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Abstract

High pressure die casting technology is characterised by the production of high quality, complex shaped casts with good mechanical
properties. However, die casts have a certain amount of porosity which can reduce their quality and mechanical properties. Mechanical
properties are determined not only by the percentage of pores in the volume of the casting, but also by their geometric shape, taking into
account the possibility of crack initiation at the edge of the pore. The shape and geometry of the pores are characterised by the roundness
factor, which can be used to predict the mechanical properties of the castings. This paper addresses the problem of evaluating pore
geometry with a view to automating the determination of the roundness factor and, at the same time, the percentage evaluation of the
proportion of pores in the area of the metallographic section of the specimen. Metallographic sections are prepared from selected sets of
casts, in which pore shape and quantity are automatically evaluated using selected image processing techniques. The roundness factor is
defined, and the pores are classified into different categories based on this factor.
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1. Introduction

Among foundry technologies used in the casting of aluminum
alloys for the automotive industry, the high-pressure die casting
(HPDC) process holds a leading position. This predominance is
mainly due to the minimal or even absent finishing operations
required in the production of components [1]. Pressure-cast
components are characterized by high dimensional accuracy, good
mechanical properties, and low production costs. The good
mechanical properties of casts are associated with their fine-
grained structure, which forms due to the undercooling of the melt
upon contact with the relatively cold mold cavity wall [2].
However, casts defects related to porosity and the presence of
gases in the melt significantly affect the quality of the casts [3,4].
Porosity in casts mainly manifests as a reduction in mechanical
properties and machinability. Air entrapment in the melt volume
leads to reactions between oxygen and the melt’s chemical

components, resulting in oxide inclusions that may be distributed
throughout the casting. In aluminum casts, the metal undergoes
free-surface turbulence, where the initially oxidized skin comes
into contact with the melt and other oxides, potentially forming
double oxide films—bifilms—which eventually act as notches,
reducing the casts’ resistance to mechanical stress [5].

Due to the relatively high porosity of casts and the varying
extent of air entrapment in cavities formed either by shrinkage or
gas entrapment in the melt, identifying the type of porosity in
HPDC casts is complex [4-7]. Generally, the presence of pores
within casts is attributed to phase changes (liquid/solid). These
cavities, ranging in size from microns to millimeters, depend on
the type of metal alloy and the solidification process. The
formation of cavities in cast structures is generally caused by melt
shrinkage during solidification, gas distribution in the melt, or a
combination of these factors, including gas porosity due to gas
entrapment during the casting cycle [8—10].
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Small cavities in aluminum alloy casts are commonly referred
to as "bubbles" or "pores," with the resulting cast defect termed
"bubbling," "porosity," or simply "pore formation." This is one of
the most common defects in aluminum casts, primarily caused by
changes in the solubility of hydrogen as the temperature of the
aluminum alloy increases. In molten metal, hydrogen can be
present only up to the limit defined by its solubility curve. As the
metal cools, its hydrogen solubility decreases. When the
equilibrium solubility limit is exceeded, hydrogen escapes from
the melt either by diffusion or by forming gas bubbles—so-called
endogenous bubbles, which are typically microscopic. Preventing
the formation of such bubbles in gas-saturated metal during
casting is practically impossible. The only effective strategy is
prevention—avoiding hydrogen saturation of the molten metal in
the first place. Endogenous bubbles form within the solidifying
metal. They can arise through homogeneous or heterogeneous
nucleation. Homogeneous nucleation involves the formation of
nuclei directly from atomic clusters in the melt. In heterogeneous
nucleation, nuclei form on foreign particles (e.g., oxides or
chemical compounds) [11-13].

The nucleation mechanism of gas bubbles is influenced by the
pressure conditions at the point of formation. Practically speaking,
during crystallization, the solid phase encloses a microvolume of
melt that cannot be refilled by liquid metal. This results in a
vacuum, making microshrinkage zones ideal sites for hydrogen
diffusion [14].
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Fig. 1. The characteristic shape of the porosity [12]

Porosity is usually caused by a combination of bubbles and
microshrinkage. It is rare to observe purely bubble-related or
purely microshrinkage-related cavities. When bubble formation is
dominant, the cavity tends to be spherical in shape (Figure 1b).
When microshrinkage dominates, the resulting cavities are more
complex and tend to mimic the dendritic structure of the metal
(Figure la). The most common scenario is shown in Figure lc,
where the cavity is formed by a combination of a bubble and
microshrinkage [12,13].

Exogenous bubbles form during casting when gases are
present in the mold and gating system. They occur when the gas
pressure in the mold or gating system exceeds the resistance
imposed by the solidifying surface layer of the cast. The gases
then penetrate the cast, forming characteristic spherical structures.
Air bubbles can also form when the stream of molten metal
falling from the ladle into the pouring basin entrains air, or when
the metal swirls due to uneven filling of the gating system and
mold, trapping air within the walls of the cast [15,16].

A key indicator of cast homogeneity is not only the
percentage volume of pores or bubbles but also their geometric
shape, particularly in terms of crack initiation risk at the pore
edge. If gases are released in the form of round shapes, their
impact on mechanical properties may be less severe compared to
needle-like, planar, or plate-like pores. To evaluate cavities in the
casting structure, a shape factor (f) is often introduced [12,13].

4w Ay
f=—

o=l M

To determine the quantitative geometric parameters of the
structure, the reciprocal value of the roundness factor s is also
used:
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For a spherical pore, the roundness factor value equals one.
As the complexity and irregularity of the shape increase, so does
the value of s (see Figure 2). This factor sensitively reflects the
changing geometry of internal pores, which naturally affects the
mechanical properties. Pores with a roundness factor s > 1 cause
more disruption to the metal matrix, even at the same porosity
percentage, than pores with s = 1. As the s factor increases, the
notch effect of the pores increases, promoting crack formation in
the structure, which in turn reduces the material's strength [12,13].

Fig. 2. Shapes of pores with different roundness factors ,,s* [12]

In previous works [17-19] devoted to the influence of
structural modifications of the gating system on the qualitative
properties of casts, it was found that at different porosity values of
the examined casts, certain samples showed very close values of
mechanical properties. To explain this anomaly in the relationship
between the mechanical properties of casts and porosity, as
mentioned above, it is necessary to focus not only on the
percentage content of porosity in metallographic sections in
selected places of the casts (this partially expresses the pore size),
but also on the shape of the pores. For this reason, the investigated
and evaluated parameter is the roundness factor.

The presented article is devoted to the possibility of
automating the evaluation of the morphology of pores in castings
using innovative machine vision methods. The priority goal is to
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determine the possibility of introducing automation of pore
evaluation with regard to the assessment of the correspondence of
the detection of the shape and position of pores between expert
determination by human factors and selected machine vision
methods using image processing. The results presented in this
article demonstrate that the introduction of image processing can
significantly contribute to shortening the evaluation and detection
of pores while maintaining the discrimination ability of the expert
operator.

2. Experimental procedure

The shape, frequency of pores in the metallographic section,
and the roundness factor of the pores were examined and
evaluated on motor flange casts (Figure 3), produced using the
high-pressure die casting method on a Miiller Weingarten 600
cold-chamber horizontal die casting machine with a four-cavity
mold. The characteristic properties of the cast are presented in

Table 1.
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Samples for the macroscopic study of pore shape, frequency,
and roundness factor were taken from two locations within the
gating system: from the structural opening area of the cast, as
shown in Figure 3, and from the region of the main runner
channel, as shown in Figure 4. The process and technological
parameters of the casting cycle are listed in Table 2.

Sampling site

for macroscopic
; analvais
Place of test sample collection )
Fig. 4. Sampling scheme for macroscopic analysis
Table 2.
Technological parameters of the casting cycle
Parameter Value
Melt temperature in filling chamber, °C 617
Die temperature, °C 200
Temperature of the tempering medium, °C 190
Final plunger velocity in 1% phase, m.s™! 0.8
Plunger velocity in 2™ phase, m.s! 2.8
Holding pressure, MPa 25
Die cavity filling time, s 0.017
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Fig. 3. Experimental sample -
Table 1.
Weight and volume characteristics of the cast
Quantity Value
Alloy EN AC 47 100-AlSi12Cul(Fe)
Alloy density, [kg.m] 2650
Cast volume, [m?] 51697.9 * 107
Cast weight, [kg] 0.136
Cast diameter, [m] 0.1165
Characteristic wall thickness, 0.002

[m]

2.1. Description of Used Methods

The captured images of the samples were processed using
selected thresholding methods. First, the images were converted
from RGB to greyscale, and then pixel values were clipped to the
range of 0 to 130, with this threshold value determined
experimentally. Subsequently, based on thresholding algorithms,
the image was converted to binary format, where pixels
representing pores were assigned a value of 255 and the
background a value of 0. The boundary curve points of the
detected pores were then obtained, and the pixel area, relative area
to the image, and roundness factor were calculated using formula
2).

The Otsu method is an automatic image thresholding
technique used to convert grayscale images into binary images. Its
goal is to find the threshold value that best separates the image
into two classes, typically the object and the background [20]. The
method is based on the image histogram, which is a set of bins
representing the number of pixels at each brightness level, and is
used to compute the threshold. The method assumes a bimodal
histogram—i.e., that pixel intensities form two main groups [21].
The core idea of Otsu’s method is to set the threshold between
classes so that each class is as “homogeneous” as possible [22].
Key advantages of this method include its computational
simplicity and its independence from the brightness and contrast
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of the original image [23]. The main computation in the Otsu
method is represented by equation (4):

of (£) = e (£} oy (8] [ () — p, (877 4)

where t is the tested threshold, wo(t) is the weight of class 0 with
intensity <t, @i(t) is the weight of class 1 with intensity > t, po(t)
is the mean intensity of class 0, pu(t) is the mean intensity of class
1, and 6_b?(t) is the between-class variance [22].

The Multiple Otsu method is an extension of the standard
Otsu method used for automatic image thresholding. While the
basic Otsu method divides the image into two classes (e.g., object
and background) [24], Multiple Otsu allows the image to be
divided into more classes based on pixel intensity. The method
searches for threshold values that divide the histogram into
several regions in such a way that the between-class variance is
maximized—i.e., the classes are as distinct as possible [25]. This
is achieved by statistical analysis of the image histograms [26].
The total between-class variance in the Multiple Otsu method is
calculated using equation (5):

f-’i:: = F=_nl w; (g — .“:r:]: Q)

where n is the number of classes, ®; is the probability of the i-th
class,  is the mean intensity of the i-th class, p T is the overall
mean intensity of the image, and ¢_b? is the total between-class
variance [27].

The Yen method is an automatic image thresholding
technique based on maximizing the entropy between two pixel
classes—that is, between regions below and above a given
threshold. The Yen method uses an information-theoretic
approach to find the threshold that best separates these regions in
terms of their internal entropy [28]. This often leads to better
results in low-contrast or ambiguous histograms. It is particularly
suitable for segmenting complex or noisy images [29]. In this
method, the total correlation value {: Cylt) + Cf [tj} is determined

by probability distributions as described by equations (6-8).

€, = —{n[ '{=D(§—T‘]:} ©)
6@ = ~in {325, (22) ] ™
t* = argmax|{C,(8) + Cf{t]} (®)

where 1; is the probability of occurrence of intensity i in the

histogram and Py = :-rz_ulpi [27].

The Niblack method is a local thresholding technique that
determines an individual threshold for each pixel based on the
intensities in its surrounding neighborhood. For each small
window around a given point, the mean and standard deviation
are calculated [30-31]. The threshold in the Niblack method is
determined using equation (9):

T(Lj) = pyy + k- oy )
where p is the local mean, o is the standard deviation, and k is a
pre-defined constant, usually negative [32]. This approach adapts
to local changes in brightness and contrast, making it suitable for
text, document segmentation, and images with uneven lighting
[33].

The Sauvola method is an adaptive thresholding technique
derived from the Niblack method. It calculates the threshold for
each pixel based on the local mean and standard deviation in its
neighborhood [31]. Compared to the Niblack method, it also
considers the maximum possible contrast in the image. This
modification reduces noise in low-contrast areas, and the
adjustable parameters can be fine-tuned for each case study [32].
The threshold value is calculated using equation (10):

Toy = tay [1 -k (22— 1)] (10)

"

where p is the local mean, o is the standard deviation, R is the
maximum contrast (usually 128 for 8-bit images), and k is a
tunable parameter determining the sensitivity of the thresholding
[33].

The Triangle method is a global thresholding technique that
finds the optimal threshold based on the shape of the histogram by
calculating the threshold that minimizes the variance of pixel
intensities in the foreground and background. It connects two
endpoints of the intensity histogram [34-36] and then finds the
intensity level with the greatest perpendicular distance from this
line. This intensity is then used as the threshold [37]. It is
particularly suitable for images with a single dominant object and
well-separated background. Equation (11) is used to calculate the
perpendicular distance of a histogram point (x, y) from the line
connecting points A = (Xo, yo) and B = (x1, y1).

[y —yolx—{xg—2 )2+, yo—¥i 20l
D(.r,y] — F1 J'I:I .u~.'-1' 1J-Iu_| YiXo (11)
o Ly =yt + Ly +2p )<

In equation (11), the value of x is sought for which this distance
D (x, y) is maximal; this intensity is then selected as the
threshold [38].

3. Results and Discussion

The capability of selected automatic image processing
methods for pore detection on images of metal castings was tested
on eight selected images. The same ten images were also
manually evaluated by three experts in mechanical engineering
technologies with experience in metal casting. Correlation
analyses were performed on the obtained results for the detection
of the total number of pores, analysis of the total pore area, and
analysis of the average roundness of the detected pores.
Additionally, an analysis of the time demands for processing the
test images was conducted.
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3.1. Correlation Analysis of Total Pore Count
Detection

The aim of this analysis was to assess the level of agreement
between evaluations of the total number of pores on selected
metal cast images by three experts and six selected object
segmentation methods in image data (Otsu, Multi-Otsu, Triangle,
Yen, Niblack, and Sauvola). The results are presented in the form
of a correlation matrix shown in Figure 5, which illustrates the
mutual relationships between the individual evaluators and
methods.
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Fig. 5. Correlation matrices of individual methods for determining
the total number of pores on selected metallographic sections

The expert evaluations (Expert 1, Expert 2, Expert 3) show
a very high degree of mutual correlation, with their correlation
coefficients ranging from 0.94 to 0.98. This indicates strong
consistency and agreement among the experts in evaluating the
outputs. When comparing expert evaluations with automatic
methods, the highest correlation values are achieved by the Otsu,
Multiple Otsu, Niblack, and Sauvola methods, with correlations
ranging from 0.85 to 0.96. These methods thus exhibit a high
level of agreement with human evaluation and can be considered
the most suitable to replace expert assessment in terms of
identifying the total number of material defects in the given
images, with the Otsu method achieving the best results among
them. Conversely, the Triangle and Yen methods show lower
correlations with the experts (particularly with Expert 2, only
around 0.73), which may suggest a different segmentation
approach or an inability to find the optimal threshold in these
specific images. Very strong correlations are also observed among
the automatic methods themselves, especially among Triangle,
Yen, Niblack, and Sauvola, which show correlations between 0.98
and 1.0, indicating that their outputs are very similar. These
methods are likely redundant in terms of their results.
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3.2. Correlation Analysis of the Total Area of
Detected Pores

This analysis focuses on evaluating the agreement between
the three experts and six automatic thresholding methods based on
determining the total area of pores captured in the selected metal
cast images. The correlation matrix (Figure 6) generally shows
very high correlation values, indicating that both expert
evaluations and most methods provide consistent outputs.
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Fig. 6. Correlation matrices for evaluating the total pore area on
selected metallographic sections
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Among the experts, a very high level of mutual agreement is
evident. Correlation coefficients between them range from 0.95 to
0.97, confirming the consistency of human evaluation across
different assessors and supporting the high validity of the experts'
assessments. In terms of agreement with the experts, the best-
performing methods are Niblack, Sauvola, Triangle, and Yen,
which achieve correlations with individual experts in the range of
0.89 to 0.96. These methods show a very high degree of
alignment with human evaluation and can be considered reliable
alternatives to manual assessment. On the other hand, the
Multiple Otsu method shows lower correlation values compared
to the others, particularly with the third expert, where it only
achieves a value of 0.83. The Otsu method also has slightly
weaker correlations with the experts than the other methods
mentioned, although it still remains at a relatively high level
(around 0.87-0.94). Very strong correlations are also evident
among the automatic methods themselves. Especially the
Triangle, Yen, Niblack, and Sauvola methods are nearly perfectly
correlated (with correlations of 0.99 to 1.0), indicating that their
outputs are almost identical. Such a level of similarity can be
leveraged in optimization, for example, by selecting a single
representative method to simplify the model or reduce
computational load.
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3.3. Correlation Analysis of the Average
Roundness of Detected Pores

This correlation analysis focuses on the relationships between
the three expert assessments and the six binarization methods
based on the evaluation of the average roundness of the pores
detected by the respective experts or methods. This time, the
correlation coefficients show higher variability and, in some
cases, significantly lower values, including even negative
correlations (see Figure 7).
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Fig. 7. Correlation matrices for evaluating the average roundness
index of detected pores on selected metallographic sections

Among the individual experts, relatively strong agreement
remains, though not as pronounced as in previous matrices. The
correlations between them range from 0.76 to 0.92, suggesting
some degree of variability in evaluation, particularly with Expert
3, who shows somewhat weaker correlation with the others.
Among the methods, the highest correlations with the experts are
shown by the Otsu method, which has very high agreement with
all experts (0.90-0.92), as well as the Sauvola and Yen methods,
which also consistently achieve high correlations (0.77-0.85). The

Multiple Otsu method maintains strong correlation with both the
experts and the Otsu method (0.82—0.93). In contrast, the Triangle
method shows the lowest correlations with nearly all experts
(values around 0.18-0.33) and even negative or zero correlation
with other methods (e.g., with Otsu or Multiple Otsu). This
indicates that the outputs of the Triangle method differ
significantly from both human assessments and other algorithms,
suggesting its unsuitability for this particular task. The Niblack
method also has relatively low correlations with the experts
(0.33-0.56) and weak or even negative relationships with some of
the other methods, which also questions its consistency for this
task.

Overall, the results show that while the Otsu, Sauvola, Yen,
and Multiple Otsu methods demonstrate consistent agreement
with the experts and among themselves, the Triangle method and,
to a lesser extent, Niblack differ and may produce outputs that do
not align with human evaluation based on this specific metric.

3.3. Time Analysis of Image Processing by
Individual Methods

During the processing of individual images—which involved
detecting pores in cast—the time required by each expert and each
automatic thresholding method to complete the task was recorded.
All these times are presented in Table 3.

The difference between manual evaluation by experts and
automatic evaluation using conventional image processing
algorithms is substantial. The average evaluation time for experts
was 2,352.62 seconds, whereas the average time for processing
the images using automatic methods was 0.28 seconds, which is
8,272 times less. The Otsu method was the fastest at processing
the selected representative images, mainly due to a significant
time saving on the first image, where it outperformed all other
methods by at least 0.21 seconds—which, given its processing
time of 0.014 seconds, means it was at least 18 times faster. If the
first image were excluded, it would rank as the third fastest
method after Yen and Triangle.

Table 3.
Time required (s) for processing individual test images of metallographic sections containing porosity
Expertl  Expert2  Expert3 Otsu M(‘;ltts‘l‘l"e Triangle Yen Niblack  Sauvola

img_1 255 322 183 0,014 0,247 0,224 0,226 0,246 0,227
img_2 239 273 153 0,010 0,016 0,006 0,006 0,014 0,015
img_3 360 354 205 0,011 0,018 0,008 0,007 0,015 0,016
img_4 107 69 41 0,009 0,010 0,006 0,007 0,014 0,015
img_5 801 993 357 0,012 0,017 0,010 0,009 0,018 0,018
img_6 576 354 183 0,010 0,020 0,010 0,010 0,018 0,015
img_7 287 384 175 0,010 0,019 0,007 0,007 0,018 0,015
img_8 48 146 96 0,010 0,021 0,008 0,007 0,015 0,015
sum 2771 2894 1393 0,09 0,37 0,28 0,28 0,36 0,34
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3.4. Application Example of Selected

Thresholding Methods on Test Images

Selected images comparing the detection performance of the
automatic methods Otsu, Yen, and Sauvola, and three experts are
shown in Figures 8 and 9. In Figure 8, there is optimal agreement
among both the experts and the presented methods regarding the
location and shape of the individual detected pores, which forms
the basis for determining their roundness in the metal casting. In
Figure 9, there is a high correlation in detecting the individual
pores, although the automatic methods tend to detect even small
features that the experts did not mark, as they did not consider
them to be pores but rather image noise. Additionally, a slight
mismatch in the exact shape—and thus the related roundness—of
some pores can be observed between the selected methods and the
individual experts. For example, in Figure 8, Expert 1 and Expert
3 assessed two pores with roundness values of 3 and 4 as absent,
whereas Expert 2 identified three pores with a roundness of 4 and
one with a roundness of 3 in the image.

Expert 1

Expert 2 Yen

Sauvola

Expert 3

Fig. 8. Example of processing a test image by three experts and
selected automatic methods

Expert 1

Expert 2 Yen

Sauvola

Expert 3

Fig. 9. Example of processing a test image by three experts and
selected automatic methods

4. Conclusions

Three correlation analyses were conducted to assess the level
of agreement between the evaluations of three experts and six
automatic image binarization methods. Each analysis used a
different type of metric: the total number of detected pores, the
total area of detected pores, and the average roundness of the
detected pores. The results highlight differences in consistency
among the individual methods depending on the selected metric.

In the analysis focused on the agreement in the number of
detected pores, the results show very strong correlations between
the individual experts (0.94-0.98), confirming the consistency of
human evaluation. Among the automatic methods, the highest
agreement with the experts was found in the Otsu, Multiple Otsu,
Niblack, and Sauvola methods, with correlation values around
0.89-0.96. In contrast, the Triangle and Yen methods had lower
correlations (0.73-0.82), indicating discrepancies between their
outputs and expert judgment.

The second analysis was based on the correlation of the total
area of detected pores. Here again, the correlations were very
high—both among the experts (0.95-0.97) and between the
experts and methods such as Niblack, Sauvola, Triangle, and Yen
(around 0.89-0.96). In this metric, the Triangle method, which
showed weaker performance in the previous matrix, appears to be
fully relevant and aligned with human evaluation. A significant
correlation (0.98-1.0) among the Triangle, Yen, Niblack, and
Sauvola methods indicates a high similarity in their outputs.
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These methods could be considered interchangeable, which may
be useful for reducing redundant computations.

In the third correlation analysis, the results were lower and
more variable. While a valid degree of agreement remained
among the experts (0.76-0.92), the outputs of some methods
differed significantly. The Otsu, Multiple Otsu, Sauvola, and Yen
methods maintained high correlation with the experts (0.77-0.96),
thus demonstrating strong consistency. Conversely, the Triangle
method showed very low, sometimes even negative correlations
(e.g., —0.01 with Otsu), indicating that its output is completely
inconsistent with other approaches for this task. The Niblack
method also showed lower correlations, confirming its lower
reliability in relation to this specific metric.

In terms of time savings, all automatic methods significantly
outperformed manual annotation of individual pores in the images
of metal castings. All automatic methods were able to process the
test images in under 0.5 seconds, whereas the experts took
approximately 26—55 minutes for the same task.

Based on the obtained results, it can be concluded that for
processing images of the same type as those used in this study—
specifically for the detection of pores in cast—the Otsu, Sauvola,
Yen, and Multiple Otsu methods are particularly suitable due to
their consistency and correlation with expert manual detection
across all three analyses. Their main advantage lies in the
significant time savings and the potential to allocate expert effort
to more sophisticated tasks. The remaining methods, Triangle and
Niblack, did not demonstrate sufficient relevance for this type of
task. The Triangle method failed in determining the average
roundness of detected pores, where the Niblack method also
showed weaker results.

The conclusions reached will serve as a platform for further
research and at the same time predict the possibilities of
introducing automatic image processing methods into casts
quality assurance systems. These methods should be included in
the technical preparation of production when developing new
pressure casting die when sampling the first zero-series casts. At
the same time, ongoing research aims to find a correlation
between the shape of pores and the mechanical properties of casts.
This will allow automatic porosity assessment methods to be used
in the output control of casts, where, referring to the partial
conclusions of publications [17-19], it is possible to predict the
state that even with a higher porosity fraction with a circularity
index approaching the value s = 1, it is possible to maintain the
required values of mechanical properties and either release the
casts for production or ship them directly.
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