
January, 2018                        Int J Agric & Biol Eng      Open Access at https://www.ijabe.org                          Vol. 11 No.1   199 

 

Detection of egg stains based on local texture feature clustering 
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Abstract: The quality of egg is mainly influenced by the dirt adhering to its shell.  Even with good farm-management 

practices and careful handling, a small percentage of dirty eggs will be produced.  The purpose of this research was to detect 

the egg stains by using image processing technique.  Compared to the color values, the local texture was found to be much 

more adept at accurately segmenting of the complex and miscellaneous dirt stains on the egg shell.  Firstly, the global 

threshold of the image was obtained by two-peak method.  The irrelevant background was removed by using the global 

threshold and the interested region was acquired.  The local texture information extracted from the interested region was taken 

as the input of fuzzy C-means clustering for segmentation of the dirt stains.  According to the principle of projection, the area 

of dirt stains on the curved egg surface was accurately calculated.  The validation experimental results showed that the 

proposed method for classifying eggs in terms of stain has the specificity of 91.4% for white eggs and 89.5% for brown eggs. 
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1  Introduction

 

So far, the collection and packaging of fresh eggs have been 

automated, and the related researches on detecting egg weight, size 

and infertile hatching eggs have been realized[1-3].  However, there 

is still a need for further study of egg defects detection.  The three 

main quality defects include cracks on eggshell, internal blood 

spots and external dirt stains.  With regard to the detection of 

cracked eggs, great quantities of studies have found that the 

acoustic characteristics can be used to identify damaged eggs 

effectively[4,5].  For the detection of internal blood spot, the 

spectral method was proved valid by previous studies[6].  And the 

related theories have been applied to current commercial systems[7].  

The application of computer vision techniques in dirt stains 

detection showed well effect in practice. 

During the process of production, storage and transportation, 

eggs may be polluted by blood from a prolapsed cloaca, faecal, 

water stains, grease, oil stains, etc[8].  Dirt stains may exist in 

different types of pathogenic bacteria, such as Salmonella, 

Escherichia coli and Staphylococcus, which may cause serious 

foodborne illness[9,10].  Moreover, cross-contamination may occur 

in the process of transportation and storage of eggs.  The eggshell 

cleanliness is an important index of egg grading. 

With the development of image processing technology and 

computer hardware, machine vision has shown great potential in 

detecting dirty eggs.  Up to now, a number of studies have been 

conducted to detect egg stains based on machine vision.  In 1996, 
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Patel et al.[11] proposed the neural network model trained by gray 

histogram for egg surface defects detection.  Although such model 

for dirt stain detection had an average accuracy of 80.0%, the 

detection of single egg cost more than 1000 ms.  Then Patel et 

al.[12] improved the neural network model to be trained by color 

histogram in 1998, which increased the average accuracy for dirt 

stain detection to 85%.  In 2000, Garcia-Alegre et al.[13] found that 

subtracting background estimation obtained by average filtering 

from [(R-B)/(R+B)] the normalized color differential image can 

help to enhance dirt stains and cracks on the eggshell and 

effectively increased the detection speed.  The same year, 

Ribeiro[14] proposed GA classification algorithm based on sample 

learning, which can identify the egg stains more accurately.  

Mertens et al.[15] designed an off-line computer vision detection 

system to identify different types of dirt on brown eggshell 

including dark (feces), white (uric acid), blood, and yolk stains, 

with the accuracy recognition rate of 99%.  Recently, new 

researches have shown the possibility to distinguish organic stains 

from natural stains.  In 2012, Lunadei et al.[16] opportunely 

combined monochromatic images to detect cracks and egg stains 

with high classification rate of 98% and low processing time  

(0.05 s).  To avoid the influence of uneven brightness caused by 

curved egg surface, Arivazhagan et al.[17] proposed to extract H 

component from HSV color space and then use the global threshold 

segmentation method.  However it is practically difficult to 

identify the black stains adhering to the egg surface. 

Some of above-mentioned studies were only applicable to 

specific shell color or specific type of dirt stains.  Owing to the 

problems mentioned above, this study adopted local texture 

information instead of colors information to accurately segment the 

dirt stains on the egg shell.  The research aimed to design and 

evaluate an egg detection system for distinguishing dirty and clean 

eggs, eliminating the disturbance of eggshell color and dirt stains 

on the detection precision and improving the average accuracy of 

dirt stains detection. 
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2  Materials and methods 

2.1  Sample preparation 

In this research, a total number of 300 chicken eggs with 

different shell colors (white and brown) were selected from a 

farmers market in Hangzhou, China.  Egg samples with normal 

surface, and four common external dirt stains (i.e. bloody speckle, 

fecal matter, urine, chicken feed, dripping liquid from the leakers) 

were collected.  The dirty eggs were inspected and classified by 

skilled egg graders.  Among these egg samples, there were 154 

clean eggs and 146 defected eggs with complex types of dirt stains.  

The detailed artificial classification results of 300 egg samples are 

shown in Table 1. 
 

Table 1  Artificial classification results of 300 egg samples 

 

Eggshell color 

Total 

White Brown 

Sample 

types 

Bloody Speckle 15 7 22 

Fecal matter and urine 21 25 46 

Chicken feed 19 24 43 

Dripping Liquid 15 20 35 

Clean 70 84 154 

Total 140 160 300 
 

Figure 1 shows the samples of dirty eggs with common dirt 

stains.  The blood stains are more dispersed and deep red in 

appearance, its boundary adjacent to the clean region is fuzzy.  

Fecal matter, urine and chicken feed are the most common stains 

on the egg surface, which have diverse colors, but they are more 

concentrated that relative to the blood stains.  Dripping liquid 

stains refers to yolk and albumen adhering to the eggshell.  Such 

stains, albumen in particular, have a quite similar color to eggshell 

due to its transparent characteristic. 
 

  
a. Bloody speckle b. Fecal matter and urine 

  
c. Chicken feed d. Dripping liquid 

 

Figure 1  Different types of dirt stains on the eggshell 
 

2.2  Computer vision system 

The egg detection system based on computer vision was 

developed, as shown in Figure 2.  It was mainly composed of 

mechanical transmission, illumination chamber, industrial digital 

camera, fluorescent tubes and computer.  Three rows of eggs were 

placed on the dual tapered rollers which moved forward on the 

chain.  The length of each roller was 72 mm and the interval 

between them was 54 mm.  Once the egg entered the illumination 

chamber, the dual tapered rollers contacted with the friction tape 

and rotated clockwise.  The eggs on the rollers are driven to roll 

around the axis A-A' counter clockwise as shown in Figure 2.  The 

camera was triggered to acquire images of eggs, making that three 

sides of each egg would be captured in the illumination box.  

Almost full details about the egg surface can be obtained from 

three sides of egg.  So 33 eggs should be captured in one single 

image at the same time.   

 
Figure 2  Egg detection system based on computer vision 

 

The illumination chamber was designed with the size of    

350 mm350 mm350 mm, larger than the required size in order to 

adapt to the length of fluorescent tube (Field of view was still   

216 mm162 mm).  Four fluorescent tubes (Philips, 8 W, 220 V) 

were distributed on all four inner surface of the illumination 

chamber, and diffuse reflection boards were mounted ahead of the 

fluorescent tubes to ensure the uniformity of illumination[18].  The 

Basler acA2500-14gm monochrome industrial digital camera was 

selected as image acquisition device, which has a maximum 

resolution of 25921944 pixels.  Fixed size segmentation was 

used to get each individual egg image with the size of 864648 

pixels, as shown in Figure 3. 

 
Figure 3  Fixed size segmentation 

3  Image processing 

3.1  Egg image pre-processing 

The original image was firstly processed with the circular 

averaging filter (with radius 3) to filter out noise on the image.  

Additionally, in order to speed up the image processing and 

eliminate the influence of background on the post processing, the 

background should be removed.  The background region has 

much lower gray value than the egg region, so gray histogram of 

the egg image has marked peaks and valley.  Hence, the valley 

signal of the gray histogram was regarded as global threshold to 
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differentiate target region and background region. 

Black dirt stains on the egg shell have similar gray values with 

background.  As Figure 4b shows, part pixels of the egg image 

were mistakenly segmented.  To address this issue, the maximum 

external contour of the binary image was traced to separate the 

target region from background.  As shown in Figure 4c, the 

internal region of maximum external contour was filled with white 

pixels to eliminate the black holes[15], while the external region was 

filled with black pixels. 
 

  
a. Original image after filtering b. Binary image 

  
c. Image after filling holes d. Image after removing background 

 

Figure 4  Pre-processing steps for egg image 
 

3.2  Dirt stains segmentation 

3.2.1  Texture features extraction 

The surface of egg is curved, which makes the brightness of 

target region uneven (Figure 5a).  And more importantly, the dirt 

stains on the egg shell are complex and miscellaneous, which 

include feces, dirt and blood from a prolapsed cloaca or yolk of 

damaged egg.  Therefore, it is not reliable to detect a variety of dirt 

stain defects by traditional threshold segmentation algorithm.  In 

addition to the gray-scale information, the texture features are also 

widely used in scientific research.  It was obvious that the surface of 

clean egg is smooth, whereas the dirt stains region is irregular rough.  

 
a. Original image 

 
b. Pixel’ gray level on the red line 

Figure 5  Analysis of stained egg’s gray level 

The statistical moment of the gray histogram of image is the 

simplest way to describe the texture[19].  Texture descriptors based 

on gray histogram include: (1) Mean value m: measure average 

brightness; (2) Standard deviations  : measure average contrast; (3) 

Smoothness R: measure relative smoothness; (4) Consistency U: 

measure regional gray level consistency; (5) Entropy e: measure 

regional gray level randomness. 
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where, zi denotes the random variables of image gray level, p(zi), 

stands for corresponding gray histogram, i=0,1,2,…,L-1, L is the 

number of distinguished gray levels. 

Equation (4) obtained the image gray level consistency U, the 

higher the consistency, the greater the U.  In order to obtain image 

gray inconsistency, the Equation (4) has been rewritten to highlight 

the dirt stains region: 
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The overall texture of the egg surface is scarcely influenced by 

small stains (Figure 5b).  Considering the uncertainty of the stain 

size, the local texture features were used to analyze the egg image.  

The texture features of each pixel can be obtained by calculating 

the statistical moment of the gray histogram of its neighboring 

pixels.  To improve calculation speed, the image was divided into 

blocks, and the texture features of each block were calculated[20].  

Then, the local texture features of each pixel were obtained by 

bi-linear interpolation.  Such method can both improve the 

calculation speed and ensure the accuracy of image segmentation.  

The results were normalized as shown in Figure 6 (block size = 

44).  

The extracted features are of high dimensions, so the 

dimensionality reduction is necessary before classification.  The 

mean value of dirt stains region may be higher or lower than the 

clean region.  Therefore, the local mean texture cannot distinguish 

between dirt stains region and clean region.  In Figure 6c, the 

smoothness texture of clean region and most dirt stains region are 

both close to 0.  If the smoothness texture was chosen as 

clustering feature, most of the dirt stains would be detected 

incorrectly as clean region.  Figure 6e shows that the local entropy 

of partial clean region is close to dirt stains region.  Similarly, 

supposing that the local entropy was chosen as clustering feature, 

most of the clean region would be detected incorrectly as the dirt 

stains.  Comparing Figures 6b and 6d (the standard deviation 

texture map and inconsistency texture map), there is a notable 

difference between the clean region and the dirt stains region of 

egg image.  So the feature vector xi = [, U'], i=1,2,…,mn was 

adopted, where m and n respectively represent the height and width 

of the image,  and U′ respectively represent normalized standard 

deviation feature and gray inconsistency feature. 
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a. Mean texture map b. Standard deviation texture map c. Smoothness texture map d. Inconsistency texture map e. Entropy texture map 
 

Figure 6  Local texture of egg image 
 

3.2.2  Clustering analysis and dirt stains segmentation 

As mentioned above, standard deviation  and inconsistency 

texture feature U' were chosen as the input features of FCM (Fuzzy 

C-Means Clustering).  The core idea of FCM is: dividing N 

vectors xi (i=1,2,…,N) into C classes to minimize the objective 

function.  The objective function is: 
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i j
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               (7) 

where, m=2, uij is the membership degree of the ith sample xi 

belonging to the class j; cj is a clustering center of class j, |||| 

represents the distance between the sample data and the cluster 

center.  In this research, we chose Euclidean distance as a measure 

of similarity.  FCM was used to cluster the pixels of the target 

region, and the points in the feature space were divided into 2 

groups, which respectively represent the clean region and the dirt 

stains region, as shown in Figure 7. 

 
Figure 7  Segmentation result by clustering 

 

After the image segmentation based on FCM, the dirt stains 

adhering to the egg shell would be segmented accurately.  Owing 

to the dramatic gray transition, the edge of egg target was divided 

into dirt stains incorrectly.  It is necessary to remove the edge 

region from the segmentation image.  Considering the fact that the 

false segmented region always exists on the edge, a slightly smaller 

mask can be used to remove the wrongly segmented region.  The 

required mask was obtained by Erosion operation on the binary 

image which was acquired on the image pre-processing step.  

Furthermore, holes in the dirt stains region are likely to be wrongly 

segmented.  By means of morphology, the holes in the connected 

area can be filled.  The process is shown in Figure 8. 
 

  

a. Required mask 
b. Segmentation image after 

removing edge 

  
c. Segmentation image after filling holes d. Result of dirt stains segmentation 

 

Figure 8  Removal process of false segmentation region 
 

3.2.3  Selection of algorithm parameters 

The choice of the block size is the critical part of the proposed 

algorithm to segment egg dirt stains based on local texture feature 

clustering.  The block size used in the description of the algorithm 

was 44.  Then the effect of block size has been demonstrated on 

the segmentation, as shown in Figure 9. 

When the block size is too small, lots of clean pixels are 

misclassified as dirt stains.  With the block size increasing, the 

clean region outside the dirt stain edge is wrongly segmented as dirt 

stains.  The block size of 55 after a series of test has been chosen. 

3.3  Algorithm segmentation effect 

In order to verify the general applicability of the proposed 

algorithm to various dirt stains, egg images with different shell 

colors and different types of dirt stains were segmented by the 

proposed method, as shown in Figure 10.  
 

    
a. Original image b. Block size=33 c. Block size=44 d. Block size=55 

    

e. Block size=66 f. Block size=77 g. Block size=88 h. Block size=99 
 

Figure 9  Comparison of segmentation results with different block sizes 
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a. Effect of proposed method on white shell eggs 

    

    

b. Effect of proposed method on brown shell eggs 

Figure 10  Segmentation effect of different eggshell color with various dirt stains 
 

Experimental results showed that the proposed method can 

segment various types of egg dirt stains with different shapes or 

intensity. 

4  Classifying method 

4.1  Calculation of dirt stains region area 

The severity of egg shell dirt is different in eggs, for this case 

the severity detection of defects is necessary.  By using the 

proposed method, the dirt stains on the egg shell can be accurately 

segmented.  Figure 9d demonstrates the fact that some noises 

were generated using the proposed method, which are much 

smaller than the real dirt stains.  Hence, small connected regions 

were ignored by calculation of the area of each dirt stains region.  

Experimental results indicated that the region with an area of less 

than 20 pixels can be considered as noise. 

At present, the surface of egg was treated as a plane, which 

would cause large deviation in detection results.  Apparently the 

dirt stain in the center of the egg surface and the dirt stain of equal 

size on the edge of the egg will produce different results.  By 

calculating the dirt stains region area of the segmented egg image, 

we can quantitatively describe the severity of egg shell dirt.  

Therefore, it is necessary to calculate the actual area of the dirt 

stain according to the image information. 

As shown in Figure 11, it is assumed that the surface of an egg 

is performed by rotation of the outline ACB of projected area in line 

of longitudinal axis AB[1].  The captured image was the projection 

of egg surface in XOY plane, each pixel of which was regarded as a 

square with an area of 1[21].  According to the projection angle of 

each pixel in the egg region, we can calculate the actual area of dirt 

stain.  The coordinates of the actual point on the egg surface can 

be calculated.  The O’SS’ in Figure 11 is an right triangle with 

the side length: O′S′=(L1+L2)/2, O′S=(L1-–L2)/2.  According to the 

Pythagorean theorem, it can be obtained: SS′=L1L2
1/2. 

 
Figure 11  Calculation of actual area for egg surface 

 

Assuming that any point (x, y, z) on the egg surface satisfies: 

( , , ) ( , ) 0F x y z z f x y                (8) 

The normal vector m of the point (x0, y0, z0) on the egg surface 

is obtained as follows: 

 0 0 0, ,
, , , ,1

x y z

F F F f f

x y z x y
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(9) 

The normal vector of the plane XOY is: n=(0, 0, 1).  The 

cosine of the projection angle of the egg surface is:  
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Although the function expression of z=f(x, y) was unknown, 

the coordinates of each point on the surface had been calculated, 

therefore we can use finite differences to calculate the partial 

derivatives: 
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The actual area of each pixel in the egg region can be 

calculated according to the Equation: ΔS=1/cosα.  The actual area 

of each connected region can be obtained by accumulating the 

actual area of each pixel in the connected area. 

4.2  Establishment of classifying method 

In order to eliminate the influence of egg size on the 

experimental results, this study regards the ratio of the dirt stains 

region area Sz and egg region area S as identification parameter to 

establish the classifying standard[22]: 

zS
K

S
                     (13) 

So-called dirty egg is a shell that is unbroken and has dirt or 

foreign material adhering to its shell, which has prominent stains, 

or moderate stains covering more than 1/32 of the shell surface if 

localized, or 1/16 of the shell surface if scattered (USDA, 2000)[23].  

To ensure safety and quality of eggs, the threshold was fixed on 

0.03.  In this research, three faces of each single egg were 

captured.  When any one of them satisfied K≥0.03, we can 

distinguish the egg as dirty egg. 

4.3  Classifying experiment 

The main work of this research was to develop a new 

segmentation algorithm for the detection of eggshell dirt stains.  

The emphasis here should be on eliminating the influence of 

various eggshell colors and complicated shapes, distribution, 

intensity of external stains.   

Totally 300 eggs were collected as test set to verify the 

effectiveness of the classifying method, which contained 154 clean 

eggs and 146 dirty eggs by manual testing.  The types of dirt 

stains included bloody speckle, fecal matter, urine, chicken feed 

and dripping liquid from the leakers.  Table 2 shows the detection 

results for white eggs and brown eggs using the proposed method.  

Accuracy is the number of correctly predicted eggs divided by the 

total number of egg samples.  Sensitivity is the measure of the 

ability of the proposed method to recognize the positive cases.  

Specificity is the measure of the ability of the proposed method to 

recognize the negative cases.  The results showed that the 

classifying method had an adequate performance for eggs with 

different shell colors.  Comparing with some previous works 

focused on the detection of eggs with specific color[11,12], the 

proposed method has behaved strong flexibility. 
 

Table 2  Test results of the proposed classification method 

 Class 

Predicted 

Accuracy 
/% 

Sensitivity 
/% 

Specificity 
/% Clean  

eggs 

Dirty  

eggs 

White 
Clean eggs 68 2 

94.3 97.1 91.4 
Dirty eggs 6 64 

Brown Clean eggs 76 8 90.0 90.5 89.5 
 

The proposed method misclassified 10 clean eggs in dirty class 

and 14 dirty eggs in clean class.  After analysis, 10 clean eggs 

misclassified as dirty eggs were mainly attached by wrinkles or 

spots.  However, such wrinkles or spots are different in texture 

with clean regions.  The proposed segmentation algorithm may 

falsely segment them as dirt stains.  Fourteen dirty eggs, mostly 

eggs with dripping liquid, were misclassified as clean eggs.  

Besides, the two ends of egg were hard to be captured.  Dirt stains 

adhering to the ends of egg may be ignored by visual detection. 

The detection results of common types of eggshell dirt stains  

were shown in Table 3.  In this case, the proposed method was 

suitable to detect such types of eggshell stains, apart from the dirty 

eggs with dripping liquid (near 85.7% of correctly classified) and 

bloody speckle (near 90.9%).  Due to dispersed distribution and 

small size of scale, the blood speckles may be removed as noise in 

process of spot area calculation.  The cases of misclassification of 

eggs with dripping liquid were different: what happened here is that 

the color of these stains was quite similar to eggshell, and 

sometimes there were no obvious texture differences between them.  

Garcia-Alegre et al.[13] reported an accuracy of 92% for dirty eggs 

and 82% for clean ones.  Dehrouyeh et al.[8] obtained an accuracy 

of 85.66% for dirty eggs.  However, such studies can not be 

applied on various types of dirt stains and were incapable of 

detecting dark stains effectively. 
 

Table 3  Detection results of common types of eggshell dirt 

stains 

Sample types No. of samples 
No. of 

misclassified 

Classification 

accuracy/% 

Bloody speckle 22 2 90.9 

Fecal matter and urine 46 4 91.3 

Chicken feed 43 3 93.0 

Dripping liquid 35 5 85.7 

Clean 154 10 93.5 
 

In the actual production activities, the most important indicator 

is specificity.  It would rather distinguish the clean egg to be dirty 

egg than identify the dirty egg incorrectly as clean one and finally 

appear in the products.  The proposed method to classify eggs has 

the specificity of 91.4% for white eggs and 89.5% for brown eggs.  

The results showed that the classifying method had an adequate 

performance. 

5  Conclusions 

(1) In view of the fact that it is difficult to adapt to all kinds of 

dirt stains using traditional threshold segmentation, the new dirt 

stain segmentation method based on local texture was proposed.  

Fuzzy C-means clustering was performed with the input features of 

local standard deviation and local inconsistency texture.  The 

results showed that the method had good result on the segmentation 

of various kinds of dirt stains. 

(2) According to the principle of projection, the area of dirt 

stains on the curved egg surface was accurately calculated.  When 

the stains region area is greater than 0.03 of each side face of egg, 

the egg is determined as dirty egg.  Experimental results indicated 

that the proposed method to classify eggs had the specificity of 

91.4% for white eggs and 89.5% for brown eggs. 

Although the accuracy of proposed dirty egg classification 

method has not the requirements of egg automatic online detection, 

the work carried out in this paper is meaningful.  Method to detect 

external defects based on local texture can be used not only for 

detecting poultry eggs, but also for other objects with smooth 

surface.  In addition, the area projection algorithm can be used to 

calculate the actual surface area of regular curved objects, and 

effectively improve the detection accuracy of surface defects.  

Further studies may focus on increasing the classification accuracy 

by using appropriate features and machine learning algorithm. 
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