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1. Introduction 

The poultry industry plays a crucial role in supporting global food security by providing a sustainable 

source of animal protein through meat and egg production. One of the most important stages in poultry 

production is the incubation process, where temperature, humidity, ventilation, and egg turning must be 

maintained within optimal ranges to ensure successful embryo development and hatchability. In conventional 

incubation practices, environmental monitoring and fertility assessment are generally performed manually, 

making the process susceptible to human error and reducing operational efficiency [5], [6], [17], [21], [23]. 

Recent advancements in Internet of Things (IoT) technology have enabled the development of smart 

incubation systems capable of real-time monitoring and automated environmental control. Several studies have 
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 Egg incubation and fertility detection are critical processes in poultry 
production, requiring stable environmental conditions and accurate 
embryo monitoring. Conventional incubation and candling methods 
often rely on manual observation, which may reduce efficiency and 
increase the risk of human error. This study aims to develop an IoT-
based automatic egg incubator integrated with a MobileNetV2-based 
Convolutional Neural Network (CNN) for candling image classification 
and fertility detection. The proposed system combines an ESP32-based 
incubation monitoring platform, ESP32-CAM image acquisition 
module, ESP-NOW wireless communication, and a web-based 
monitoring interface. Candling images were collected and classified into 
three categories: live fertile, dead fertile, and infertile eggs. Transfer 
learning using the MobileNetV2 architecture was employed to train the 
classification model. The developed CNN model achieved an accuracy 
of 91.26% on the testing dataset and 82.22% during validation under 
real-world conditions. Performance evaluation showed precision values 
up to 0.965, recall values up to 0.967, and F1-scores above 0.89 across 
the three classes. Furthermore, the integrated system successfully 
enabled real-time monitoring of incubation conditions, automated image 
acquisition, and web-based fertility classification. System testing using 
45 egg samples demonstrated that the proposed solution could 
effectively identify embryo development and fertility status. The 
integration of IoT technology, ESP32-CAM-based candling, and 
MobileNetV2 CNN provides an effective solution for automated 
incubation monitoring and egg fertility detection. The developed system 
improves monitoring efficiency, reduces manual intervention, and 
supports decision-making during the incubation process. 
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demonstrated the implementation of IoT-based incubators using microcontrollers, sensors, and wireless 

communication technologies to monitor temperature and humidity remotely while improving incubation 

performance [5], [6], [17], [21], [23]. Furthermore, the integration of IoT technologies in livestock and poultry 

farming has contributed to the emergence of smart poultry management systems that improve productivity, 

operational efficiency, and decision-making through continuous data acquisition and monitoring [10], [15]. 

Besides environmental control, fertility detection is another critical aspect of egg incubation. 

Traditional candling methods require manual observation of embryo development using a light source, making 

the assessment process highly dependent on operator experience and susceptible to subjective interpretation. 

To overcome these limitations, various machine vision and image processing techniques have been proposed 

for automatic fertility detection. Previous studies have shown that image processing-based candling systems 

can effectively distinguish fertile and infertile eggs while reducing human intervention [3], [4], [8], [20]. 

The rapid development of artificial intelligence and deep learning has further improved the 

performance of fertility detection systems. Convolutional Neural Networks (CNNs) have become one of the 

most widely used deep learning approaches for image classification tasks due to their ability to automatically 

extract discriminative features from images [2], [11]. Several studies have successfully applied CNN-based 

methods to egg fertility detection, achieving high classification accuracy using candling images captured 

during the incubation period [1], [7], [9], [12], [14]. In addition, alternative approaches utilizing support vector 

machines, transfer learning techniques, hyperspectral imaging, and machine vision systems have also 

demonstrated promising results for non-destructive fertility assessment [7], [8], [16], [18], [20]. 

Among various deep learning architectures, MobileNetV2 has gained significant attention because of 

its lightweight structure and computational efficiency, making it suitable for embedded and edge-computing 

applications [19]. These characteristics allow MobileNetV2 to be deployed on resource-constrained devices 

while maintaining competitive classification performance. Such advantages are particularly beneficial for 

smart agricultural and IoT-based systems that require real-time image analysis with limited hardware 

resources. 

Although numerous studies have investigated IoT-based incubators and automated fertility detection 

systems independently, the integration of environmental monitoring, wireless communication, image 

acquisition, and machine learning-based fertility classification into a single platform remains limited. Most 

existing systems focus either on incubation control or fertility assessment without providing a comprehensive 

solution that combines both functionalities [3], [5], [6], [14], [21], [24]. 

Therefore, this study proposes the development of an automatic chicken egg incubator integrated with 

an IoT-based monitoring platform and machine learning-based candling analysis. The proposed system 

combines environmental monitoring, automated incubation control, ESP32-based wireless communication, 

ESP32-CAM image acquisition, and MobileNetV2-based CNN classification to identify egg fertility 

conditions automatically. The system is expected to improve monitoring efficiency, reduce manual 

intervention, support decision-making during the incubation process, and provide a practical solution for 

poultry farming and educational activities in the Technology and Livestock Management (TNK) Study 

Program. 

2. Method  

This study was conducted to develop and evaluate an IoT-based automatic egg incubator integrated 

with a machine learning-based candling classification system. The methodology covers the research 

approach, object and scope of the system, data collection techniques, tools and materials, research 

procedures, and data analysis techniques. The proposed system was developed through several stages, 

including hardware design, IoT monitoring implementation, ESP32-CAM image acquisition, MobileNetV2-

based CNN model training, system integration, and performance testing. 
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This study employed a Research and Development (R&D) approach combined with an experimental 

method to design, implement, and evaluate an automatic chicken egg incubator integrated with Internet of 

Things (IoT) technology and machine learning-based fertility detection. The R&D approach was selected 

because the research focuses on developing a functional prototype that combines hardware and software 

components into a single system. The experimental approach was used to evaluate the performance of the 

developed prototype in monitoring environmental conditions and classifying egg fertility based on candling 

images. Similar approaches have been widely adopted in previous studies involving smart incubator systems 

and intelligent fertility detection technologies [5], [6], [14], [17], [24]. 

2.2 Object and Scope of Research 

The object of this research is an automatic chicken egg incubator equipped with an IoT-based monitoring 

system and a machine learning-based candling subsystem. The developed system consists of two main 

sections: the incubation subsystem and the candling subsystem. The incubation subsystem is responsible for 

monitoring and maintaining environmental conditions such as temperature and humidity, while the candling 

subsystem captures egg images using an ESP32-CAM module for fertility analysis. 

The scope of this study includes the development of an IoT-based monitoring platform, wireless 

communication between devices, image acquisition using ESP32-CAM, and fertility classification using a 

MobileNetV2-based Convolutional Neural Network (CNN). The fertility classification process focuses on 

three categories: live fertile eggs, dead fertile eggs, and infertile eggs [1], [7], [9], [19]. 

2.3 Data Collection Techniques 

Data collection was conducted through several methods. First, a literature study was performed to gather 

information related to egg incubation systems, IoT monitoring, computer vision, and machine learning-based 

fertility detection from scientific journals and conference proceedings [1]–[24]. Second, direct observation 

and discussions were conducted with partners from the Technology and Livestock Management (TNK) Study 

Program to identify operational requirements and challenges in conventional incubation practices. 

For machine learning development, candling images of chicken eggs were collected and categorized 

according to fertility conditions. The dataset was used for training, validation, and testing of the 

MobileNetV2 classification model. Additionally, environmental monitoring data such as temperature and 

humidity were collected during prototype operation to evaluate system performance. 

2.4 Tools and Materials Used 

The hardware components used in this study include an ESP32 microcontroller, ESP32-CAM module, 

relay module, LED candling illumination system, temperature and humidity sensors, heating elements, 

ventilation components, and supporting power supply modules. The ESP32 functions as the primary 

controller responsible for environmental monitoring and communication between system components, while 

the ESP32-CAM is used for image acquisition during the candling process [10], [24]. 

The software tools utilized include Arduino IDE for embedded programming, Visual Studio Code for 

application development, Python programming language for machine learning implementation, TensorFlow 

and Keras libraries for CNN model training, and MobileNetV2 as the transfer learning architecture used for 

image classification [2], [11], [19]. In addition, web-based technologies were employed to develop the 

monitoring dashboard used for displaying environmental parameters and classification results in real time. 

2.5 Research Procedures or Stages 

The research was conducted through several stages, including system planning, hardware development, 

software implementation, machine learning model training, system integration, and performance evaluation. 

The overall research workflow is illustrated in Figure X. 

The first stage involved a literature review and requirement analysis. Relevant studies related to IoT-

based incubation systems, computer vision, egg fertility detection, and deep learning techniques were 

reviewed to identify suitable technologies and research gaps [1], [2], [7], [15]. 

The second stage focused on hardware and software development. An automatic egg incubator was 

designed using ESP32 as the main controller and ESP32-CAM as the image acquisition module. 

Environmental monitoring components such as temperature and humidity sensors were integrated into the 

incubation chamber. Communication between devices was implemented using the ESP-NOW protocol, 

enabling wireless transmission of trigger commands for image acquisition. 
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The third stage involved dataset preparation and image acquisition. Candling images were collected using 

the ESP32-CAM module under controlled illumination conditions. The collected images were categorized 

into three classes: live fertile eggs, dead fertile eggs, and infertile eggs. The dataset was then divided into 

training, validation, and testing subsets. 

The fourth stage consisted of machine learning model development. Transfer learning was implemented 

using the MobileNetV2 architecture to classify candling images according to fertility conditions. The model 

was trained using the prepared dataset and optimized through multiple training iterations to improve 

classification performance [7], [9], [19]. 

The fifth stage involved system integration. The trained MobileNetV2 model was connected to the web-

based monitoring platform, allowing image classification results and environmental monitoring data to be 

displayed simultaneously. The ESP32 controller, ESP32-CAM, monitoring dashboard, and machine learning 

model were integrated into a unified system. 

 
Fig. 1. Research Workflow 

The final stage consisted of system testing and evaluation. Performance evaluation was conducted using 

accuracy, precision, recall, F1-score, and confusion matrix metrics. In addition, functional testing was 

performed to verify the operation of environmental monitoring, image acquisition, wireless communication, 

and fertility classification processes under real-world incubation conditions.The research is carried out in 

several stages involving system design, implementation, and testing. The system consists of two main 

processes: receiving trigger commands and capturing images using ESP32-CAM, and sending trigger 

commands from the ESP32 controller. 

First, the ESP32-CAM is configured to initialize the camera, SD card, and ESP-NOW communication. A 

callback function is implemented to receive incoming messages. When the received message matches the 

predefined command ("Foto"), the system captures an image and stores it in the SD card using an incremental 

filename. Second, the ESP32 controller is programmed to send trigger commands using ESP-NOW. The 

system reads input from the serial interface and sends the command to the ESP32-CAM using its MAC 

address. A callback function is used to monitor the status of data transmission. The system workflow is 

described in Algorithm 1 and Algorithm 2. 

 

Algorithm 1. Receiving Trigger and Capturing Image using ESP32-CAM 

Start 

Set Photonumber = 0 

 

Function Savephoto: 

 Capture Image From Camera 

 If Capture Fails Then Display Error 

 Save Image To Sd Card With Filename "Foto_[Number].Jpg" 
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 Increment Photonumber 

End Function 

 

Function Ondatarecv: 

 Read Incoming Message 

 If Message Equals "Foto" Then Call Savephoto 

End Function 

 

Setup: 

 Initialize Camera 

 Initialize Sd Card 

 Enable Wifi In Sta Mode 

 Initialize Esp-Now 

 Set Ondatarecv As Receive Callback 

 

Loop: 

 Wait For Incoming Data 

End 

 

Algorithm 2. Sending Trigger Command from ESP32 (IoT Controller) 

Start 

 

Declare Receivermac = Address Of Esp32-Cam 

Declare Message 

 

Function Ondatasent: 

 If Send Status Is Success Then 

  Display "Success" 

 Else 

  Display "Fail" 

End Function 

 

Setup: 

 Initialize Serial Communication 

 Enable Wifi In Sta Mode 

 Initialize Esp-Now 

 Register Ondatasent As Send Callback 

 Add Receivermac As Peer 

 

Loop: 

 Read Input From Serial 

 If Input Equals "Foto" Then 

  Set Message.Text = "Foto" 

  Send Message To Receivermac Via Esp-Now 

  Display "Photo Command Sent" 

 Endif 

 

End 
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2.6 Data Analysis Techniques 

The collected data were analyzed using both machine learning performance evaluation and functional 

system testing approaches. For the machine learning subsystem, the performance of the MobileNetV2-based 

Convolutional Neural Network (CNN) model was evaluated using standard classification metrics, including 

accuracy, precision, recall, F1-score, and confusion matrix analysis. These metrics were selected because 

they provide comprehensive information regarding the model's ability to correctly classify candling images 

into live fertile, dead fertile, and infertile egg categories [1], [2], [7], [11]. 

Accuracy was used to measure the overall proportion of correctly classified samples. Precision was 

employed to evaluate the reliability of positive predictions produced by the model, while recall measured the 

ability of the model to identify all relevant instances within each class. The F1-score was calculated as the 

harmonic mean of precision and recall to provide a balanced evaluation metric. Furthermore, confusion 

matrix analysis was utilized to identify classification errors and examine the performance of each fertility 

category individually [7], [9], [12]. 

In addition to machine learning evaluation, functional testing was conducted to verify the performance of 

the integrated system. The testing process included environmental monitoring functionality, ESP-NOW 

wireless communication, image acquisition using ESP32-CAM, web-based monitoring, and fertility 

classification processes. System testing was performed using real egg samples under incubation conditions to 

evaluate the reliability and effectiveness of the proposed solution. 

The classification results obtained from the testing phase were compared with the actual fertility 

conditions of the eggs to determine the effectiveness of the developed system. The resulting performance 

metrics were then analyzed and discussed to assess the feasibility of integrating IoT technology and machine 

learning techniques into an automated egg incubation and fertility detection platform. 

3. Results and Discussion 

3.1 Hardware Implementation 

The hardware implementation of the proposed system focuses on the development of an IoT-based egg 

incubation and candling platform. The system consists of two main subsystems: the incubation subsystem and 

the candling subsystem. The incubation subsystem is responsible for monitoring environmental parameters and 

supporting embryo development, while the candling subsystem performs image acquisition for fertility 

classification. 

The incubation subsystem utilizes an ESP32 microcontroller as the primary controller responsible for 

collecting sensor data and managing communication between system components. Environmental monitoring 

is performed using temperature and humidity sensors, allowing incubation conditions to be observed in real 

time. The use of IoT technology in egg incubators has been reported to improve monitoring efficiency and 

environmental stability during the incubation process [5], [6], [17], [21], [23]. 

The candling subsystem employs an ESP32-CAM module integrated with an LED illumination system to 

capture images of eggs during the incubation period. The ESP32-CAM was selected because it combines 

wireless communication and image acquisition capabilities within a compact and low-cost platform. Similar 

image acquisition approaches have been applied in previous automated candling systems for fertility detection 

and embryo monitoring [3], [4], [24]. 

Communication between the ESP32 controller and ESP32-CAM is implemented using the ESP-NOW 

protocol. This communication mechanism enables trigger commands to be transmitted wirelessly, allowing the 

ESP32-CAM to capture images without requiring additional network infrastructure. Once a trigger command 

is received, the ESP32-CAM captures an image and stores it on the SD card for subsequent classification. The 

implementation of wireless image acquisition contributes to the flexibility and scalability of the proposed 

system 
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Fig. 2. Hardware Configuration of the Candling Subsystem 

Figure 2 illustrates the hardware configuration of the candling subsystem used in this study. The hardware 

integration successfully enabled image acquisition, wireless communication, and data storage functions 

required for the fertility classification process. 

3.2 System Architecture 

The proposed system architecture integrates IoT-based environmental monitoring, wireless 

communication, image acquisition, and machine learning-based fertility classification into a unified platform. 

The architecture was designed to support real-time monitoring of incubation conditions while simultaneously 

providing automated egg fertility analysis. 

The incubation subsystem continuously monitors environmental parameters, including temperature and 

humidity, using sensors connected to the ESP32 controller. The collected data are processed by the 

microcontroller and transmitted to a web-based monitoring platform, allowing users to observe incubation 

conditions remotely. The integration of IoT technologies into poultry management systems has been shown to 

improve operational efficiency and support data-driven decision making in modern farming environments 

[10], [15], [17], [21]. 

For fertility analysis, the ESP32 controller communicates with the ESP32-CAM module through the ESP-

NOW protocol. When a candling process is initiated, a trigger command is transmitted to the ESP32-CAM, 

which subsequently captures an image of the egg under controlled illumination conditions. The captured image 

is then stored and forwarded to the classification subsystem for further analysis [3], [4], [24]. 

The machine learning subsystem utilizes a Convolutional Neural Network (CNN) based on the 

MobileNetV2 architecture to classify candling images. MobileNetV2 was selected due to its lightweight 

architecture and computational efficiency, making it suitable for deployment in embedded and IoT-integrated 

environments [19]. The classification model categorizes egg images into three classes, namely live fertile eggs, 

dead fertile eggs, and infertile eggs. Previous studies have demonstrated that CNN-based and transfer learning 

approaches can provide high classification accuracy for fertility detection tasks [1], [7], [9], [12], [14]. 

The classification results are subsequently displayed through the web-based monitoring platform, enabling 

users to evaluate egg fertility conditions without relying solely on manual candling observations. By 

integrating environmental monitoring, image acquisition, wireless communication, and artificial intelligence 

into a single framework, the proposed architecture provides a comprehensive solution for smart incubation 

management and automated fertility assessment. 

3.3 CNN-Based Egg Fertility Classification 

The MobileNetV2-based Convolutional Neural Network (CNN) model using transfer learning was 

developed to classify egg fertility into three categories, namely live fertile, dead fertile, and infertile. The 

model achieved an accuracy of 91.26% on the testing dataset, indicating strong classification performance 

under controlled conditions. However, a lower accuracy of 82.22% was obtained during validation or real-

world testing, indicating performance degradation when handling more diverse and unseen data. This 

difference is mainly influenced by data distribution variations and visual similarities between classes, 

particularly between dead fertile and infertile eggs. 
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Fig. 3. Model Evaluation Results 

As shown in Figure 3, the live fertile class achieved a precision of 0.965, recall of 0.902, and F1-score of 

0.932. The dead fertile class obtained a precision of 0.964, recall of 0.869, and F1-score of 0.914. 

Meanwhile, the infertile class showed the highest recall value of 0.967 with an F1-score of 0.894. The lower 

recall in the dead fertile class indicates reduced model sensitivity in distinguishing this category, while the 

high recall in the infertile class demonstrates better detection capability. These variations suggest the 

influence of feature similarity among classes and potential data imbalance in the dataset. 

3.4 Web Application for Egg Candling Classification Using CNN 

The trained CNN model was implemented into a web-based system to perform automated candling image 

classification. The system receives images captured by the ESP32-CAM module and processes them using the 

trained MobileNetV2 model. The classification results are displayed directly on the user interface in real time, 

allowing users to monitor egg fertility conditions efficiently. 

 

Fig. 4. Candling Detection Page Interface 

 The interface displays the captured candling images along with their predicted classes, enabling users to 

observe embryo development conditions during incubation. This implementation integrates IoT-based image 

acquisition with deep learning-based classification to support automated egg fertility detection. 

3.5 System Performance Testing 

System testing was conducted to evaluate the functionality and performance of the developed IoT-based 

egg incubator system. The testing process included temperature and humidity monitoring, IoT communication 

performance, and egg candling classification using machine learning. The DHT11 sensor 

successfully monitored environmental conditions during the incubation process, while the ESP32 

module transmitted data to the IoT platform in real-time without significant delay.  

The machine learning model was tested using several egg samples categorized as infertile eggs, fertilized 

live embryos, and fertilized dead embryos. The testing results showed that the system was capable of 

identifying egg conditions automatically based on candling image characteristics. Most testing data were 

classified correctly with relatively high confidence values, indicating stable system performance during the 

testing process.  
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The implementation of IoT technology and machine learning in the egg incubator system improved 

monitoring efficiency and reduced manual inspection during incubation. The monitoring system enabled users 

to observe temperature and humidity conditions remotely through internet-based communication. In addition, 

the candling image classification system assisted users in detecting embryo development automatically.  

Based on the testing results, fertile eggs showed darker embryo regions and visible blood vessel patterns 

during candling observations. Meanwhile, infertile eggs appeared clearer without embryo development 

structures. Several prediction errors occurred due to similarities in image characteristics between infertile eggs 

and dead embryos. However, the overall system demonstrated good performance in supporting automatic 

incubation monitoring and embryo detection. The system was tested using 45 egg samples consisting of 

infertile eggs, fertilized live embryos, and fertilized dead embryos.  

Table 1. Sample of egg candling classification testing results 

No.  Egg Code  Actual Condition  Model Prediction  Confidence  Evaluation Result  

1  T1  Infertile  Infertile  96.6%  Correct  

2  T2  Infertile  Infertile  80.4%  Correct  

3  T3  Infertile  Infertile  73.0%  Correct  

4  T4  Infertile  Infertile  70.0%  Correct  

5  T5  Infertile  Live Fertile  95.7%  Incorrect  

6  T6  Infertile  Infertile  95.8%  Correct  

7  T7  Infertile  Infertile  80.2%  Correct  

8  T8  Infertile  Infertile  50.2%  Correct  

9  T9  Infertile  Infertile  77.9%  Correct  

10  T10  Infertile  Dead Fertile  71.6%  Incorrect  

11  T11  Infertile  Infertile  84.2%  Correct  

12  T12  Infertile  Dead Fertile  89.9%  Incorrect  

13  T13  Infertile  Dead Fertile  90.5%  Incorrect  

14  T14  Infertile  Infertile  81.0%  Correct  

15  T15  Infertile  Dead Fertile  96.2%  Incorrect  

16  T1  Dead Fertile  Dead Fertile  90.8%  Correct  

17  T2  Dead Fertile  Dead Fertile  85.6%  Correct  

18  T3  Dead Fertile  Dead Fertile  98.5%  Correct  

19  T4  Dead Fertile  Dead Fertile  57.2%  Correct  

20  T5  Dead Fertile  Live Fertile  95.7%  Incorrect  

21  T6  Dead Fertile  Dead Fertile  97.5%  Correct  

22  T7  Dead Fertile  Live Fertile  56.3%  Incorrect  

23  T8  Dead Fertile  Dead Fertile  96.6%  Correct  

24  T9  Dead Fertile  Dead Fertile  87.9%  Correct  

25  T10  Dead Fertile  Dead Fertile  99.7%  Correct  

26  T11  Dead Fertile  Dead Fertile  98.0%  Correct  

27  T12  Dead Fertile  Dead Fertile  81.7%  Correct  

28  T13  Dead Fertile  Dead Fertile  79.3%  Correct  

29  T14  Dead Fertile  Dead Fertile  68.6%  Correct  

30  T15  Dead Fertile  Live Fertile  95.6%  Incorrect  

31  T1  Live Fertile  Live Fertile  76.8%  Correct  

32  T2  Live Fertile  Live Fertile  97.8%  Correct  

33  T3  Live Fertile  Live Fertile  95.6%  Correct  

34  T4  Live Fertile  Live Fertile  98.5%  Correct  

35  T5  Live Fertile  Live Fertile  95.6%  Correct  

36  T6  Live Fertile  Live Fertile  97.0%  Correct  
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No.  Egg Code  Actual Condition  Model Prediction  Confidence  Evaluation Result  

37  T7  Live Fertile  Live Fertile  99.3%  Correct  

38  T8  Live Fertile  Live Fertile  99.7%  Correct  

39  T9  Live Fertile  Live Fertile  99.1%  Correct  

40  T10  Live Fertile  Live Fertile  99.9%  Correct  

41  T11  Live Fertile  Live Fertile  92.0%  Correct  

42  T12  Live Fertile  Live Fertile  99.4%  Correct  

43  T13  Live Fertile  Live Fertile  97.3%  Correct  

44  T14  Live Fertile  Live Fertile  99.9%  Correct  

45  T15  Live Fertile  Live Fertile  99.7%  Correct  

 

 The developed machine learning model was tested using 45 egg samples consisting of infertile 
eggs, fertilized live embryos, and fertilized dead embryos. Table 1 presents several sample testing 
results generated during the candling classification process. 

 

Fig. 5. Fertile egg detection result during candling process 

 

Fig. 6. Fertile egg detection result during candling process 

 

Fig. 7. Fertile Dead detection result during candling process  
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The candling image classification results demonstrated that fertile eggs were characterized by darker 

embryo regions and visible blood vessel structures. In contrast, infertile eggs appeared clearer without 

embryo development patterns. Eggs categorized as fertilized dead embryos showed irregular dark regions and 

abnormal internal structures during the image analysis process.   

 Table 2. Performance evaluation results for each egg classification category  

Target Class  Total Data  Correct Predictions  Class Accuracy  Average Confidence  

Infertil  15  10  66.7%  82.2%  

Fertile Dead  15  12  80.0%  85.9%  

Fertile Live  15  15  100.0%  96.5%  

 

The developed machine learning model achieved an overall accuracy of 82.22% during testing. The 

testing results indicate that the developed system was capable of performing automatic egg classification 

with relatively stable performance and high confidence values.  

The accuracy of the developed machine learning model can be calculated using Equation (1).  

 % 

where: 

Accuracy : percentage of system accuracy 

Correct : total correctly classified testing data 

Total Predictions : total testing samples 

 

Based on the testing results, the developed system correctly classified 37 out of 45 testing samples. 

Therefore, the accuracy is calculated as follows: 

 % 

 % 

 

The calculation results indicate that the developed machine learning model achieved an overall accuracy 

of 82.22% in classifying fertile eggs, infertile eggs, and fertilized dead embryos during the candling process. 

4. Conclusion 

Based on the results of the research, the IoT-based automatic egg incubator system was successfully 

designed and implemented to monitor temperature and humidity conditions in real-time. The system is capable 

of improving the efficiency of the egg incubation process through automatic environmental control and 

monitoring features. In addition, the integration of image processing and machine learning technology can 

support the automatic detection of embryo development during the candling process. The developed system 

provides convenience for users in monitoring the incubation process remotely and reducing the risk of 

incubation failure. Further research can focus on improving the accuracy of embryo detection, optimizing 

power consumption, and developing a more stable monitoring system with wider network coverage. 
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