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Abstract

Individual egg identification technology has potential applications in breeding, egg production, and anti-
counterfeiting of high-end brand eggs. This study developed a novel method for its individual identification
based on eggshell images. A convolutional neural network-based model, named Eggshell Biometric
Identification (EBI) model, was proposed and evaluated. The main workflow included eggshell biometric
feature extraction, egg information registration, and egg identification. The image dataset of individual
eggshell was first collected from the blunt end region of 770 chicken eggs using an image acquisition
platform. The ResNeXt network was then trained as a texture feature extraction module to obtain sufficient
eggshell texture features. The EBI model was applied to a test set of 1540 images. The results showed that
when an appropriate Euclidean distance threshold for classification was set (17.18), the correct recognition
rate and the equal error rate reached 99.96% and 0.02%. This new method provides an efficient and accurate
solution for individual egg identification for product tracing and anti-counterfeiting.
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Introduction

Individual egg identification technology has potential application scenarios. For example, egg identification
technology plays an important role in safeguarding the interests of high-end brand egg enterprises and
consumers. To solve the problem of egg identification, external physical label methods with specific anti-
counterfeiting identity labels attached to eggs are sometimes used, such as brand logos, digital numbers,
RFID electronic labels, barcodes, and quick response codes (Arppe and Sorensen, 2017). These methods are
likely to be counterfeited and the information in the labels is vulnerable (Lehtonen et al., 2007). Therefore,
new authentication methods for egg identification should be based on unclonable identity tokens.
Researchers tried to use the chemical composition (Barbosa et al., 2014) naturally contained in eggs as egg
identity biomarkers (Tres et al., 2011; Bandoniene et al., 2018) to verify the difference in composition between
specialty eggs (Cherian et al., 2002; Dong et al., 2021) and ordinary eggs. However, the above egg
identification technologies require a cumbersome and time-consuming series of steps, and are destructive
but of low accuracy, which cannot meet the requirements of egg individual identification in commercial
settings.

To overcome the problems associated with physical labels and chemical markers for egg identification,
computer vision technology based on eggshell texture features can be adapted to collect and process egg
image information for identification. Computer vision and image processing techniques have been
increasingly used in the egg industry for a range of detection tasks (Nyalala et al., 2021). Existing researches
mainly focused on eggshell surface defect detection (Turkoglu, 2021), including cracks (Bao et al., 2019),
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stains (Yang et al., 2018), pimpled (Liu et al., 2017) and spotted (Zhang et al., 2021) eggs, which can be applied
for egg grading and classification. However, the eggshell texture features are complex and it requires more
robust image acquisition and processing algorithms to achieve higher recognition accuracy for individual
identification. In recent years, Convolutional Neural Networks (CNNs) are particularly effective in image
recognition tasks (Russakovsky et al., 2015; Alom et al., 2019). However, there is no research yet for egg
individual identification technology based on eggshell texture as biometric features.

In this study, we proposed and designed a residual network ResNeXt-based deep learning method for feature
extraction and egg identification. The main workflow included biometric feature extraction, feature
information registration, and egg identity authentication steps. The developed method, named Eggshell
Biometric Identification (EBI) model, precisely identified individual eggs in the experimental settings. The
method provided a reliable solution for egg identification applications, such as traceability in husbandry,
traceability in commercial egg distribution, and anti-counterfeiting for high-end brand eggs.

Materials and methods
Image acquisition

A total of 770 pink and brown commercial chicken eggs were procured from various local supermarkets in
Hangzhou, China. The proportion of eggshell color was similar to that of the average market share in China
with pink and brown eggs dominated (Yang, 2021). All eggs were manually inspected to confirm eggshell
surfaces were clean, intact, and free of defects. As shown in Figure 1, each egg was randomly rotated and re-
angled before an image was taken, and a total of 10 images were taken for each. A total of 7700 images of
the blunt-end of the eggshell were taken with a pixel size of 4096x3000.
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Figure 1: Proposed eggshell images capture system

Image preprocessing

The egg images were preprocessed to remove background to obtain the region of interest (ROI) (Figure 2).
The K-means algorithm was used to cluster the color information of the image (Sodjinou et al., 2021). The
Gaussian filtering operation was used to reduce image noise to generate a binary mask image of the egg ROI
(Figure 2 (c)). The Hough circle detection algorithm was then performed on the egg mask image to identify
the center position coordinates and radius size information of the egg ROI (Figure 2 (f)).



Figure 2: Image preprocessing

Dataset preparation

The 770 egg samples were first randomly divided into two groups by a ratio of 8:2. For the 10 images of the
same egg, it was randomly split into two parts by a ratio of 7:3, eventually forming a training set and a
validation set with 4312 images vs. 1848 images, respectively (Table 1).

Table 1: The training and testing datasets of egg images

Training data .
ning Testing data

Train set Validation set
Egg classes 616 616 154
Egg images 4312 1848 1540

Eggshell biometric identification model development

To capture more comprehensive and finer-grained image features, the ResNeXt was used, based on the
principle of residual networks, and its structure is shown in Figure 3 (a). In this study, the specifically ResNeXt-
50 (32x4d) network was adopted. The model backbone is primarily composed of five stages; stageo includes
1 convolutional layer, 1 BatchNorm layer, and 1 max pooling layer; stage1 to stage4 mainly extract features by
multiple stacking grouped convolutional layers (CONV2_X, CONV3_X, CONV4 X, CONV5_X), using the
residual structure; finally, connect the global average pooling layer. The ResNeXt-50 (32x4d) architecture is
shown in Figure 4.
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Figure 3: (a) ResNeXt flow diagram, (b) Residual block structure of ResNet-50 and ResNeXt-50
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Eggshell biometric identification can be divided into two stages, namely eggshell feature extraction by
ResNeXt module and eggshell feature matching by egg identification module. The feature extraction module
was obtained by deleting the last Softmax layer of the ResNeXt-50 network structure and output feature
vectors. The eggs matching module mainly included feature vector registration and similarity calculation. The
identification result was determined by calculating the similarity between the feature vectors based on
Euclidean distance (Kumar et al., 2022). The feature extraction module and matching module were combined



and entitled EBI model in this study. The architecture of the EBI model is shown in Figure 5.

Results and discussion

Model training for eggshell feature extraction

The accuracy and loss curves of the training and validation datasets at the batch size of 64 are shown in
Figure 6. The model obtained a validation accuracy of 96.30% with the lowest loss value of 0.2300 at 39th
epoch. The training accuracy and loss were 95.30% and 0.5240 respectively, indicating that the model
performed well on the training dataset.
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Figure 6: (a) Accuracy curves, (b) Loss curves of the training and validation datasets

A total of 13,860 intra-class matching and 2,356,200 inter-class matching were performed. According to the
pre-experimental results, and the changes of FAR and FRR under threshold values between 15.00 and 20.00
are shown in Figure 7(a). The receiver operating characteristic (ROC) curve is further given in Figure 7(b).
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Figure 7: (a) Changes of FAR and FRR, (b) ROC curve of the egg identification model



Eggshell biometric identification performance

Eggshellimages from six different eggs (inter-class) and six images from one individual egg (intra-class) were
randomly selected and fed into the developed feature extraction model. The feature maps of the five stages
of the network during the forward pass were visualized as shown in Figure 8. It can be seen from the feature
maps extracted from each convolution layer that the low-level convolution layer extracted the texture
features of the image, while the more abstract features were obtained from the high-level convolution layer.
The inter-class showed significant differences in their feature maps, especially from Layer4 3. However, the
intra-class showed small differences according to the obtained feature maps, especially from Layer4 2 and

Layer4_3.
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Figure 8: Partial feature maps extracted from the convolution layers
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Figure 9: (a) Probability distribution histogram, (b) significance result



The Euclidean distances of inter-class matching and intra-class matching were further analyzed statistically.
The probability distribution histogram shows that the inter-class and intra-class differences of each eggshell
feature conform to the Logarithmic Normal distribution (Figure 9). The Kernel Density Estimation curve
shows an obvious bimodal shape, indicating that the matching results of intra-class and inter-class are
distinct. The Euclidean distance at the peak of intra-class nears 9, while the inter-class nears 27. The mean
Euclidean distance of intra-class is 10.50 and the mean Euclidean distance of inter-class is 36.61. Furthermore,
the distance of the inter-class is significantly larger than the intra-class (P < 0.0001), indicating that there
exists a reasonable threshold to distinguish individual egg. According to the results above, the proposed
model achieving the individual egg identification with a correct recognition rate (CRR) of 99.96% and an EER
of 0.02% under the threshold is 17.18.

Conclusions

Recent related researches have explored approaches to egg identification, such as the instrumental analysis
of the egg’s chemical composition, and the detection of defective eggs through computer vision technology.
However, no practical method has been developed for the rapid and accurate identification of individual egg.
In this study, an improved convolutional neural network algorithm, named EBI model, was proposed to
identify the biological features of egg and obtained more accurate results than chemical analysis methods.
Specifically, in the egg identification test, the CRR of the model was 99.96% and the EER was 0.02%, and the
model could distinguish different egg identities significantly. The amount of data in the dataset and the
complexity of eggshell biometric characteristics may affect the recognition accuracy of EBI model. Our goal
is to promote this approach for egg identification in the egg industry, thereby realizing the application of
product tracing and anti-counterfeiting. This will help alleviate the problem of egg information forgery,
protect the rights and interests of egg companies and consumers, and also assist companies in their
production management.

Acknowledgments

This research was funded by Zhejiang Provincial Key R&D Program (2021C02026) and China Agriculture
Research System (CARS-40).

References

Alom, M.Z., Taha, T.M., Yakopcic, C., Westberg, S., Sidike, P., Nasrin, M.S., Hasan, M., Van Essen, B.C., Awwal,
A.A., and Asari, V.K. (2019) A state-of-the-art survey on deep learning theory and architectures. Electronics
8(3), 292.

Arppe, R., and Sgrensen, T.J. (2017) Physical unclonable functions generated through chemical methods for anti-
counterfeiting. Nature Reviews Chemistry 1(4), 0031.

Bandoniene, D., Walkner, C., Zettl, D., and Meisel, T. (2018) Rare earth element labeling as a tool for assuring the
origin of eggs and poultry products. Journal of Agricultural and Food Chemistry 66(44), 11729-11738.

Barbosa, R.M., Nacano, L.R., Freitas, R., Batista, B.L., and Barbosa Jr, F. (2014) The use of decision trees and
naive bayes algorithms and trace element patterns for controlling the authenticity of free-range-pastured
hens’ eggs. Journal of Food Science 79(9), C1672-C1677.

Cavanna, D., Zanardi, S., Dall'Asta, C., and Suman, M. (2019) lon mobility spectrometry coupled to gas
chromatography: A rapid tool to assess eggs freshness. Food Chemistry 271, 691-696.

Cherian, G., Holsonbake, T., and Goeger, M. (2002) Fatty acid composition and egg components of specialty
eggs. Poultry Science 81(1), 30-33.

Dong, X., Gao, L., Zhang, H., Wang, J., Qiu, K., Qi, G., and Wu, S. (2021) Comparison of sensory qualities in eggs
from three breeds based on electronic sensory evaluations. Foods 10(9), 1984.



Feng, X., Jiang, Y., Yang, X., Du, M., and Li, X. (2019) Computer vision algorithms and hardware
implementations: A survey. Integration 69, 309-320.

Guanjun, B., Mimi, J., Yi, X., Shibo, C., and Qinghua, Y. (2019) Cracked egg recognition based on machine vision.
Computers and Electronics in Agriculture 158, 159-166.

Kumar, A., Singh, K.U., Swarup, C., Singh, T., Raja, L., and Kumar, A. (2022) Detection of copy-move forgery using
euclidean distance and texture features. Traitement Du Signal 39(3).

Lehtonen, M., Oertel, N., and Vogt, H. (2007) Features, identity, tracing, and cryptography in product
authentication. In: 2007 IEEE International Technology Management Conference (ICE) 1-8.

Liu, Z., Song, L., Zhang, F., He, W., and Linhardt, R. (2017) Characteristics of global organic matrix in normal and
pimpled chicken eggshells. Poultry Science 96(10), 3775-3784.

McFadden, J.R., and Huffman, W.E. (2017) Willingness-to-pay for natural, organic, and conventional foods:
The effects of information and meaningful labels. Food Policy 68, 214-232.

Pawlewicz, A. (2020) Change of price premiums trend for organic food products: The example of the polish egg
market. Agriculture 10(2), 35.

Réhault-Godbert, S., Guyot, N., and Nys, Y. (2019) The golden egg: Nutritional value, bioactivities, and emerging
benefits for human health. Nutrients 11(3), 684.

Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., Huang, Z., Karpathy, A., Khosla, A., and
Bernstein, M. (2015) Imagenet large scale visual recognition challenge. International Journal of
Computer Vision 115, 211-252.

Samiullah, S., Omar, A.S., Roberts, J., and Chousalkar, K. (2017) Effect of production system and flock age on
eggshell and egg internal quality measurements. Poultry Science 96(1), 246-258.

Sodjinou, S.G., Mohammadi, V., Mahama, A.T.S., and Gouton, P. (2022) A deep semantic segmentation-
based algorithm to segment crops and weeds in agronomic color images. Information Processing in
Agriculture 9(3), 355-364.

Tres, A., O'Neill, R., and van Ruth, S.M. (2011) Fingerprinting of fatty acid composition for the verification of
the identity of organic eggs. Lipid Technology 23(2), 40-42.

Turkoglu, M. (2021) Defective egg detection based on deep features and bidirectional long-short-term-memory.
Computers and Electronics in Agriculture 185, 106152.

Yang, N. (2021) Egg production in china: Current status and outlook. Frontiers of Agricultural Science and
Engineering 8, 25-34.

Yang, Q., Jia, M., Xun, Y., and Bao, G. (2018) Detection of egg stains based on local texture feature clustering.
International Journal of Agricultural and Biological Engineering 11(1), 199-205.



