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 The egg hatching process is a crucial stage in chicken breeding, as the quality of the 

resulting embryos will greatly determine the productivity and success of the 

cultivation. However, monitoring the internal condition of eggs during incubation is 

still limited and is generally done manually using the candling method. Therefore, a 

non-invasive approach is needed to support the process of monitoring embryo 

development. This study aims to develop a chicken embryo classification system 

based on in-ovo images using a Convolutional Neural Network (CNN). This system 

utilizes internal egg images taken with a camera integrated in the incubator, so that 
the condition of the eggs can be automatically classified into categories of fertile, 

infertile, and developmental failure. The research stages include collecting in-ovo 

image data, preprocessing in the form of removing the background using the rembg 

library, and resizing the images to 224 × 224 pixels. The dataset was then divided 

into training data and test data with a ratio of 90%:10%. The CNN model was built 

with several layers, namely convolution, max pooling, dropout, flattening, and fully 

connected, then trained for 28 epochs with a batch size of 32. The results showed 

that the developed CNN model was able to achieve an accuracy of 90.5% in the 24th 

epoch and experienced a decrease in the 26th to 28th epochs. Testing also used 

images from different incubators than those used from the dataset showed that the 

model could classify egg conditions well. 
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I. INTRODUCTION 

Egg hatching is a crucial stage in the chicken breeding 

system because it directly determines the quality and quantity 

of production [1]. In modern livestock practices, this process 

is generally carried out using artificial incubators designed to 

maintain temperature, humidity, and egg rotation to ensure 

stable incubation conditions [2]. The use of incubators offers 

advantages in terms of efficiency and consistency, especially 
on a large production scale, thereby increasing productivity 

and reducing dependence on external environmental factors 

[3], [4]. 

However, one of the main challenges in the incubation 

process is the limited information regarding the internal 

condition of the eggs during the hatching period [5]. Farmers 

generally do not have adequate access to determine whether 
the incubated eggs are fertile containing embryos that have 

the potential to develop or infertile not experiencing 

fertilization [6]. In addition, difficulties also arise in 

identifying embryos that have died inside the egg, because 

this condition does not always show clear signs outside the 

shell. This limitation also includes a lack of information 

regarding the stages of embryo development, so the 

monitoring process still relies on manual inspection [7]. 

Manual inspection is usually carried out by opening the 

incubator and directly observing the eggs, either through 

candling or physical contact [8]. This practice has the 

potential to disrupt the stability of the incubation 
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environment, such as changes in temperature and humidity, 

and increases the risk of shell damage or disturbances to the 

developing embryo [9]. The lack of accurate information 

regarding embryo development also makes it difficult for 

farmers to determine the appropriate hatching time. This 

condition can cause delays in handling newly hatched chicks, 

potentially increasing the risk of mortality or reducing the 

quality of DOC (Day Old Chick) [10]. 
To overcome these limitations, this study used an in-ovo 

imaging approach to non-invasively obtain internal 

information about eggs during the incubation process [11]. 

This approach allows monitoring of fertility, embryo 

development, and hatching indications without opening the 

incubator or making direct contact with the eggs, thus 

maintaining temperature and humidity stability [12]. Images 

obtained periodically through an integrated camera were then 

analyzed using a Convolutional Neural Network (CNN) due 

to its ability to extract and learn visual patterns related to 

changes in internal egg characteristics [13]. 
This research is a development of previous studies that 

focused on the field of poultry farming, specifically on the 

process of selecting DOD (Day Old Duck) after hatching [14]. 

Currently, the research is directed at the pre-hatching stage 

using chicken eggs as the main object. The selection of 

chicken eggs is based on a shorter incubation period 

compared to duck eggs, thus allowing pre-hatching research 

to be carried out more quickly [15], [16]. Thus, this research 

is expected to provide a real contribution to the development 

of image-based and artificial intelligence-based poultry 

embryo monitoring technology. 

II. RESEARCH METHOD  

This research was conducted through stages starting from 

the collection of in-ovo image datasets during the incubation 

period of chicken eggs, where image capture was carried out 

from day 1 to day 10 of the incubation period, during the 

incubation period, undeveloped or infertile eggs were still 

imaged as well as eggs that failed to develop or dead embryos. 

Then continued with the preprocessing process in the form of 

background removal and image size adjustment to 224 x 224. 

The dataset was then divided into training data and test data 

with a ratio of 90% training data and 10% testing data. Next, 

the design of the Convolutional Neural Network (CNN) 
model was built with several main components, namely the 

convolution layer, max pooling, dropout, flattening, and fully 

connected layer [17]. The designed model was then trained 

using the number of epochs 2 to 32 and a batch size of 32 

before being tested on the test data. Performance evaluation 

was carried out using a confusion matrix performance report 

that includes precision, recall, f1-score, and support metrics, 

as well as confusion matrix analysis [18], [19].  

The iterative process is carried out until the model reaches 

a predetermined level of accuracy or until the prediction error 

is minimal, allowing the system to be used optimally for in-

ovo embryo classification. The research flow is shown in 
Figure 1. 

 
 

Figure 1. Research Flow 

 

A. Dataset 

The dataset used in this study was obtained from the 

process of observing chicken eggs from the first day of 
incubation to the 10th day using a homemade incubator 

equipped with a Logitech B525 webcam connected to a laptop 

with a resolution of 1280 x 720 pixels and a shooting distance 

of 35 cm above the incubator rack. Photos were taken 

periodically during the 10-day incubation period. then the 

obtained images were labeled in collaboration with farmers 

and resulted in 4,261 images of fertile eggs, 4,261 images of 

infertile eggs, and 4,260 images of undeveloped eggs or dead 

embryos with a total dataset of 12,782 images collected, 

which were then used as the main material in training and 

testing the Convolutional Neural Network (CNN) model. 

during the dataset collection process the researchers did not 
perform data augmentation, but took images using eggs 

directly with various egg positions. 

 

 
Figure 2. Candling Image 

 

B. Preprocessing 

A preprocessing stage was performed to prepare the 

images for the Convolutional Neural Network (CNN). First, 

the telescope image was cropped to obtain a uniform region 
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of interest and resized to 224 × 224 pixels. Background 

removal was then performed using the Python-based rembg 

library to isolate the egg object from the surrounding 

background elements [20]. The use of rembg was intended to 

remove irrelevant background information, thereby reducing 

image noise and allowing the CNN to focus on the visual 

characteristics of the egg and embryo. Because the embryo 

and its internal structures are located entirely within the egg 

area, the background removal process only affected the 
external background around the egg and did not change the 

visual features of the embryo, such as blood vessels, embryo 

shape, or internal texture. Then, the processed image was 

resized using the OpenCV library to fit the CNN input size of 

224 × 224 pixels. 

 

 
 

Figure 3. Preprocessing Flow 

C. Split Dataset 

After going through the preprocessing stage, the prepared 

image dataset was then divided into two parts: training data 

and testing data. Of the 12,782 available images, 11,800 were 

used as training data to build and adjust the parameters of the 

Convolutional Neural Network (CNN) model. Meanwhile, 

the remaining 982 images were allocated as test data to 

evaluate model performance [21]. This division was carried 

out to maintain a balance between model training and testing 

needs [22]. 

D. Model Design 

The proposed CNN architecture was intentionally 

designed to be lightweight because the final system is 

intended for deployment on an ESP32-based embedded 

platform. Compared with deeper architectures, a lightweight 

CNN requires lower computational resources, memory usage, 

and inference time, making it more suitable for real-time 

embedded implementation. The Convolutional Neural 

Network (CNN) model used in this study is designed with 

multiple layers to optimally extract image features [23]. The 
initial stage begins with a rescaling layer that normalizes pixel 

values to match the input scale. Next, several convolutional 

layers are used with a gradually increasing number of filters 

(32, 64, up to 128) to detect increasingly complex visual 

patterns. Each convolutional layer is followed by batch 

normalization to stabilize data distribution and speed up the 

training process, and max pooling to reduce image 

dimensionality without losing important information. To 

prevent overfitting, dropout layers are applied at several 

stages after pooling [24]. After feature extraction, the image 

is converted into a one-dimensional vector through a flatten 

layer, then processed by a fully connected (dense) layer with 
128 neurons. The final stage uses a dense output layer with 

two neurons representing the two main classes: fertile and 

infertile. The total parameters used in the model reach over 13 

million, with the majority coming from the dense layer [25]. 

 
 

Figure 4. CNN Model Visualisation 

E. Training 

The model training process was conducted using even 

multiples of batch sizes, ranging from 2 to 32, to evaluate the 

effect of batch size on model performance. The validation loss 
graph shows that the training loss and validation loss curves 

both gradually and steadily decrease as the number of epochs 

increases. This condition indicates that the model's prediction 

error is decreasing for both training and validation data, and 

the distance between the two curves is relatively small, 

indicating stable generalization ability. At epoch 24, the 

model is in an optimal condition with a balance between 

decreasing training loss and stable validation loss. However, 

at epoch 26, a divergence between the training loss and 

validation loss curves begins to appear, with validation loss 

fluctuating even though training loss is still decreasing. This 
indicates the emergence of early symptoms of overfitting, 
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where the model adapts more to the training data and 

generalization ability begins to decline [26]. This condition 

becomes more evident at epoch 28, when the fluctuation in 

validation loss becomes more significant and the distance 

between the two curves becomes larger [27]. Training loss 

continues to decrease, but validation loss tends to be unstable 

and even increases at some points. This pattern indicates that 

the model is overfitting, so that performance on the test data 
decreases even though accuracy on the training data remains 

high [28]. 

 

Figure 5. Visualization of Model Training Results. 

F. Testing 

The testing phase was conducted using a confusion 

matrix-based evaluation to assess model performance in more 

detail [29]. The evaluation was conducted to identify the level 

of prediction error on the test data to determine the model's 

ability to generalize patterns from the training data to new 

data. The test results showed that the model demonstrated the 

lowest level of prediction error in epoch 24 compared to other 
epochs. Conversely, in subsequent epochs, prediction errors 

began to increase, indicating the emergence of overfitting 

symptoms [30].  

III. RESULTS AND DISCUSSION 

A. Epoch Analysis 

Model training experiments were conducted with even 

epoch variations starting from epoch 2 to find the optimal 

point that produces high accuracy while maintaining 

generalization ability. Based on the test results, it can be seen 

that in the 24th epoch the model achieved the best 

performance with an accuracy of 96.16%, a macro average 

F1-score of 0.87, and a weighted average F1-score of 0.95. In 

the 26th epoch, accuracy decreased to 94.55% with a macro 

average F1-score of 0.85 and a weighted average F1-score of 
0.94. Although performance was still relatively high, a 

divergence between the training loss and validation loss 

curves began to appear, indicating early signs of overfitting. 

The decline in performance became more apparent in the 28th 

epoch, where accuracy dropped significantly to 87.68%, with 

a macro average F1-score of 0.67 and a weighted average F1-

score of 0.84. Fluctuations in validation loss increased, while 

training loss continued to decrease. This pattern indicates that 

the model is too focused on the training data that it fails to 

recognize patterns in the validation data, which is a hallmark 

of overfitting [31]. 

TABLE I 

EPOCH EXPERIMENT 

Epoch Accuracy Macro 
AVG (F1) 

Weighted 
AVG (F1) 

24 96.16% 0.87 0.95 

26 94.55% 0.85 0.94 

28  87.68% 0.67 0.84 

B. Model Evaluation 

Analysis of the test results using a confusion matrix 

showed that most of the predicted values were concentrated 

on the main diagonal, indicating the model's ability to classify 

data well across almost all classes. In the 24th epoch, the 
model generated 952 correct predictions out of a total of 990 

test data sets, with relatively small errors. Errors generally 

occurred in classes with similar visual characteristics, such as 

between adjacent observation days or similar embryonic 

conditions. 

 
Figure 6. Confusion Matrix Evaluation at Epoch 24 

 
In the 26 epoch, the number of prediction errors began to 

increase. The model generated 936 correct predictions from 

990 test data sets, with 54 errors. Although most values 

remained on the main diagonal, the off-diagonal distribution 

of errors indicated a decline in the model's consistency in 

recognizing some classes [32]. Prediction errors were still 

dominated by classes with similar visual characteristics, but 

this trend indicated that the model was beginning to show 

early signs of overfitting [33]. 
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Figure 7. Confusion Matrix Evaluation at Epoch 26 

The performance decline became more pronounced in the 

28th epoch. The model generated only 868 correct predictions 

from 990 test data sets, with errors increasing to 122. The 

spread of values outside the main diagonal widened, 

indicating a decline in the model's ability to distinguish 

patterns between classes. Classification errors occurred not 

only in classes with similar characteristics but also began to 

appear in classes with more distinct conditions, such as fertile, 
infertile, and dead. 

 
Figure 8. Confusion Matrix Evaluation at Epoch 28 

 

This confusion matrix evaluation was conducted using 

images obtained from the candling process during the same 

incubation period, ensuring that the test data accurately 

represented the actual condition of the observed eggs. 

Overall, the confusion matrix evaluation results confirmed the 

finding that epoch 24 was the optimal point for the CNN 

model in in-ovo embryo classification. 

C. Symptoms of Overfitting 

Symptoms of overfitting begin to appear when the model 

is trained past the optimal epoch. At epoch 26, although the 

training loss continues to show a downward trend, the 

validation loss begins to fluctuate, and the gap between the 

two curves widens. This indicates that the model is 

increasingly adapting to the training data, but its 

generalization ability to the test data is starting to decline [34]. 

 

 
Figure 9. Visualization of Model Training Epoch 26 

 

This phenomenon became even more apparent in epoch 

28, where the validation loss was no longer stable and tended 

to increase, while the training loss continued to decrease. The 
increasing discrepancy between the training loss and 

validation loss curves indicates that the model was focusing 

too much on patterns in the training data, failing to recognize 

variations in the validation data [35]. Evaluation using a 

confusion matrix also reinforced this finding, with a more 

significant increase in the number of prediction errors 

compared to previous epochs. 

 

 
Figure 10. Visualization of Model Training Epoch 28 

 

Overall, this pattern indicates that the model is overfitting 

at higher epochs. This confirms that epoch 24 is the optimal 

point, as under these conditions, the model is still able to 

maintain a balance between high accuracy and low prediction 

error. 
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Figure 11. Visualization of Model Training Epoch 24 

 

D. Comparison of Image Test Results 

In addition to using the test data from the dataset split, 

additional testing was conducted using images from other 

incubators, as shown in Figure 13, which were not included 

in the training or test data. The purpose of this testing was to 

evaluate the model's generalization ability to new data with 

similar visual characteristics but originating from different 

sources. 
 

 
 

Figure 12. Candling Images from the same dataset 

 

 

  
 

Figure 13. Candling image from another incubator 

 

Based on visual comparison, the images from other 

incubators in Figure 13 show similar characteristics to the 

images from the personal incubator. For example, image (1) 

from another incubator has a match with image (1) from the 

personal incubator in Figure 12 which belongs to the fertile 
class on day 4, characterized by a blood vessel pattern that is 

starting to spread but is not too thick and the embryo size is 

still relatively small. Furthermore, images (2) and (3) from 

other incubators in Figure 13 show a similarity with images 

(2) and (3) from the personal incubator in Figure 12 which 

belongs to the fertile class on day 3, where the blood vessel 

network is just starting to develop and the embryo size is still 

very small. Meanwhile, image (4) from another incubator has 

a match with image (4) from the personal incubator which 

belongs to the dead class on day 6, characterized by the 

presence of a blood ring that is not too thick. 
 

 
 

Figure 14. Classification Test Results using images from different 

incubators 

 

Based on the model classification results in Figure 14, 
image (1) from another incubator is predicted as fertile on day 

4 with a confidence of 54.69%. Images (2) and (3) are 

predicted as fertile on day 3 with a confidence of 89.38% and 

67.92%, respectively. Meanwhile, image (4) is predicted as 

dead on day 6 with a confidence of 93.29%. 

 

TABLE II 

EVALUATION USING EXTERNAL IMAGES FROM A DIFFERENT INCUBATOR 

Class Number of 
Samples 

Correct Incorrect 

Fertile 36 34 2 

Infertile 32 32 0 

Developmental 

Failure  

39 35 4 

Total 107 101 6 

 

Testing with external incubator images was conducted 

using 107 candling images that had not been previously 

studied by the model. The external dataset consisted of 36 

fertile images, 32 infertile images, and 39 images of embryos 
with failed development. The model was able to correctly 

classify 101 of the 107 images. The infertile embryo class 

achieved the highest performance with 100% accuracy, while 

the fertile and failed development classes still had prediction 

errors. Based on manual observations, these failures were due 

to embryos in the early stages of failed development often 

showing a blood ring pattern that closely resembled the blood 

vessel structure observed in normally developing fertile 

embryos at the beginning. 

 

IV. CONCLUSION 

This research successfully developed a Convolutional 
Neural Network (CNN) model for in-ovo embryo 

classification based on candling images. The dataset, obtained 

from a private incubator during 10 days of incubation, 

underwent preprocessing to produce uniform images 

measuring 224x224 pixels. The designed CNN model 
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demonstrated the best performance at the 24th epoch, with an 

accuracy of 96.16%, a macro average F1-score of 0.87, and a 

weighted average F1-score of 0.95. Evaluation using a 

confusion matrix reinforced these findings, with the lowest 

number of prediction errors occurring at the 24th epoch. 

At the 26th and 28th epochs, model performance began to 

decline with increasing prediction errors and fluctuations in 

validation loss, indicating the emergence of overfitting. 

Additional testing using images from other incubators 
demonstrated that the model remained capable of classifying 

images effectively according to the visual characteristics of 

each class, confirming its stable generalization ability to new 

data. 

Overall, this study demonstrates that the developed CNN 

model is effective in classifying in-ovo embryos, with the 

24th epoch representing the optimal training point. These 

findings contribute to the development of automated 

monitoring systems for the incubation process and provide 

opportunities for broader applications of artificial intelligence 

in poultry farming. However, the performance of the 
proposed system may still be affected by variations in image 

acquisition conditions, including lighting intensity during egg 

candling, camera quality, and egg position. Therefore, future 

studies should investigate the robustness of the proposed 

model under more diverse imaging conditions and compare 

its performance with other lightweight CNN architectures 

suitable for implementation on embedded platforms. 
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