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Summary 

A lot of corrosion test experiments with a bundle of testing methods are worldwide 

done to meet the corrosion requirements in the field. Each result is a data point which 

could be used for being part of a statistical analysis. A lot of test result data of 

standard automotive substrates and samples is available and could be analysed. 

Also data from the field, which are not collected to find corrosion effects, are 

published and available. The first goal of the research reported here was to find the 

most influencing factors for corrosion test progress and for field correlation. 

Therefore, iron and zinc panels with automotive paintings conducted in several 

corrosion tests have been analysed and transformed into suitable data. In the next 

step the corrosion loads of the corrosion tests have been separated according to 

several different characteristics. The corrosion parameters were defined as factors 

and the results of corrosion testing as output variable. With this data a mathematical 

model was generated and validated. A best fit model was found and analysed to find 

sensible testing parameters effecting the corrosion results.  

The same procedure was now applied for available data in the field. The climatic data 

from a variety of sources have been collected and transformed into model conform 

characteristic data such as humidity, duration of wetness, salt load and more.  

With this data all inputs are prepared to find a way to match the data from corrosion 

testing experiments to the climatic load in the field. The field and corrosion testing 

data are compared and mapped. A match to the field correlation can be found, as 

demonstrated by our results. 

1 Introduction 

Corrosion prediction is not known for its precision in the scientific community. It is 

more known for empirical solutions and experience in the field. Nevertheless, a long 

term prediction based on short time testing is mathematically associated with making 

extrapolation mistakes. In general the results obtained in the field satisfy the 

prediction, if the exposure is performed at one spot in one climatic zone. Prediction 

for vehicles in use, more or less well taken care of by their owners, is only possible if 

the predictive models are based on a reasonably large sample size. Single 

predictions are useless. Doing the right testing has therefore one of the highest 

impact on the results in the field. In this paper we report about an attempt to correlate 

corrosion results based on corrosion testing with field results based on available 

climatic data. Doing the right thing in corrosion testing, matching the real-world 

climatic zone as closely as possible, is the ambitious goal of the present and future 

work of a corrosion testing expert. 
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2 Input data  

An extensive corrosion test program was done to learn more about the reaction of 

different substrates and corrosion protection systems in different corrosion tests. The 

result was called testing landscape and has been documented for coated substrates 

with weekly scribe creepage. In figure 1 the propagation of the scribe creepage is 

shown for several substrates in four different tests. Eight different tests with nine 

different substrates have been conducted for at least ten weeks. Some tests had to 

be stopped earlier, because of the intensive corrosion progress, which did not yield 

useful data anymore. 

 

Figure 1: Weekly creepage results for four different test methods and nine different 

substrates in each case. 

For the model generation, the 5th week’s creepage values have been chosen. These 

values were available for most of the substrate-test combinations. 

3 Corrosion test factors 

Two steps are defined to provide good data for modeling. First, the corrosion test 

results have to be selected. Two datasets, one of bare steel and one of galvanized 

steel, have been selected. Second, the characterizing parameters of the different 

testing methods have to be defined. Several parameters such as temperature, 

humidity, salt load, mixed/not mixed salt, freezing phase, and time of duration have 

been classified.  



 

Figure 2: Climatic data classification of the testing methods.   

According to the temperature/humidity combinations, the climatic conditions are split 

into four classes as shown in Figure 2. For “hot wet” climatic conditions the humidity 

has to be above 50% and temperature has to be higher than 35°C. Below this 

temperature the definition is “warm” and below 50% relative humidity the conditions 

are defined to be “dry”. These boundaries are chosen empirically to split the climatic 

test conditions into two equally sized intervals, each. 

Salt and salt duration as well as temperature duration and humidity duration have 

been figured out. For freezing and mixed salt a yes/no selection was chosen. Salt 

concentration from 1% up to 5% NaCl with mixed salt up to 0.5% CaCl2, pH-value, 

and the salt spray precipitate have been used as numerical values.  

4 Model generation 

An automatic modeling approach was used, in order to set up the best models for the 

prediction of corrosion (see (Bäck, Foussette, & Krause, 2015) for an overview of the 

approach and an extensive application study in automotive CAE simulations). By this 

approach, a number of different modeling algorithms such as linear models, support 

vector machines, random forests and neural networks (see e.g. (Hastie, Tibshirani, & 

Friedman, 2009) for an overview of such data driven modeling algorithms), were 

tested and compared. Each model has been optimized regarding the validation 

quality of a cross-validation. This guarantees that the final models have the capability 

to generalize.  

The final models were compared using a statistical test and it turned out that the 

support vector machine is best suited modeling algorithm for the given task. The 

resulting support vector machines were used to obtain the results presented in the 

next section. 

5 Mathematic model of corrosion testing parameters 

First of all the model was used as a factor study, to understand which parameters 

have the most influence on corrosion progress on steel and which ones influence the 

iron-zinc creepage ratio most. To obtain these results, a multiple criteria optimization 

using evolutionary strategies (Bäck, Foussette, & Krause, 2013) was performed on 

the models for the iron-zinc creepage ratio (to be maximized) and for iron creepage 

(to be maximized). The model showed that concerning the ratio of iron and zinc the 

Temperature 

Humidity 

hot 
dry 

hot 
wet 

warm 
dry 

warm 
wet 

35°C 

50% 



hot dry phase has the biggest impact on the test result. Also the amount of 

precipitation, salt mix and the other climatic combinations play an important role to 

generate field correlated results. The pH value and the salt concentration did not 

have that high impact on the test results. In general the corrosion intensity of steel is 

decreasing by increasing the iron zinc ratio. This behavior is illustrated in Figure 3, 

where the iron-zinc creepage ratio is shown on the rightmost scale and iron creepage 

is shown to the left of it. The figure shows in blue parameter combinations 

corresponding to a high iron-zinc creepage ratio, while red reflects low ratios. Those 

parameters affecting the ratio mostly show a wide spread between the different 

curves, while those parameters not affecting the ratio show almost no spread. The 

conflict between maximizing iron-zinc ratio and iron creepage at the same time 

becomes evident immediately from the fact that the red and blue colored curves are 

reversed completely for the two rightmost columns in Figure 3. 

 

Figure 3: Corrosion parameter factor study based on mathematic modeling. 

The second use of the model was to generate a testing method to get the best iron–

zinc ratio at highest iron corrosion intensity, by using the optimizer for optimizing the 

test configuration. The model generated a test, which has to be executed for a 

validation of the model. This project is still ongoing and can then be used to improve 

the model as well, since it will generate additional data.  

6 Field model generation 

In the following steps the point of view changed from testing to the field. The basics 

for modeling of climatic data are already done in the previous step. The next step 

was to find climatic data in the world describing climatic zones and the corresponding 

corrosion parameters. A study was started to dig for weather data, pollution, salt, and 

snow amount. More or less data points are available and could be used to generate 



corrosion load parameters. Figure 4 shows the Köppen-Geiger climate classification, 

which was used in our approach. 

 

Figure 4: World map of climatic classification by Köppen-Geiger (Köppen & Geiger, 2011). 

Suitable climatic data are available in industrial countries, while in Africa or South 

America, as well as in parts of Asia, only poor data is available. The amount of salt in 

the field was one of the biggest challenges for collecting the data. First, the distance 

to the sea was used as a factor and, second, the time of freezing temperature, when 

deicing comes in use.   

7 Climatic correlations 

Finally, the comparison between corrosion tests and climatic zones has to be done. 

Therefore, a kind of multidimensional vector mapping of all parameters was used. 

The climatic field data has been classified as well as the climatic parameters of 

corrosion testing. The differences are in the temperature and humidity values only. 

For the mean temperature 17°C has been chosen to define hot above and warm 

below this temperature, and humidity has been separated at 30mm yearly 

precipitation. Above it is defined to be wet, while below this level it is dry. This 

approach results in the classification of the climatic zones in the field as shown in 

Figure 5.  



 

Figure 5: Classification of climatic zones in the field. 

Table 1 summarizes the descriptive vectors of the climatic zones in terms of the 

warm/dry, warm/wet, hot/dry, how/wet and salt characteristics of these zones, 

indicates the closest test matching the climatic zone as closely as possible, and 

provides a distance measure (Euclidean distance). The latter quantifies the distance 

between climate zone and climatic test. 

Climate Warm/dry Warm/wet Hot/dry Hot/wet Salt Test Distance 

Af 7.12% 93.15% 0.00% 0.00% 0.00% Test 1 0.05 

Am 3.84% 96.44% 0.00% 0.00% 0.00% Test 1 0.07 

As 61.37% 38.90% 0.00% 0.00% 0.00% Test 2 0.20 

Aw 42.47% 57.81% 0.00% 0.00% 0.00% Test 1 0.10 

BSh 76.71% 19.18% 1.64% 2.74% 0.00% Test 2 0.09 

BSk 23.84% 0.82% 73.70% 1.92% 0.00% Test 3 0.31 

BWh 97.53% 2.74% 0.00% 0.00% 0.00% Test 2 0.15 

BWk 33.42% 1.64% 59.73% 5.48% 0.00% Test 3 0.21 

Cfa 17.81% 27.67% 32.33% 22.47% 0.00% Test 3 0.05 

Cfb 7.12% 6.03% 55.62% 31.51% 2.74% Test 3 0.08 

Cfc 0.00% 0.00% 25.21% 75.07% 37.81% Test 4 0.10 

Csa 23.84% 1.37% 52.60% 22.47% 12.60% Test 3 0.08 

Csb 19.45% 0.00% 33.70% 47.12% 0.27% Test 3 0.03 

Cwa 24.93% 50.41% 2.74% 22.19% 0.00% Test 1 0.12 

Cwb 16.99% 52.60% 22.19% 8.49% 0.00% Test 5 0.08 

Dfa 16.16% 15.34% 53.15% 15.62% 13.70% Test 3 0.10 

Dfb 13.42% 6.85% 62.47% 17.53% 29.32% Test 3 0.20 

Dfc 0.00% 0.00% 93.97% 6.30% 41.92% Test 5 0.62 



Dfd 4.38% 0.55% 94.25% 1.10% 55.62% Test 5 0.76 

Dsa 35.07% 2.74% 58.08% 4.11% 2.74% Test 3 0.21 

Dsb 15.89% 0.00% 63.29% 21.10% 20.27% Test 3 0.16 

Dsc 0.82% 0.00% 70.41% 29.04% 39.45% Test 3 0.32 

Dwa 19.73% 15.34% 60.82% 4.38% 0.00% Test 5 0.16 

Dwb 18.63% 8.77% 67.67% 5.21% 33.97% Test 3 0.31 

Dwc 3.01% 10.68% 80.00% 6.58% 50.41% Test 5 0.49 

Dwd 7.67% 1.64% 84.11% 6.85% 57.53% Test 5 0.66 

Table 1: Deviation of climatic data corrosion testing to the real field.  

As a final result no corrosion test matches the field exactly at all. But one can find 

some corrosion testing methods which are very close to the field and fit to the main 

markets. The climatic change tests with the full range of climatic stress match the 

field climates in the best possible way. 

8 Conclusion 

An extensive corrosion testing program leads to a large amount of test results to 

compare testing methods and their suitability for field prediction.  

Especially the results of paint delamination on scribed iron and galvanized steel 

substrates were in the focus of our investigation to obtain a field correlation. Eight 

different testing methods have been divided into climatic impact factors and 

characterized by time and value of the collective. By implementing the corrosion 

results, a best fit predictive model was generated and validated based on the 

available data. With this data an opportunity for a kind of prediction is becoming 

feasible. The underlying question, how will a standard e-coated galvanized steel and 

bare steel behave in different tests, can potentially be answered with this approach. 

The question can also be asked from the other point of view: Which kind of test 

collective in which amount shows the best field correlation for the iron-zinc 

delamination ratio, for example? In addition, an attempt has been made to find data 

for the global corrosion collectives to feed and fit the model. 
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