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INTRODUCTION

ptical observation, combined with results ob-

tained from electrochemical methods, has often

been used in the evaluation of corroded sys-
tems.! The commonly followed practice is based on the
optical comparison of the system under study with stan-
dard corrosion images. This approach, although simple
and straightforward, has certain disadvantages. For ex-
ample, the optical inspection varies from person to per-
son as each inspector judges a system subjectively. Also,
certain types of failure are difficult to identify, especially
in cases where the in-situ inspection is difficult, as in the
case of underwater constructions.

Digital image acquisition, processing, and interpreta-
tion techniques have been successfully employed in the
industrial domain for the last 20 years to automatically
detect and classify defects on various surfaces, such as
wood, steel, and textiles.? Similar techniques have been
employed in the past for the evaluation of corrosion
generated defects.>® This approach offers certain advan-
tages such as (a) finding information hidden from the
human eye, (b) quantifying the defect features that can
be used for comparison with similar data from other
images and with data from electrochemical methods,
and (c) building a database with corrosion images.

The proposed system uses standard image processing
techniques in order to identify possible corrosion-gener-
ated defect areas. Furthermore, it uses smart algorithms
that attempt to automatically classify these areas in cer-
tain defect categories, which are predefined by the in-
spector. Finally, it uses advanced database techniques
by employing some of the latest developments in the
field of database research technology. This gives the
inspector the opportunity to perform complex query op-
erations on the image data and to connect the images to
their specific data and to the data obtained by other
types of measurements.
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The in-situ assessment of the degradation of a
coating system is often difficult, especially in
cases such as underwater piping systems. Fur-
thermore, the results of the optical inspection are
qualitative and subjective. The use of digital im-
age processing and storing of corrosion images in
databases can eliminate such problems and en-
hance the assessment of the coating degradation
characteristics.

Digital defect detection systems have been used
in the industrial domain for the last 20 years to
automatically detect and classify defects on vari-
ous surfaces, such as wood, steel, and textiles,
using image processing techniques and decision-
making theory.

The proposed system processes digitized im-
ages of corroded surfaces by applying similar
technologies (digital filters, texture analysis, seg-
mentation techniques, and fuzzy decision algo-
rithms) to automatically identify and classify cor-
rosion generated defects, such as blisters, rust,
etc. Furthermore, it employs state-of-the-art data-
base techniques specialized for image content
(query by example, content-based retrieval) to
effectively store and retrieve these images accord-
ing to their specific features.
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1 Figure 1—Defect classification block diagram. |

DESCRIPTION OF THE SYSTEM

The system operates in two stages. The first is the image
processing stage followed by an image storage and re-
trieval process.

Image Processing

The processing of a digital image consists of a number
of steps that aim to extract specific information from it.
The first step is the acquisition of the digital image using
a photographic camera or a video camera and the digiti-
zation using a digitizing device (scanner or the camera
itself). The second step is the preprocessing of the image,
where preprocessing algorithms are applied and finally
a segmentation process follows.

The preprocessing deals with the enhancement of the
original image in order to eliminate noisy information
and to increase image contrast. Depending on the type of
image, different image enhancement techniques can be
applied. Generally, low- and high-pass filters are used
pair-wise. The low-pass filter reduces speckles (isolated
pixels) and the high-pass filter eliminates the blurring
effect caused by the low-pass filter. For low-contrast
images, histogram stretching, and direct histogram speci-
fication techniques are afterwards applied.!®

Segmentation is the procedure that separates and de-
tects regions (objects) of the image that may be labelled
at later stages of processing as defect areas. The type of
segmentation algorithm that is used depends on the
characteristics of the image.!" For uniform surfaces a

Table 1—Image Table

Field Type

Image_id ............... Number, id of image (system given)
Filename ................ Text, system filename of the image

Date ..o, Date, the date taken

System_Data ......... Date, the date stored (automatically filled)
Origin ...coovvviiinnn Text, source of image

Description ............ Text, a free description of the image

P-to-m ..o, Number, a ratio used to convert pixels to mm.
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threshold-based technique is applied. More specifically,
a gray-level value [ is automatically found using local
histograms of gray-level values. For color images the
value [ is calculated as I=(r+g+b)/3'°, where r,g,b are the
intensities of the red, green, and blue components of
color. The value [ is then used as a threshold value to
separate the regions. This method is not always precise,
since threshold-based techniques require a Gaussian dis-
tribution of defect gray-level values around a mean value
to make discrimination possible between defective and
non-defective regions, which is not the case for all types
of our images.

To enhance region-based segmentation in those cases,
watershed-based segmentation!? is used as a reliable
means of locating local minima and maxima in the image
where defects are treated as local ‘basins.” By combining
threshold-based techniques and watershed segmenta-
tion, the resulting image is a black-and-white image
where black indicates possible defects and white corre-
sponds to non-corroded areas.

After the region boundaries have been almost clearly
set, low-level features (features independent of image
objects) are extracted that correspond to shape, position,
color, and texture of regions (objects).’* For shape and
position, the minimum bounding rectangle (MBR) (that
includes the object without intersecting it), the moments
of the object (major and minor axis, x and y centroids
and area in pixels), and the polygonal approximation of
the object are stored after an edge detection algorithm is
applied (i.e., an array of vectors that describes the object
boundaries). For texture, a set of statistical texture mea-
sures®! (an array of values that describes the texture of
the object) is calculated. Texture is a feature of the image
which is independent of color and is connected to the
spatial arrangement of pixel inside an area. Finally, for
the color representation, the color distribution (a cumu-
lated histogram of colors!® within the object) is found.

Using the low-level features, the system calculates
high-level features for each object (features that are im-
portant to defect analysis and can be used for queries, as
explained later). These are the object areas in some area
measurement units, the dominant color of a defect, the
dominant orientation of the defect within the image, the
shape (roundness, fractal dimension of the boundaries),
and the absolute position of a defect inside the image.
Also, according to the statistical measures calculated,
the texture is assigned one textual attribute (fine, coarse,
smooth, etc.) using the visually important measures of
texture.!4

After the high-level features have been found for
every object of the image, certain rules are applied that
aim at defining the defect type of the object.!® The ob-
jects are categorized to specific predefined types of de-
fects called defect «classes». Objects that do not belong
to any predefined class of the system after the applica-
tion of the rules are labeled as «Unknown». These ob-
jects can be used later for algorithm enhancement and
modification. The characteristic features that define the
type of defect are its shape, size, color, and texture.
Shape roundness, for example, can be very useful when
looking for blisters and color can be very indicative of
rust existence.



The rules used are

Table 2—Defect Table
based on fuzzy opera-

Corrosion Generated Defects

tions along with empiri-

Field Type
cally given boundary val- ®
ues. The defect classifi- Defect_id ..., Id of the defect
cation system takes as in- Image_id ..., Numbefr, id of the sourcefimoge .
Description ..o, Text, a free description of the defect
put the values of the fea- DefectType ..o Text, a defect class
tures fpr each object wgr ... 4 Numbers, two (x,y) coordinates of the MBR
along with the values for  CenX, CenY .......cccccoooeivierrvenrinnen, 2 Numbers, centroid x and y
the given class of defect MQJOr QXiS........cocvvviviviiiiiniiiiiiinininn, Number, major axis length
MINOT QXIS v Number, minor axis length

and evaluates the defect
type (Figure 1). If the sys-
tem fails to detect an ob-

Shape_Roundness .........ccoveveiinenn,
Fractal dimension ......
R, G, B of dominant color .

ject or gives a non-satis-  TextUre ...
factory answer, the in- A€Q
Orientation

spector can manually al-

ParentDefect_id ...
ter the boundary values -

Number, the ratio of major to minor axis

Text, the texture type
Number in pixels
Number in grads

.. Number, a measure of the shape irregularity
.. Numbers between 0 and 255 showing dominant color

Number, NULL, in case of macroscopic defect or parent id

or the rules themselves

and repeat the process. An example of a blister detection
rule could be the following (expressed in an English-like
language):

if shape_roundness is > 0.8
and texture is not fine
and area is < 1.5
and color is between dark_green and light_green

then
defect_class = (blister, 90%)

This means: if the defect found is round, its texture is not
fine, the area of the defect is lower than 1.5 mm?, and its
color is darker or lighter than the surface color (green),
then this defect is with 90% certainty a blister.

It is possible that an object cannot be classified to a
certain defect type. For example, small dots in the image
can either be the result of rust or pitting formation or
even a rule failure. In that case, these objects are classi-
fied with a level of uncertainty to more than one defect
type.

For example:

if area < 0.5

and shape_roundness is > 0.9

and color is like black
then

defect_class = (pitting_component, 40%)
or

defect_class = (rust_component, 40%)

which means that if the object is very small (area < 0.5
mm?), round-shaped, and black then it must be rust, the
result of pitting formation or a failure of the rule.

In this case, the macroscopic defect is found by apply-
ing rules for multiple objects. The system finds if the
objects are localized (if they form a cluster) or if they are
randomly distributed. For every cluster it applies rules
and classifies them to a macroscopic defect type. If the
rules do not apply, the objects are not classified to a
specific defect (e.g., random noise or isolated marks).

Image Storage and Retrieval

The images and their classified and unclassified ob-
jects are stored in a database. The database is designed in

such a way that it (a) permits the user to quickly search
and retrieve defect-specific data and (b) can support
complex query operations. The database schema sup-
ports textual, numeric, and spatial data (data that de-
scribe position and shape of objects). Furthermore, it
supports data obtained from electrochemical measure-
ments, such as the electrochemical impedance spectros-
copy (EIS), which are inserted via spreadsheets. The
structure of the database varies according to the type of
measurements included. It can be easily extended to
hold any type of measurement in its structure.

To be able to answer spatial queries quickly («show
images of rust spots within a range of 5 mm?») and also
display an object upon request, the system stores the
defect MBRs in the database. Using the benefits of recent
research on spatial database technology,'”'® specialized
data structures called R-trees are used, which can effi-
ciently store and retrieve spatial arrangement informa-
tion of objects using their MBRs. The database structure
is the following: First, each image with its relevant data
(date, origin, description, etc.) is stored in a table format
(see Table 1).

For every image, the data of defects is also stored.
Since some defects form a wider (macroscopic) defect
(e.g., in the case of blistering, the total area of all the
small blisters) the database is designed so that it can
store the hierarchical relationship of such objects. To
simplify design and to still be able to retrieve this rela-
tionship, the microscopic and macroscopic defects are
both stored in the same table («self-join» implementa-
tion of relational databases!?). The field «ParentDefect_id»
of Table 2 serves this implementation.

The electrochemical data are stored in a separate struc-
ture (Table 3a). The impedance table contains the header
information of the measurement. The data itself is stored
in a separate table (Table 3b) for design efficiency.

The schema can be easily stored within any relational
database (like Access, dBase, Oracle, etc.) along with
their indices to data. MBRs are also stored in an external
index file to serve range queries (Figure 2).

The retrieval of information is achieved using a struc-
tured query language (SQL)-like syntax.?® The queries
can contain table fields, spatial operators (range), and
values. The composed query is passed to a query proces-
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Table 3—Impedance (a) and Impedance Data Table (b)

— Figure 2—Image database schema. —

a. Impedance

Field Type
Meas_id ..o Number, measurement id
Image_id ......... Number, id of image
Date ..o Date, date of measurement
Description Text, free description

b. Impedance_data

Field Type

Number, measurement id
Number, frequency
Number, impedance
Number, phase angle

Figure 3—Sample image of a corroded steel
specimen coated with an epoxy resin coating.
(b) Detail of the image of the previous image.
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sor that in turn queries the database and, if necessary,
the R-tree index file. An example query in SQL-like
syntax that returns all the images containing rust defects
with area between 2 and 5 mm? is the following:

Select distinct Image_id from Defect, Image where
Image.Image_id=Defect.Image_id and Defect.Defect
Type = ‘rust’ and Defect.Area > 2 and Defect.Area <5.

A more complex query can also be formulated such as
«find the images with rust defects with average area
between 2 and 5 mm?». Furthermore, using the query-
by-pictorial-example (QPBE) technology of Image DB
and a visual interface, the system can find images with
similar defect types using an example image.?!->

APPLICATION OF IMAGE ANALYSIS SYSTEM
ON SPECIMENS COATED WITH IRON
POWDER FILLED EPOXY RESINS

Using the system described previously, the anticorrosive
performance of epoxy resin coatings filled with iron
powder was investigated. The test specimens consisted
of steel disks of 6 cm diameter coated with epoxy resin
which was filled with 15 and 30% w/w iron powder.
Specimens coated only with epoxy resin were also pre-
pared as reference specimens. The composition of the
steel substrate (in % wt) was 0.12 C, 0.5 Mn, 0.005 S, and
the balance was Fe. The epoxy was a bisphenol A-based
epoxy resin of about 1025 molecular weight with an
epoxy equivalent weight 500-535, viscosity 30-40 sec (DIN
53211, 4 mm, 20°C), and density 1.00-1.02 gr/cm? at
20°C. A high viscosity polyaminoamide with amine value
(DIN 16945) 240-260 was used as a curing agent. The
ratio resin/curing agent was 200/65, according to the
manufacturer’s data sheet. The iron powder used (Ferak
Lab.) consisted of spheroid particles with an average
particle diameter of 52 um. The preparation of speci-
mens is described in detail in earlier publications.?>2¢
The coatings were immersed in a corrosive environment
of 3.5% w/w NaCl for a time period up to 300 days. EIS
measurements were also performed.

Figure 3 presents a photo of a steel specimen coated
with a pure epoxy resin coating immersed in a corrosive
environment for 230 days. The sequence of Figure 4 shows
the various processing stages of the analysis of a detail of
the image of Figure 3.

Initially a smoothing filter (low-pass) and a sharpen-
ing filter (high-pass) were applied to the original image
(Figures 4a and b) in order to eliminate noise from the
image digitization and enhance image contrast. The re-
sulting image was convenient for edge detection. Then
the picture was segmented (Figure 4c) using a
thresholding algorithm. At this stage some noise still
existed (isolated black pixels). This noise was removed
using a despeckling algorithm (Figure 4d). Finally, the
object boundaries are found and the objects are num-
bered (Figure 4e). After the objects have been detected
and classified, certain features are calculated, which in
this case were the spot area and the spot axis ratio.

This procedure was followed for the iron-filled epoxy
resin coatings as well. The frequency distribution of the
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corrosion spot area for the pure and the iron-filled epoxy
coatings after 290 days of immersion is shown in Figure
5. The histogram reveals a wider spread of corrosion
spot sizes (with size < 6 mm?) for the 30% iron-filled
coatings compared to the 15% iron-filled coatings and
the pure epoxy coatings.

By performing this analysis at various immersion times
and calculating average values for the corrosion spot
areas, one can estimate the growth of the corrosion spots
throughout the immersion period. Such a plot is pre-
sented in Figure 6. A two-step progress is evident for all
types of coatings. Initially the values of the average spot
areas increase with time, and at about 120 days of im-
mersion they tend to stabilize at a certain value. After
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Figure 5—Frequency distribution of the corro-
sion spot area. The inset histogram shows a
wider scale of areas. The black bars represent
pure epoxy resin coatings. The dashed bars
represent epoxy coatings filled with 15% w/w
iron powder and the hollow bars represent
coatings filled with 30% w/w iron powder.
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Figure 6—Average spot area vs. exposure time
at 3.5% NaCl.(@) Pure epoxy resin coatings, (x)
epoxy resin coatings filled with 15% w/w iron
powder, (¢) epoxy resin coatings filled with
30% w/w iron powder.

150 days the values increase almost linearly up to 300
days of immersion, while the rate of growth for the iron-
filled coatings is bigger compared to that of the pure
epoxy coatings.

Figure 7 presents the average number of corrosion
spots found in the exposed area of the samples (= 16
cm?). The figure indicates that after 290 days of immer-
sion, the pure and the 15% iron-filled epoxy coatings
exhibit almost the same number of corrosion spots, while
fewer spots are found for the 30% iron-filled epoxy coat-
ings. This conclusion is in agreement with earlier obser-
vations that the iron powder loading protects the coating
by a barrier mechanism and slows down the process of
the corrosion spot creation.?>?¢ On the other hand, the
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Figure 7—Number of corrosion spots vs. expo-
sure time at 3.5% NaCl.([J) Pure epoxy resin
coatings, (x) epoxy resin coatings filled with
15% w/w iron powder, (#) epoxy resin coatings
filled with 30% w/w iron powder.
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L vs. exposure time at 3.5% NaCl.(LJ) Pure epoxy  |—
resin coatings, (x) epoxy resin coatings filled
with 15% w/w iron powder, (¢) epoxy resin
coatings filled with 30% w/w iron powder.

oxidation of the iron grains themselves introduces
microcracks and active paths in the polymer matrix of
the coating where this process is originated.?® This is
more evident in the case of the 30% loading where a
smaller amount of electrolyte penetrates the coating as a
result of the barrier protection mechanism and, subse-
quently, fewer blisters that evolve into corrosion spots
are formed.

The surface area coverage from corrosion spots was
calculated from the sum of the corrosion spot areas per
sample divided by the total sample area (Figure 8). The
surface area coverage increases with time for all types of
coatings. For up to 120 days of immersion, all coatings
exhibit almost the same value of coverage. After 180
days the iron-filled coatings differentiate from the pure
epoxy resin coating. From this point and up to 300 days,
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|| Figure 9—CPE constant Yr vs. exposure time at - |_|
3.5% NaCl.() Pure epoxy resin coatings, (x)
epoxy resin coatings filled with 15% w/w iron
powder, (¢) epoxy resin coatings filled with
30% w/w iron powder.
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the percentage increases linearly and at almost the same
rate for all types of coatings.

EIS measurements performed on these specimens?
confirm these conclusions. In Figure 9 the plot of the
constant phase element (CPE) constant for the coating,
Ys, is presented. The impedance response of the CPE is

5 lo)"

given by the formula, z-"0— where ® is the angular

frequency, Y, is the amplitude of the CPE and n is the
CPE exponent.? This figure reveals the two-stage pro-
cess observed earlier in the case of the iron-filled coat-
ings, while the pure epoxy coating curve remains almost
stable with a few fluctuations.

CONCLUSIONS

The proposed system blends technologies from different
areas (corrosion science, image processing, and database
theory) in order to identify and classify corrosion gener-
ated defects. The procedures followed enable the auto-
matic detection of a wide range of macroscopic and
microscopic defects. Also, the database schema is de-
signed in a way that image, defect, and electrochemical
data are quickly and easily retrieved and complex que-
ries can be answered.

Results obtained by the application of this system
enabled the monitoring of the anticorrosive behavior of
epoxy resin coatings filled with metal powders. In this
case it was found that the iron powder-filled epoxy coat-
ings produce fewer but larger corrosion spots compared
to those of the pure epoxy coatings and that the inclusion
of iron particles alters the impedance behavior of the
coatings as a consequence of the creation of interfaces
and corrosion products that increase the heterogeneity
of the systems. However, the corrosion products fill the
pathways blocking the intrusion of water. These conclu-
sions were justified by the results of electrochemical
impedance spectroscopy measurements.
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