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In this study, the freshness levels of boiled chicken eggs were determined using an electronic nose 
and machine learning techniques. Eggs were boiled and stored under refrigerator conditions (3±1ºC) 
from day 0 to day 6. Each storage day, eggs were divided into two groups based on cooling methods: 
quick-cooled and fast-cooled. Sensor readings were taken using an electronic nose, and image 
changes from 110 daily image files were processed with a machine learning program. With 85% of 
the image data used for training and 15% for testing, a classification accuracy of over 98% was 
achieved. The results showed that egg white solidified in more than 4 minutes and yolk solidified 
in 11 minutes. Fast-cooled eggs exhibited significantly lower odor levels, indicating superior 
freshness. This study demonstrates the effectiveness of electronic nose and machine learning 
systems in accurately determining the freshness of boiled eggs.  
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Introduction 

Egg, one of the third most important animal protein 
sources after meat and milk, contains many elements 
necessary for nutrition. Although different poultry (turkey, 
goose, quail, etc.) also have eggs, chicken eggs come to 
mind when "egg" is mentioned in nutrition terminology 
because they are produced industrially, are easily 
accessible, and create unique flavors by increasing the 
consistency of other foods. The important role of chicken 
eggs in human nutrition is based on the fact that they are 
considered to be excellent sources of high-quality protein, 
vitamins, and minerals. (Elkin & Harvatine, 2023; Hossain 
et al., 2024). However, eggs, considered a complete source 
of protein essential for optimal growth and maintenance of 
body tissues (Hossain et al., 2024), are known to have an 
important mission to meet the increasing demand for 
protein worldwide (Ahmed et al., 2023). 

Eggs, as a metabolic product, start to show undesirable 
changes in their quality levels from the moment they are 

laid by the hen (Jariyapamornkoon et al., 2023), and the 
increase in storage time, temperature, environmental 
conditions, and undesirable microbial changes in storage 
conditions further deteriorate their quality (da Silva Pires 
et al., 2022; Saleh et al., 2020; Yavuzer et al., 2020; 
Yavuzer & Kuley, 2020). 

Because undesirable water and carbon dioxide will 
escape from the pores on the surface of the eggshell during 
storage, undesirable results such as a decrease in humidity 
and pH increase will cause a decrease in quality(Santos 
Almeida et al., 2024).As with other foods with high 
amounts of animal protein, increases in temperature 
accelerate egg spoilage and reduce shelf life (de Araújo et 
al., 2023; Samli et al., 2005; Sariyel et al., 2022). 

Modern food technology performs sensory, chemical, 
and microbiological analyses to determine the shelf life of 
perishable foods such as fish, eggs, and milk (Yavuzer, 
2023; Yavuzer & Köse, 2022). However, due to the 
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development of technology, the production of rapid 
diagnostic kits, and the low time tolerance of the globalized 
trade system, electronic noses and machine learning have 
been used to determine the quality level of different foods 
in recent years (Azadbakht et al., 2024; Deng et al., 2010; 
Moallem et al., 2017; Wang et al., 2022; Yavuzer, 2018; 
Zhu et al., 2020). 

Eggs are one of the most important animal products in 
the human diet because of their balanced chemical 
composition and relatively low price (Drabik et al., 2021). 
Different studies have been conducted on the quality levels 
of eggs that have not yet been heat treated. In the present 
study, the determination of the subsequent consumption of 
boiled eggs, control of quality levels, the effect of fast or 
late cooling of the egg on odor changes and the use of 
electronic noses and machine learning to quickly determine 
these changes were investigated. 
 
Materials and Methods  

 
Machine Learning, Egg Material, And Imaging 

Conditions 
In this study, a web-based platform called Teachable 

Machine (TM) developed by Google was used for machine 
learning. A total of 40 medium-sized (M) chicken eggs 
were used in this study. The eggs were obtained from 
Niğde Ömer Halisdemir University Farm and were 
approximately 10 days old at the time of the experiment. 
The eggshell color was white. Egg samples were boiled for 
12 min, and one group was rapidly cooled under cold water 
and the other group was cooled slowly under room 
conditions. The boiled egg samples were divided into two 
groups and stored under refrigerator conditions (3±1ºC) 
and their images were photographed daily with the help of 
a camera (Nikon P1000) from different angles on a white 
background.  

 
Deep Learning 
Convolutional neural networks (CNN), the best-known 

deep learning network, were used to determine the daily 
changes in boiled egg samples (Mathworks, 2022). The 
ResNet-50 model defined in MATLAB Deep Learning 
Toolbox was used in the CNN environment to determine 
the features of 110 images per day, and the support vector 
machine (SVM) algorithm was used to classify the boiled 
egg features obtained by CNN. 

 
Electronic Nose Environment 
In this study, an electronic nose environment designed 

with MQ3, MQ4, MQ5, MQ8, MQ9, and MQ135 sensors 
that are compatible with Arduino previously developed by 
(Yavuzer, 2021) was used. The electronic nose 
environment used in the study is shown in Figure 1. In the 
study, the data of the boiled egg samples with shells intact 
kept in the electronic nose for 15 min were recorded on a 
card reader connected to Arduino and read in the computer 
environment, and averages were taken. The decision to 
conduct measurements with shell-on eggs was made to 
simulate real-life storage conditions. One limitation is the 
potential interference of environmental factors, which 
could be mitigated by conducting tests in a controlled 
environment. 

 

 
Figure 1. Electronic nose box construction with MQ sensors 

 
Microbiological Analysis 
For total viable count (TVC), 10 g of boiled egg 

samples were taken and mixed in 90 ml Ringer’s solution 
for 5 min using a stomacher and incubated in PCA (Plate 
Count Agar) medium at 30°C for 2 days. 

 
Statistical Analysis 
All data were presented as mean standard deviation 

(SD). To assess significant (p ≤ 0.05) differences among 
experimental conditions, ANOVA was performed, 
followed by Tukey's test. Tukey's test was chosen because 
it is suitable for comparing all possible pairs of means to 
identify significant differences across experimental 
conditions. Minitab 18 (Minitab Inc.) was used to perform 
all statistical analyses. Analyses were repeated 3 times. 
Principal Component Analysis (PCA) was conducted to 
identify patterns and relationships among odor data. The 
PCA analysis was performed using Minitab 18, and the 
first two principal components (PC1 and PC2) were used 
to visualize variations among the samples. 
 
Results and Discussion 

 
The data obtained from the electronic nose during the 

storage days of the late-cooled egg samples in the study 
were given in Table 1. In the study, it was determined that 
the egg white of the randomly selected samples solidified 
after 4 min and the yolk solidified in 11 min at the time of 
boiling. These times were recorded by direct visual 
observation of the coagulation process during boiling. On 
the first day of storage, the odor values given by the MQ3, 
MQ4, MQ5, MQ9 and MQ135 sensors were 506, 488, 457, 
154 and 193, respectively.  
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Table 1. Odour changes of late cooled egg samples depending on storage days 
Days MQ3 x̄±Sd MQ4 x̄±Sd MQ5 x̄±Sd MQ9 x̄±Sd MQ135 x̄±Sd 
0 506±7.16aA 488±4.65aB 457±9.64aC 154±6.62aE 193±9.96fD 
1 221±9.45dB 247±7.71fA 243±6.82eA 99±2.18fD 164±3.86gC 
2 224±7.76dB 270±4.78eA 221±7.85fB 110±6.67dD 201±7.21dC 
3 222±6.41dB 251±4.52fA 205±3.03gC 106±8.18eE 197±3.50eD 
4 227±5.33dC 283±5.08dA 253±5.04dB 116±8.34cE 218±9.14cD 
5 233±4.50cD 341±3.50cA 282±6.47cB 144±2.99bE 262±4.48bC 
6 270±7.46bD 346±5.75bA 289±9.28bC 154±4.69aE 319±6.28aB 

Different letters (a − g) in the same column and different letters (A − G) in the same row show significant differences (p ≤ 0.05)  
 
Table 2. Odour changes of rapidly cooled egg samples depending on storage days 

Days MQ3 x̄±Sd MQ4 x̄±Sd MQ5 x̄±Sd MQ9 x̄±Sd MQ135 x̄±Sd 
0 211±1.70gB 217±3.08gA 210±2.11eB 108±1.70fD 184±3.22fC 
1 224±2.87fB 232±3.28fA 231±3.62dA 112±2.98eD 207±3.63eC 
2 238±7.37eA 238±5.87eA 233±2.70dA 116±1.29deB 235±5.62dA 
3 247±4.35dB 262±2.86dA 250±6.62cB 119±6.74dC 251±2.62cB 
4 256±4.94cC 250±3.19cD 260±3.50bB 113±0.82cE 263±4.03bA 
5 267±4.40bB 256±5.32bC 273±2.70aA 140±1.37bD 264±2.10bB 
6 263±3.34aD 283±5.01aB 276±4.86aC 182±3.84aE 299±1.77aA 

Different letters (a − g) in the same column and different letters (A − G) in the same row show significant differences (p ≤ 0.05)  
 

 
Figure 2. MQ sensors and TVC intersections of slow chilled egg during storage 

 
The data obtained by the MQ4 and MQ5 sensors were 

recorded at values close to the readings obtained from food 
with a heavier odor, such as fish, in previous studies 
(Yavuzer, 2021). It is thought that this high initial reading 
data is due to the iron sulfide formed by combining the 
sulfur in the egg white with the iron on the yellow surface 
with the effect of heat treatment. 

In the fast-cooled groups (Table 2), the electronic nose 
initial values were found to be 211, 217, 210, 108, and 184 
for the MQ3, MQ4, MQ5, MQ9, and MQ135 sensors, 
respectively. The reason why the electronic nose readings 
of the rapidly cooled groups were significantly (p<0.05) 
lower than those of the slowly cooled group may be the 
decrease in gas pressure due to the rapid cooling of the 
eggshell. The decrease in the level of combination of 
hydrogen sulfide with the iron coming from the yolk as it 
approaches the shell and consequently the decrease in the 

rate of iron-sulfur formation was determined by electronic 
nose data. 

The points of the TVC data intersecting with the 
electronic nose data of the late-cooled egg samples were 
shown in Figure 2. The initial TVC level of the egg samples 
was 5.64 log CFU/g and increased to 6.20 log CFU/g on 
the 6th day of storage. The microbiological stability of 
slow-chilled eggs decreases over time, with TVC 
exceeding the acceptable threshold by day 6. The sensor 
values (MQ3, MQ4, MQ5, MQ9, MQ135) exhibited 
variations throughout the storage period. Notably, the 
values of MQ3, MQ4, and MQ9 showed an increasing 
trend, suggesting a potential relationship between 
microbial growth and volatile compounds detected by the 
sensors. In general, the increase in the values read by the 
sensors was proportional to the increase in the number of 
TVCs. 
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Figure 3. MQ sensors and TVC intersections of quick chilled egg during storage 

 

 
Figure 4. Classification performance of TM for first storage day 

 

 
Figure 5. Classification performance of TM for fifth storage day 
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Table 3. Confusion matrix data for boiled eggs during storage days 
0.day 100       

1.day  100      
2.day   100     
3.day  5.88  94.12    
4.day     100   
5.day      100  
6.day       100 
 0.day 1.day 2.day 3.day 4.day 5.day 6.day 

 

  
Figure 6. Loading plot of slow (a) and fast (b) cooled eggs 

 

  
Figure 7. Score Plot of slow (a) and fast (b) cooled eggs 

 
Odor and TVC changes in the rapidly cooled egg group 

were shown in Figure 3. On the 3rd day of storage, when 
MQ3, MQ4, MQ5, and MQ135 sensor data reached 250, 
the TVC number reached 5.85 log CFU/g. Quick-chilled 
eggs exhibit a steady increase in microbial load during 
storage, reaching the spoilage threshold by day 6. 

TM, a web-based image processing program developed 
by Google, was used to teach the changes in egg images 
during storage days. The performance of TM in 
determining the quality levels of a food without very 
specific variables such as eggs was found to be very 
successful. Figure 4 shows the TM data for an egg on day 
1 of storage with an accuracy of 92%, and Figure 5 shows 
the TM prediction performance for an egg on day 5 of 
storage. The tested egg was most frequently confused with 
the 4th day of storage (43%. Previous studies (de Araújo et 
al., 2023; Yavuzer, 2023) have reported that increasing the 
training data learnt by the machine will increase the 
success performance. In this study, although 110 images 
were taken for each storage day, storage days could be 
determined with high accuracy. 

Confusion matrix data from the study were given in 
Table 3. According to the confusion matrix data, when 

85% of the food samples were used in the experiment and 
15% in the test, the learned machine was able to predict the 
boiled eggs correctly for all days except the 3rd day of 
storage.  Only the 3rd day of storage was confused with the 
1st day of storage, with an error of 5.88%. In other words, 
machine learning could successfully predict the day of 
storage of a shelled egg. 

The data obtained because of the analyses performed 
using Arduino-based MQ sensors were analyzed using 
principal component analysis (PCA). According to the outlier 
graph based on PCA, there were no outliers in either group of 
eggs. All points were below the reference line of 4.134. The 
first principal components were positively correlated with all 
variables except the total viable bacteria count in late chilled 
eggs (Figure 6a), whereas they were positively correlated with 
all variables except the total viable bacteria count and MQ9 
sensor in fast chilled eggs (Figure 6b). 

In the study, MQ3, MQ4, MQ5, and MQ9 sensors were 
the most correlated variables with the first principal 
component (PC1) in late-cooled eggs, whereas MQ3, 
MQ4, MQ5, and MQ135 were determined in quick-cooled 
eggs. These types of sensors were used previous research 
(Alvarez et al., 2019; Karami et al., 2020). 
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PC1 was positively correlated with these four variables 
during storage and had similar scores. In late chilled eggs, 
the grouping levels of the samples according to the sensors 
used and total viable bacteria were clustered according to 
the storage period. Samples at the beginning of the storage 
period (day 0) were grouped separately on the upper right 
side of the graph, samples stored on the 2nd, 3rd, and 4th 
days were grouped on the upper left side of the graph, and 
samples stored on the 5th and 6th days were grouped on 
the lower right side of the graph. According to the loading 
plot, it was determined that the MQ3 and MQ5 sensors 
characterized day 0 egg samples. The 5- and 6-day-stored 
egg samples were characterized by MQ4, MQ9, and 
MQ135 sensors (Figure7a). 

In quickly cooled eggs, it was observed that the samples 
formed clusters according to the sensors used and total 
viable bacteria. At the beginning of the storage period (day 
0), the samples were collected on the left side of the graph, 
on days 1 and 2 on the upper left side, on days 3, 4, and 5 
on the upper right side of the graph, and on day 6 on the 
lower left side of the graph. When the loading graph 
(Figure 7b) is examined according to the sensors used, the 
MQ9 sensor characterized the egg samples on day 6. MQ3, 
MQ5, and MQ135 sensors characterize the quickly cooled 
egg samples stored on days 3, 4, and 5. 
 
Conclusion 

 
In this study, odor and microbial quality changes in egg 

samples cooled quickly and slowly after boiling were 
examined using low-cost sensors with fast reading capacity 
connected to an Arduino microcontroller. According to 
electronic nose data, it has been determined that unpleasant 
odors were prevented by rapid cooling of the eggs after 
boiling. Arduino, which works with the electronic nose 
sensors used in the study, is an open-source platform. In 
addition, the Teachable Machine platform developed by 
Google is a web-based and free image processing platform. 
The fact that the quality level of an important protein 
source such as eggs is determined by machine learning can 
inspire the industry to quickly analyze other functional 
foods. These findings suggest that the combination of low-
cost sensors and machine learning-based classification can 
be adapted for large-scale applications in the food industry. 
By integrating such technologies into production lines, 
real-time quality monitoring of eggs and other perishable 
foods could be achieved efficiently. The cost-effectiveness 
and accessibility of open-source platforms like Arduino 
and Teachable Machine further support the feasibility of 
industrial implementation, offering a promising approach 
for quality control and safety assessment in food 
processing. 
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