1
12.43* 0.49 17* 31 8 4.5
16.97* 0.47 42* 29 8 7.0
16.06* 0.37 68* 27 10 30.2
13.34* 0.24 64* 0 10 9.0
13 34** 045 11* 0 10 27
16.97** 0.59 28* 152 10 60.4
12.43* 0.39 110* 55 10 39.7
13.34* 0.24 55* 0 10 10.0
12.43* 0.58 125* 125 10 49.9
16.97* 0.47 42* 29 10 8.5
16.06* 0.37 68* 27 12 39.7
13.34* 0.24 64* 0 12 12.0
13.34* 0.45 11* 0 12 4.0
12.43* 0.39 110* 55 12 59.2
13.34* 0.24 55* 0 12 13.0
12.43* 0.58 125* 125 12 90.8
12.43* 0.49 17 31 12 10.0
5.76* 0.15 16 59 1 1.4
6.37* 0.41 19 4 1 1.3
9.40* 0.69 24 171 1 5.1
14.24* 0.65 8 67 1 1.4
14.24* 0.25 15 4 1 1.5
6.06* 0.3 14 2 1 1.4
6.37* 0.38 44 8 1 3.8
8.18* 0.51 9 7 1 2.3
16.97* 0.32 49 21 1 1.0
17.88* 0.49 10 182 1 2.0
26.67* 0.87 52 607 1 17.5
0.31* 0.37 5 20 1 1.1
13.34* 0.37 26 1 1 1.6
455* 0.45 28 18 1 2.3
11.65* 0.42 26 40 3 5.6

* Estimated or convertedvalue.

Appendix D

Oneof the sets of weightsof ANN for zinc

1. Weights betweennodesof input layerand nodesof hidden layer.

0.68738 -6.51382 3.265869 4.627529 4.475553
2.17687 3.678443 -2.60406 0.049256 -3.17152
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-0.34349 3.842795 -1.43363 -2.31219 -1.50128
0.645004 -4.98806 3.118155 2.035764 3.000088
-1.39647 -2.257 1.904514 1.343381 2.594028
-0.48983 1.791726 -1.59715 0.027514 -0.78773
-2.16151 -2.06532 1.369414 1.871065 1.726695
1.055368 3.820316 -2.79531 -2.64286 -0.82639

2. Weightsbetweennodesof output layer andnodesof hiddenlayer.

0.547742 -0.6102 -0.36932 1.106768 0.757516 -0.31774 0.546618 0.156878
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