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Abstract: Magnesium and its alloy are renowned for their high strength-to-weight ratio, excellent machinability and
good castability, making it a favourable material for manufacturing various automotive parts. But when exposed to the
environment, magnesium and its alloy have a weak ability to resist corrosion. AZ91D magnesium alloy was anodised
and immersed in a salt solution to accelerate deterioration. The image of the corroded surface resulting from the
immersion test was analysed by quantising the corroded regions. This paper studies the feasibility of an image
processing approach using the multilevel Otsu thresholding method by quantising the corroded region on the AZ91D
magnesium alloy. This method converts the original colour image to a greyscale image and then converts it to a binary
image and RGB image for the multilevel thresholding. The pixel distributions from the multilevel Otsu thresholding
display a trend that, with a higher corrosion rate, the pixel’s frequency of occurrence shifted more to the darker regions.
This conforms with the Otsu thresholding, where the darker region is identified as the corroded area of the AZ91D
magnesium alloy. By implementing the negative image, the binary image is segmented into non-corroded and corroded
areas and labelled as 0 (black) and 1 (white,) respectively. As for multilevel Otsu thresholding, the RGB image is
assigned in three colours representing different corrosion severity regions. The regions of the corrosion severity are
categorised into severe corrosion, moderate corrosion and low corrosion, coloured in dark blue, light blue, and yellow,
respectively. Thus, the trend of the corrosion activity can be seen by implementing the multilevel Otsu thresholding
and correlating it with the corrosion rate value. Furthermore, obtaining data on corrosion attack severity can provide
helpful information in predicting a component’s failure and future maintenance planning.
Keywords: Image processing, Corrosion, AZ91D Magnesium alloy, Quantitative assessment, Anodising, Multilevel
Otsu Thresholding

INTRODUCTION

excellent machinability and good castability is
unfortunately deterred by its low corrosion resistance to
the environment [1].

Magnesium and its alloy are well known for their
exceptionally low weight but high strength, widely used
in automotive and aerospace parts manufacturing. The
benefit of having a high strength-to-weight ratio,

Metals deteriorate and degrade by the chemical or
electrochemical reaction when exposed corrosive
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Group 1 (0.01M)

environment [2]. Prolonged exposure can lower and
eventually damage their mechanical properties and lead
to catastrophic failure [3]. There are many types of
corrosion depending on their environment and initiation
mechanism, but uniform corrosion and pitting corrosion
commonly happen on a surface. For this work, pitting
corrosion is observed due to its manner of pits, small
cavities or holes that penetrate deeper into the samples.
To fully utilised the AZ91D magnesium alloy in
automotive components fabrication, surface treatment
such as conversion coating [4], laser treatment [5],
anodising [7,8] and many more were usually done on the
material to improve the corrosion resistance.
Corrosion analysis of a material can be evaluated
through various techniques such as weight loss [8],
electrical resistance monitoring [9], linear polarisation
resistance [10], which requires experimental setup and
the most common technique of visual inspection that
requires experts. Image processing techniques shows
various promising result in corrosion evaluation. One of
the early applications of image processing on pitting
corrosion was made by [11] for pitting probability. Then
more corrosion evaluation was applied, such as detecting
and differentiating corroded surface from the
background surface [12] and identifying pitting
corrosion from other types of corrosion [13]. Most of the
previous studies were done on the uncoated sample or
actual structures such as ships [14], marine structures
[15], pipelines [16] and bridges [17] with different
processing techniques.
This study aims to implement multilevel Otsu
thresholding on the anodised and AZ91D magnesium
alloy samples. The analysis of the multilevel Otsu
thresholding method on the AZ91D magnesium alloy
corrosion rate was investigated. The correlation between
corrosion rate and total corroded pixel was also used.

Group 2 (0.1M)

Anodised and corroded

Sample 2A

Anodised (reference)

Sample 2B to 2D

Anodised and corroded

Figure 1 shows the image processing flowchart after
the corrosion image is acquired. After selecting the
corroded area as the region of interest (ROI), multilevel
Otsu thresholding is applied, and the pixel numbers are
analysed.

METHODOLOGY

Fig. 1. Flow chart of corrosion image processing.

Table 1 summarised the condition of the AZ91D

Sample Preparation
In this study, AZ91D magnesium alloy was used as the
substrate. Its primary composition consists of nearly 90
wt% magnesium, 8.5-9.5 wt% aluminium, 0.45-0.9wt%
zinc, 0.17-0.4wt% manganese and t, and the elements
such as silicone, copper, ferrous, nickel is less than 0.05
wt%. Eight AZ91D magnesium alloy samples with
identical sizes of 10 mm × 10 mm × 10 mm were
prepared and cold mounted. All samples were polished
with 1200 grit sandpaper before the anodising process.
The anodising process was conducted in a Zinc
Nitrate solution with two different electrolyte
concentrations of 0.01M (Group 1) and 0.1M (Group 2)
for 3 minutes at 20V. After anodising, the samples were
dry for 24 hours at 70 ±2°C. Afterwards, three anodised
samples from each group were immersed in NaCl

magnesium alloy samples used in this study. A total of
eight samples were divided into groups, Group 1 and
Group 2, according to the electrolyte concentration
(Zinc Nitrate) used during the anodising process. From
each group, only three samples will be immersed in
NaCl solution for corrosion test while the remaining
sample remains anodised with no further corrosion
testing. This sample will act as a reference sample
against the three corroded samples.

Table 1. Description of AZ91D magnesium alloy samples.
Group

Sample 1B to 1D

Sample
Sample 1A

Sample’s Condition
Anodised (reference)
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solution for corrosion testing as per standard JIS
H0541:2003 (Method of Alkaline Salt Corrosion Testing
for Magnesium and Magnesium Alloy). The immersion
was done for 72 hours at 35 ±2°C, and then the samples
were cleaned and dried again for 24 hours at 70 ±2°C.
The weight of the samples after each drying stage were
recorded to calculate the weight loss for the corrosion
rate, R in millimetre per year, using the equation below:
𝑅=

8.76 × 104 𝑊
𝐴𝐷𝑡

Corrosion Image Input
From the input image, it was converted to grayscale and
cropping was done to select the region of interest (ROI),
which is the corroded surface of the AZ91D magnesium
alloy sample Figure 3(a). Once the ROI has been
selected, the corroded region will be cropped from the
background Figure 3(b), and the histogram of each
sample will be visualised.

(1)

Where W, A, D, and t are weight change (g), active
area (cm2), density (g/cm3) and immersion time (h),
respectively.
Image Acquisition
A setup of an imaging chamber occupied with LED
illuminations and plain background was used to ensure a
nearly uniform brightness distribution (Figure 2). Inside
the imaging chamber, a base is used to place the sample
in a fixed position. The device used to acquire the image,
iPad Pro 11, is stationed opposite the corroded sample’s
surface at a 7 cm distance.

5mm

(a)

Fig. 3. Raw sample image before cropping (a) and after
cropping (b).

Corrosion Region Quantization
Otsu thresholding and multilevel Otsu thresholding
were applied to the grayscale image to analyse the
corroded region of the sample’s surface. At Otsu
thresholding, a negative image was implemented to the
binary image and enhanced the white or grey detail
embedded in the dark regions of the corroded surface
[18]. The white region was then categorised as corroded
and black as non-corroded areas.

Chamber
Background
iPad

7 cm
Sample

Illumination
(LED Strips x2)

Meanwhile, for multilevel Otsu thresholding, the
corroded region of the image was quantised at T1 and T2
and then converted to an RGB image. The regions were
divided into low corrosion region, moderate corrosion
region, and severe corrosion region labelled as yellow,
light blue and dark blue, respectively. Pixel numbers
from each thresholding method were then analysed
further.

Base

Fig. 2. Image chamber setup for corrosion image acquisition.
Table 2 shows the camera specifications for iPad Pro 11, used
in the image acquisition process. The default photo setting was
used without flash, and the timer was disabled. All photos were
captured by pressing the shutter manually at 1x zoom.

RESULT AND DISCUSSION
Thresholding Image Output
Shown in Figure 4 is the example of the surface
appearance of an anodised and corroded sample. For
instance, in Figure 4(a), the anodised reference sample
has a flat and smoother surface compared to corroded
samples because the sample doesn’t go through a
corrosion test. Meanwhile, Figure 4(b) shows the
example of a corroded sample where the irregular surface
and different depths of pit holes caused by the corrosion
attack can be seen.

Table 2. iPad Pro 11 camera specifications.
Display size

11.0”

Resolution

1668 × 2388 pixels (~264 PPI density)

Main Camera

Triple 12 MP (Back camera)

Magnification

2× optical zoom out
Digital zoom up to 5×

Illumination

Backside illumination sensor

Mode

Photo

(b)

DETECTION OF CORROSION
8

Zuraila et al. / Journal of Engineering and Science Research, 6 (5) 2022, Pages: 06-11
Fig. 6. Binary and RGB images of samples 2A, 2B, 2C and 2D
for Group 2.
Pit holes

5mm

5mm

(a)

Pixel Distribution
Figure 7 shows the pixel distribution of the corroded
AZ91D magnesium alloy samples in the investigation
according to the Zinc Nitrate concentration. For both of
the concentrations, it can be seen that the corroded
samples pixel’s distribution is shifting to the left side and
covering a broader range on the low side of the intensity
scale compared to the reference sample from each group.
This indicates a broader area of corroded surface
detected on the sample.

(b)

Fig. 4. Surface appearance for anodised (a) and corroded

sample (b).

Figure 5 and Figure 6 show the image from Otsu’s
thresholding and multilevel thresholding for samples in
Group 1 and Group 2. For a binary image of samples 1B,
1C and 1D, the distribution of white region pixels
indicate the area of corrosion on the sample. Hence, the
high distribution of white region pixels also represents a
large corrosion area on the sample. While for the RGB
images, the different colour label described yellow (low
corrosion), light blue (moderate corrosion) and dark blue
(severe corrosion) not only shows the corrosion area on
the sample but also shows the corrosion severity.

(1A)

As the corrosion becomes more severe, the pixel’s
distribution becomes more dominant in the dark regions.
Thus, image enhancement by using negative image
transformation is then applied to enhance the image’s
white details [18]. Hence the label of the white region as
a corroded surface and the black region as a noncorroded surface.

(1B)

(a)

(1C)

(1D)

Fig. 5. Binary and RGB images of samples 1A, 1B, 1C and 1D
for Group 1.

(2A)

(b)

(2B)

Fig. 7. Pixel distributions of samples in the investigation
according to 0.01M (a) and 0.1M (b) of Zinc Nitrate electrolyte
concentration.

(2C)

Table 3 consists of each sample’s corrosion severity
in pixel numbers and their corrosion rate, R in
millimetres per year. The total corroded pixel (TCP) for
the moderate and severe corrosion category is generally

(2D)
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higher than the entire corroded pixel (TCP) for the low
corrosion category.

used to correlate with the total corroded pixels.
Therefore, with this information, manufacturers can use
it to predict the life of a component and manage
preventive maintenance activity.

Table 3. Total Corroded Pixel (TCP) numbers and corrosion
rate, R-value.
Sample

1A
2A
1B
1C
1D
2B
2C
2D

Corrosion Severity Category
(Pixel number)
Moderate & Severe
Low
42063
30561
44287
27775
51279
22427
42642
23406
49241
22719
46888
29805
54227
21397
51967
25308
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