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Abstract 

In this work, a proposed Computer Vision System (CVS) has 

been applied to measure the porosity of iron oxide (Fe3O4) 

specimens. Measurement of the porosity using CVS reduces 

time, effort and cost compared to the conventional methods. 

Fe3O4 was received from iron rolling process in the form of 

thin layer, and then converted to powder by grinding process 

and filtering by 200 m sieve. Fe3O4 specimens were then 

manufactured by powder metallurgy (PM) technique using 

steel die subjected to a compression load (300 KN) to form 

cylindrical discs with 27 mm diameter and 10 mm height. 

Optical microscope with digital camera has been used in 

capturing images of the surfaces of Fe3O4 specimens. The 

proposed CVS uses k-means algorithms, which divide the 

intended surfaces into distinct regions and by computing the 

ratio between these regions, the specimen porosity is obtained. 

Layers of the specimens are removed to measure the average 

porosity inside the specimens. The average value of porosity 

of specimens has been obtained for the original specimen and 

its mean value is 26.39%. In comparison, the porosity 

computed by CVS was very close to that obtained using 

conventional method, which confirms the efficiency of this 

technique. 

Keywords: Porosity, Computer vision, Iron oxide, Image 

analysis, Powder metallurgy  

 

I. INTRODUCTION 

Porosity is a characteristic in solid materials that describes the 

amount of pores relative to the rest of the material. Porosity is 

expressed by measuring the proportion of either connected or 

disconnected pores to total mass of the material. Porosity in 

metallic materials is of great importance because of their 

relevance on material’s density, strength, brittleness and 

fracture toughness [1]. The microstructure of the metallic 

materials and their mechanical properties are strongly related. 

In this context, porosity is one of the coefficients that affect 

the elastic constants and other properties of the produced 

materials. Examples of the industrially porous materials 

include; catalysts materials, ceramic and construction 

materials, pharmaceutical products, pigments, membranes, 

sorbents, sensors, electrodes, fuel cells and active components 

in batteries, and gas and oil bearing stratum and rocks [2].  

Recently, in computer science, some projects have used image 

analysis to characterize the porosity behavior in different 

materials [3,4]. CVS provides key inputs for materials 

inspection for quality control as well as predicting materials 

properties from the digital analysis of microstructure images 

[1]. CVS and digital image analysis have a key role to play in 

the field of material manufacturing and quality control. 

Measurement of porosity using CVS reduces time, effort and 

money compared to the conventional methods, with 

reasonable accuracy. The images analysis of engineering 

materials provides important information for materials 

properties using an easy and simple means. Examples of 

images analysis applications are structure quantification [1,5] 

and mechanics of porous media [6,7]. Porosity can be 

estimated by computing volumetric measurements of core 

specimens from image analysis, which is pores size estimation 

of a small sample. This field is conducted towards the porosity 

measurement of the specimens, because it offers the basic 

concepts for understanding [4]. Classification and clustering 

algorithms has been extensively used to isolate the region of 

interest for the input images [8]. Many clustering models have 

been used to identify and extract the concerned region such as 

centroid-based clustering, distribution based clustering, 

connectivity-based clustering and density based clustering [9-

11].  

Iron oxide (Fe3O4) is material used for corrosion resistance 

purposes. This material was selected as a model material for a 

high porosity material through which the relationship between 

the resulting porosity and its physical properties could be 

linked [21]. Very little has been published about this 

particular material regarding the measurement of porosity and 

predicting their behavior using the computer vision analysis. 

In this study, a computer vision system (CVS) will be applied 

to compute the porosity of Fe3O4 specimens that were 

manufactured by powder metallurgy (PM) processes. Layers 

of the specimens are removed to the middle of the specimens 

to measure the average porosity inside them. A comparison 

between the average of porosity value estimated by this 

technique and that of the conventional method will be made.  

 

II. SPECIMENS MANUFACTURING AND POROSITY 

MEASUREMENT 

II.I Material and Specimens Preparation    

The primary material used in this work was iron oxide (Fe3O4) 

powder. The material was received in the form of iron oxide 

shells that were produced from the rolling processes of iron 

raw materials. As shown in Fig. 1 (a), the Fe3O4 shells have 

been extensively grinded and carefully filtered using sieve 

200 m. The powder produced was then distributed to 

specimens weighing 30 gm each, Fig. 1 (b). PM processes 
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have been performed for manufacturing Fe3O4 specimens in 

which a cylindrical die was designed and produced to compact 

the powder. As shown in Fig. 1 (c), the die has been placed on 

a hydraulic press and exposed to a compression load 300 kN 

for 15 minutes and the powder has been pressed up to a height 

of 10 mm. Then, the specimens have been subjected to two 

step sintering process in which they were heated in air in 

electric furnace to 100 °C for 24 hrs., and then they were 

exposed to 950 °C for 3 hrs., as shown in Fig. 1 (d) [12-14]. 

Fig. 2 (a) shows five typical specimens that were produced by 

PM and sintering process, with same dimensions. The 

surfaces of these specimens are carefully polished to a mirror-

like surface in order to capture number of images for 

microscopic analysis. Fig. 2 (b) shows a specimen after 

conducting two step sintering process and Fig. 2 (c) shows the 

specimen after polishing its surface to begin surface imaging 

and analysis. Optical Microscope (OM) has been employed to 

capture many images of the surfaces of Fe3O4 specimens and 

these were the main source of image analysis in CVS.  

 

   

  
 

 
Fig. 1 Specimens processing; a) Fe3O4 powder after grinding 

and filtering using a 200 m sieve, b) Distributing the powder 

to samples, each is 30 gm., c) Hydraulic Press with die used in 

pressing Fe3O4 specimens, and d) Electric furnace used for 

sintering. 

 

 

 

 

Fig. 2 a) Fe3O4 specimens manufactured using PM technique, 

b) Specimen after conducting two step sintering process, and 

c) Specimen after polishing its surface for imaging analysis 

 

II.II Calculation of the Porosity by Conventional Method 

In the following the porosity will be measured by a 

conventional method by calculating the true and apparent 

density of the specimens. The true density is calculated using 

one of the specimen and the apparent density is calculated 

using another one. Fig. 3 shows the procedure used in 

calculating true density of Fe3O4 specimen using Pycnometer. 

The steps start with weighing the empty Pycnometer, (named 

as step 1) and weighing the Pycnometer filled with distilled 

water, (named as step 2). Then, the difference between 

weights in step1 and step 2 is calculated which equals to the 

weight of water, (called Case 1). 

Whereas, water density = water weight/volume of water 

[gm./cm3], (named as step 3). 

The specimen is then grinded and filtered to a size of 200 m 

using suitable sieve and then weighing 5 gm. of the specimen 

powder. Fe3O4 powder is placed in an empty and dry 

Pycnometer, and then the Pycnometer is filled with distilled 

water until two thirds of its volume (100 mL). After that the 

Pycnometer is boiled in a water bath about 3 hours. Then the 

Pycnometer is left to cool down and filled with distilled water. 

Then the whole Pycnometer is weighed including all items 

(Pycnometer + water + specimen powder). 

Calculate water weight, (called Case 2) = total weight - 

(empty Pycnometer + specimen powder weight).  

The difference between Case 1 and 2 is obtained. Volume of 

specimen powder = weight difference in step 10/water density 

calculated in step 3. Specimen powder density (true density) = 

specimen powder weight/specimen powder volume. 

After completion of the previous steps, it was found that the 

value of the true density of Fe3O4 specimen is 4.95 gm./cm3. 

 

 

 

a

) 
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Fig. 3 Calculation of the true density, a) Weigh 5 gm to calculate the true density using a 100 mL density, b) The boiling stage of 

the powder with water at 100 degrees for three hours, c) The powder and water after boiling and cooling, and d) Iron powder with 

water added. 

 
Fig. 4 shows the procedures of calculating the apparent 
density of Fe3O4 specimen. The dry specimen is weighed 
using the scale, submerged in water for 24 hours, and then 
taken out and wiped with a cotton swab moistened with water 
to remove the remaining air bubbles on its surface. The 
specimen is weighed by hanging it with a thin thread in the 
scale's hook from the bottom (named step 2), Fig. 4.a. The 
specimen is weighed after being hanged by the thin thread and 
completely submerged in water, (named step 3), Fig. 4.b and 
c. The volume of the specimen = the weight of the 
displacement liquid = the weight calculated in step 2 - the 
weight calculated in step 3, (named step 4). Apparent density 

= the weight calculated in step 1/ the volume calculated in 
step 4. Based on these steps, the apparent density was found to 
be 3.63 gm./cm3. The values of the two previous densities can 
be used to compute the porosity value of Fe3O4 specimen as 
follows: 

True porosity = (1 −
Apparent density

True density
) × 100,   

Then, True porosity = (1 −
3.63

4.95
) × 100 = 26.67 %           (1)  

 

 

     
Fig. 4 Calculating the apparent density; a) Weighing Fe3O4 specimen suspended from the bottom of the sensitive scale, b) 

Weighing the specimen suspended in the balance from the bottom immersed in water, and c) The specimen suspended in the 

balance from the bottom immersed in water. 

 

III. IMAGE ANALYSIS PROCESS 

K-means algorithm has been employed in this study for 
porosity detection using CVS. This algorithm plays the main 
role in processing the images of Fe3O4 specimens for porosity 
measurement. The algorithm was designed to isolate the 
region of interest in the input images, based on pixels intensity 
value. The nature of the input image reveals that the most 
appropriate algorithm to extract the interesting region is K-

means algorithm due to the input image contains gray colors 
that can be used for classifications [10,11].  
 
To extract and isolate the region of interest, the Fe3O4 images 
are clustered into clusters. Clustering is dividing the input 
image into regions which have some similar features in the 
entire inspected region [11]. The input image is then divided 
into regions with distinct colors. The colors of the input image 
reflect the regions that contain the region of interest. The color 
of the area in question is used to extract and compute its ratio 
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to the rest of the inspected area. The steps and the 
performance of k-means algorithm and how it works are 
described in the following [15]. 

Let the pixels of the input image are: 

  x    1  i  n
i 1

n
x

i
  

 ,        (2) 

Where n is the dimension of the image or number of pixels, 
and 

 xc    1  j  m
j

1

m

j
 

           (3) 

The centers of the clusters, and the number of cluster centers 
is m. 

Step 1: assume, xc1 = x1 

Step 2: Locate the outmost pixel from x1, and name it cluster 
center xc2 

‖xc2 − xc1‖ = max
2≤i≥n

‖xi − xc1‖          (4) 

Step 3: Calculate the distance from the rest pixels to xci, for 
each one of these computations, chose maximum of the 
minimum distance: 

 '   -x x xc
j


,  

d = ‖xi0 − xcj0‖ = max
xi∈x′

 min
1≤j≥m

‖xi − xcj‖  (5) 

Where 1  jo  m, and xio  x’  

Step 4: The distance d is examined and if it is a significant 
fraction of the distance between cluster centers, this pixel is 
named a new cluster center. 

  xc
i

mean xc
j

 
                (6) 

where 1  i, j  m , i  j 

if {
d ≥ tc × mean (newcluster) go to step 3

otherwise  (no more cluster) go to step 5
 

Where tc is the value of threshold that decides to create a new 
cluster or not. 

Step 5: make all the rest pixels belong to the nearest cluster 

center. And for each xix’:   

 xc   min  x  - xc
j i j1  j  m

x
i
 

           (7) 

Step 6: compute the pixel mean for each cluster. This means 
may then be utilized as the new cluster centers. 

For 1 j  k, replace cj by 

1

1

p
xc x

j jp jj

 
  
   ,                (8) 

Where, p is the number of pixels of cluster j. 

Step 7: Rearrange the pixels x’ between xcj (iter) cluster 
region, using the rule: 

(iter)    ( )   x ( )x s if x xc iter xc iter
j j i

   
        

(9) 

Where, sj implies the set of pixels select cluster center is xcj, 

and 1  i, j  m, i  j 

iter: is required number of iterations to convergence. 

Step 8: recalculate the new cluster centers 

1
( 1)

1

p
xc iter x

j jp jj

 
   
                  

(10)
 

So that the summation of the squared distance from all pixels 
in sj to the new cluster centers is minimized. In other words, 
the new cluster center xcj is calculated for minimizing the 
performance index. 

2
   ( 1)

( )

I x xc iter
j i j

x s iter
i j

  


,  j = 1, 2, …, m    

 (11) 

Step 9: make sure of convergence that will be take placed if 
the cluster centers are unchanged: 

if {
xcj(iter + 1) =  xcj(iter) 2 ≤ j ≤ m, stop and terminate

otherwise                     go to step 7
 

End. 

Fig. 5 shows a typical example of the clustering process of the 
algorithm which has been applied to an input image. Fig. 5.a 
is the original image that has been processed to number of 
colors that defines the pores region as seen in Fig. 5.b. The 
following step is to isolate all colors except the color that 
represent the pores region. In this case, the light blue 
represents the region of interest that transformed in Fig. 5.c to 
white.  

  

 

Fig. 5 Clustering and isolation processes: a) original image 

captured using OM, X100, b) the classification of captured 

surface into solid region and pore region (clustering process), 

and c) the porosity area in white color. 
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IV.    RESULTS AND DISCUSSION 

In this study, two different cases have been considered for 
porosity computation using CVS. In these cases, the 
manufactured specimens have same diameter, 27 mm, and 
two different thicknesses namely; 10 and 5 mm. The K-means 
clustering algorithm is applied to the captured images. Five 
images have been captured for each case and they were 
distributed on the surface of the specimen with same 
magnification, X100. The porosity is then computed at each 
spot of the captured image. Finally, the porosity of the 
specimen is represented by the average value of the computed 
porosity at the investigated spots. As shown in Fig. 5, the 
isolation process, in which K-means algorithm is adopted to 
perform the clustering task due to its efficiency and easiness 
at implementation. The used images in this figure are; a) the 

original image, b) clustering of similar regions with numbers 
of colors and c) the isolation of the concerned region in white 
color, respectively. 

Tables 1 and 2 summarize the results of the experiment on a 
specimen with thicknesses of 10 and 5 mm, respectively. The 
tables show the original spot image, the clustering process and 
the isolation process. Based on CVS computations the average 
value of porosity, for 10 mm thick specimen is 23.76% as 
average of the porosity values in Table 1. Similarly as in 
Table 2, the porosity is computed for a specimen with a 
thickness 5 mm after removing half of the height in order to 
estimate the porosity value inside it. The average value of 
porosity of this specimen as resulted from the computation is 
29.04%.  

 
Table 1: Results of extraction of the porosity region of a specimen with 10 mm thick. 

Image Original Clustered Image Result Black Cluster 

Region  

Total 

Region 

Ration (%) 

2 

   

 

737946 

 

3145728 

 

23.45867 

1 

   

 

695444 

 

3145728 

 

22.10757 

3 

   

 

787568 

 

3145728 

 

25.03611 

4 

   

 

754486 

 

3145728 

 

23.98446 

5 

   

 

761418 

 

3145728 

 

24.20483 

 
As shown in Table 3, the thickness of Fe3O4 specimens has 
significant effect on the porosity value. The results show that 
there is an inverse relationship between the specimen 
thickness and the porosity ratio, the lower the thickness of the 
specimen the greater the porosity ratio. This result can be 
attributed to the processing technique in which the surface of 
Fe3O4 specimens was subjected to high pressure, 300 KN, 
which squeezes the material granules together and its value 
decreases toward the center of the specimen. In general, the 
resultant internal pressure in the specimen decreases from the 
surface until it reaches its lowest values at the center of the 
specimen. As a result, the surface of the specimen is exposed 
to the highest pressure value, so the Fe3O4 granules are 

squeezed and stick together tightly compared to those in the 
inner region of the specimen. This interpretation is in 
consistent with the results in Table 3 in which the porosity on 
the surface of the specimens is 23.76% and its value is 
29.04% on the removed surface. The average value of 
porosity of specimen resulted from CVS computation, for 
both cases, is 26.39%. The results of porosity computations 
(in average values) are presented in Table 3. This value of 
porosity indicates that the CVS computation is very close to 
that resulted from experiments and the difference between the 
two is very small, which confirms the accuracy of this 
method. 
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Table 2: Results of extraction of the porosity region of a specimen with 5 mm thick. 

Image Original Clustered Image Result Black Cluster 

Region  

Total 

Region 

Ration (%) 

1 

   

 

887311 

 

3145728 

 

28.2069 

2 

   

 

866895 

 

3145728 

 

27.5578 

3 

   

 

937331 

 

3145728 

 

29.7970 

4 

   

 

924485 

 

3145728 

 

29.3886 

5 

   

 

951623 

 

3145728 

 

30.2513 

 

 
Table 3: The average value of porosity resulted from the CVS computations. 

Porosity at 10 mm thick (%) Porosity at 5 mm thick (%) Average Porosity of both cases (%) True porosity (%) 

23.76 29.04 26.39 26.67 

 
V. CONCLUSIONS 

Based the previous work, porosity has been computed for 
Fe3O4 specimens by using CVS in which they were laboratory 
processed and converted from small granules to solid 
specimens by PM technique. Two different cases have been 
considered for porosity computation for specimens with same 
diameter, 27 mm, and two different thicknesses 10 and 5 mm. 
K-means clustering algorithm has been applied to the captured 
images.  

1) The average value of porosity of Fe3O4 specimens was 
found to be 23.76% for original specimen with 10 mm 
thickness and it increased with decreasing the thickness to 
be 29.04%. The mean value of porosity for the two 

computed values of the specimen is 26.39% 

2) Using the conventional method, the porosity of the Fe3O4 
specimens was found to be 26.67%. In comparison 
between the two methods it is obvious with that the 
porosity computed by CVS less than that obtained using 
conventional method with 0.27%.  

3) The accuracy of these results obtained from the 
computation compared to that experiments, indicates the 

validity and effectiveness of the image processing 
algorithms in measuring the porosity due to the ease and 
speed of such a technique. 

4) It is recommended for the future that these algorithms be 
used for a large number of images in a three-dimensional 
setting, which may enables obtaining more accurate value 
for porosity compared to that of the traditional method. 
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