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The research is to revolutionize the shrimp farming industry by developing a computer 
vision and Artificial Intelligence (AI) system for accurate and efficient shrimp counting. 
Recently, the aquaculture industry plays important roles in the global demand for 
seafood. In particular, shrimp farming has become a significant contributor to the 
industry. However, the process of counting the shrimp larvae is a labour-intensive and 
time-consuming task that often requires manual effort, leading to inefficiencies, 
inaccuracies and increased operational costs. Thus, the project was conducted to 
challenge the shrimp larvae counting with robust and efficient method. The proposed 
system captures and analyses images of Macrobrachium Rosenbergii shrimp post 
larvae (PLs) of varying stages and quantities using a high-resolution webcam and a 
Convolutional Neural Network framework (CNN). The presence of molts, feed and 
debris in the imaging chamber is considered by the system. The goal is to have a low 
mean absolute error when counting large and small PLs. This technology's successful 
implementation will not only improve the accuracy and reliability of shrimp counting 
but will also clear the way for counting other small aquatic species in their larval stages, 
such as fish, crabs, oysters and eggs. The methodology of the project entails training 
the system with a large image dataset and testing its performance with the trained 
model. The development of a fast and precise shrimp counting AI system, which has 
the potential to revolutionize the industry and improve customer satisfaction, is one 
of the significant results and findings. Finally, this study proposes a different approach 
to automate counting shrimp larvae counting by combining computer vision and AI, 
providing a more accurate, efficient and reliable solution for the aquaculture industry. 
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1. Introduction 
 

Intelligent and automated aquaculture is a promising solution for the sustainable growth of the 
shrimp farming industry [1-3]. It enhances resource utilization, production efficiency and 
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environmental impact, promoting sustainability and resilience while meeting seafood demands [4]. 
In aquaculture sector especially in shrimp farming, the innovative solutions are revolutionizing its 
implementation such as for predictive analytics and precision aquaculture. Some of the approach 
used demonstrates the effectiveness of utilizing deep learning object detection models to automate 
image classification [5]. 

This project aims to introduce a more accurate and efficient method for counting shrimp larvae 
in aquaculture farms. Currently, farmers rely on outdated methods, such as weight-based 
calculations, to estimate the overall shrimp population in ponds [6]. The proposed solution utilizes 
Artificial Intelligence (AI) and image processing to automate the counting process and eliminate the 
need for manual counting. By training the AI system to recognize and process images of shrimp 
larvae, farmers can save time and reduce the stress associated with manual counting. This technology 
has the potential to increase productivity and shrimp production in the industry. The project 
leverages the benefits of modern intelligent technology, such as reduced labour costs, increased 
production and environmental friendliness [1-6]. By adopting machine learning techniques, the 
system can learn and recognize shrimp larvae attributes from the data it encounters, improving 
accuracy and efficiency. The success of this project can contribute to the overall growth and 
development of the shrimp aquaculture sector in Malaysia and potentially other regions. 

Gathering and counting shrimp larvae has traditionally been a labour-intensive task in the shrimp 
industry, prone to human error as shown in Figure 1. However, a new system that uses Artificial 
Intelligence (AI) to automate the counting of shrimp larvae has been developed, resulting in a faster 
and more accurate counting process. The standard method for counting shrimp larvae entails 
collecting and measuring a representative sample of shrimp, calculating the total number of larvae 
in the pond and recording the information. Farmers' working conditions can be improved and their 
daily activities simplified by implementing this new framework. The AI system eliminates the need 
for manual counting in small containers, reducing labour requirements and errors. This advancement 
not only improves the shrimp industry's efficiency, but also ensures more precise data collection for 
better decision-making and overall productivity. 

 

 
Fig. 1. Manual counting 
of post-larvae 

 
Several previous studies have made significant contributions to automated aquatic larvae 

counting. Hu et al., [7] used image processing and machine learning to create a shrimp larvae 
counting system with 98.72% accuracy. Deep learning with Convolutional Neural Networks (CNNs) 
was used by Bessa et al., [8] to achieve a counting accuracy of 95.8% for fish larvae. Zhang et al., [9] 
used the You Only Look Once (YOLO) network to count shrimp larvae with 93.16% accuracy. Chen et 
al., [10] achieved 90.91% accuracy using Support Vector Machine (SVM). Yeh et al., [11] used 
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adaptive thresholding and contour detection to achieve a counting accuracy of 96.4% for white 
shrimp larvae. Hong et al., [12] used image processing and CNNs to achieve a counting accuracy of 
97.48% for fish larvae. These papers show how machine learning, deep learning and image processing 
techniques can improve the accuracy, time efficiency and labour-intensiveness of larvae counting 
systems for aquaculture management. 

Several previous works in automated shrimp larvae counting have its limitations. Zhang et al., [9] 
used the YOLO network, however, small larvae detection and localization may be difficult. Chen et 
al., [10] encountered difficulties due to complex larval morphologies and imaging variations. Yeh et 
al., [11] were highly sensitive to lighting and background noise. Hu et al., [7] required a large amount 
of labelled data, whereas Chen et al., [10] had generalizability limitations. These shortcomings 
highlight the need for further improvements in automated larvae counting systems' scalability, 
computational efficiency, robustness to different larvae characteristics and adaptability to varying 
environmental conditions as in [13-22]. 

Based on the above discussion, there is still room for improvement in having an effective and 
efficient counting system. In this research, a counting system is proposed to offer an acceptable 
percentage of accuracy in counting the larvae and able to minimize the percentage of error. Thus, 
the project’s objective is to design a system for automatically counting shrimp larvae using Artificial 
Intelligent based on image processing for shrimp farming in aquaculture. The prototype for Artificial 
Intelligence system that can automatically count shrimp larvae will be developed and the 
performance of the system will be validated. 

 
2. Methodology  
2.1 Specification Design Methodology 

 
Figure 2 shows a graphical representation of the system used in the development of the project 

Automatic Counting Shrimp Larvae Using Artificial Intelligence. The proposed method counts larvae 
using image detection techniques and includes two feature extraction methods: Local Binary Patterns 
(LBP) and red, green, blue (RGB). These methods extract important characteristics from input images. 
To accurately classify and count the shrimp larvae, the extracted features are put into a random 
forest (RF) algorithm, which acts as a collective tree classification method. The connections between 
the blocks represent the system's data flow and processing steps. 

 

 
Fig. 2. Block diagram for automatic counting shrimp larvae using 
artificial intelligence 
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Figure 3 shows the development of an automatic shrimp counting software using a counting block 
diagram. This software is intended for use in both agriculture and marine sciences. The main 
contribution of this study is the use of artificial intelligence (AI) and image recognition algorithms to 
improve the counting system and its efficiency. To create an efficient and accurate shrimp larva 
counting system, the software uses the image block diagram's components, integrating image 
detection techniques, feature extraction methods and the random forest algorithm. 
 

 
Fig. 3. Counting block diagram for automatic counting 
shrimp larvae using artificial intelligence 

  
The flowchart starts with turning on the detection and counting software as shown in Figure 4 

below. The system consists of two states, the first state is when the system receives a video feed 
from a webcam and the second state is a counting system based on the video feed. When using a 
video webcam, the system loads each frame from the video feed. Then a pre-trained model for 
segmentation is used, which aids in the identification and separation of shrimp larvae from the 
background. If the larvae are successfully detected, the system counts them using the identified 
boundary boxes. If no shrimp larvae are found, the flowchart loops back to the "load frame" step, 
allowing the system to process subsequent frames continuously until larvae are found. The counting 
process restarts every time there are no larvae detected in a frame, ensuring that the system keeps 
counting as long as it is running. The flowchart continues this loop until the system is stopped.  
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Fig. 4. Project flow chart for automatic counting of shrimp larvae using artificial intelligence 

 
 The developed prototype design for counting shrimp larvae includes key components such as a 

Latte Panda, a GPU, a power supply, an LCD and a webcam as illustrated in Figure 5. The Latte Panda 
is the central processing unit (CPU) in charge of efficiently managing the data processing tasks 
required for shrimp larvae counting. The GPU improves system performance significantly by 
accelerating complex calculations and image processing, resulting in faster and more precise 
counting results. A dependable power supply ensures that all components receive consistent and 
stable power. The LCD provides a user-friendly visual interface for convenient counting result 
monitoring and display. The provided webcam captures high-resolution images of the shrimp larvae, 
allowing for further analysis and accurate counting. 



Journal of Advanced Research Design 

Volume 133 Issue 1 (2025) 33-43  

38 

 
Fig. 5. The prototype design for automatic counting of shrimp larvae using artificial intelligence 

      
3. Results  
3.1 Results Observation by Experimental 

 
This project was developed for an automatic counting of shrimp larvae using an Artificial 

Intelligence approach. YOLOv8 system is used as the basis for object detection of the PL and running 
it using Python software. A set of images was used, which included both self-captured samples taken 
with a camera and pre-existing samples. The self-captured samples included 88 images captured with 
a camera and a webcam under various lighting conditions. These images were then labelled using the 
Roboflow website, which is a platform designed specifically for image labelling tasks. The labelling 
process entailed annotating the images' objects of interest such as the eyes and tail. Following that, 
the Roboflow website generated a YAML file with the labelled images, allowing for further processing 
with the YOLOv8 machine-learning algorithm. 

The images of shrimp larvae that have been carefully labelled and used as training data are shown 
in Figure 6. During the validation phase, the system will be trained using this trained dataset to 
produce the desired results. The system's ability to function effectively for the intended purpose 
illustrates the value of the training procedure and the potential for precise predictions in shrimp post-
larvae calculation. 

 
Fig. 6. Macro brachium 
Rosenbergii shrimp larvae sample 

 
The comparison between shrimp larvae and the background is shown in a confusion matrix in the 

context of an AI prediction as shown in Figure 7. The purpose of this evaluation is to rate the system's 
performance in relation to the practiced data. The findings show that the system has a reliable post-
larvae detection rate of 83%. According to this finding, the AI model has developed the ability to 
distinguish and identify shrimp larvae from the background with a high degree of accuracy. These 
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positive results demonstrate the system's potential to support accurate and efficient shrimp 
quantification procedures. 

 
Fig. 7. Confusion matrix 

 
The relationship between the precision of bounding box detection and the confidence 

evaluations given by the YOLOv8 model is visually represented by the Precision vs Confidence curve 
as shown in Figure 8. 
 

 
Fig. 8. Precision vs confidence curve 
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More accurate and precise detections are indicated by a higher precision score. The bounding 
box labels created by humans and those created by the YOLOv8 model after training are compared 
in Figure 9 and Figure 10 of the validation results. 

 

  
Fig. 9. Human generated bounding box Fig. 10. YOLOv8 generated bounding box after 

training 

 
Based on the manually created bounding boxes, these figures show that YOLOv8 was able to 

detect the majority of the images. The precision of the detections and the model's confidence scores 
were strongly correlated, as shown by how closely they were aligned. This suggests that the YOLOv8 
model was successful in precisely locating post-larvae in the images and classifying them, leading to 
accurate predictions of bounding boxes. Insights into the model's performance and its ability to 
produce precise detections with high confidence scores can be gained from looking at the Precision 
vs. Confidence curve and the comparison between human and YOLOv8-generated bounding boxes. 

 

 
Fig. 11. Prototype for the system (a) front view (b) top view 

 
The project has been successfully created and a prototype of an artificial intelligence system for 

counting shrimp larvae automatically has been developed. Modern technologies and algorithms are 
incorporated into the design in order to accurately and effectively calculate shrimp larvae. A fully 
operational system that can automatically count shrimp larvae with high precision and reliability was 
developed from the prototype's rigorous development and testing phases. The system demonstrates 
the ability to process large volumes of shrimp larvae images and generate accurate counts in a small 
fraction of the time compared to manual counting methods thanks to the integration of advanced 
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computer vision techniques and deep learning models. The successful construction and operational 
implementation of the prototype highlights the AI system's potential to revolutionize shrimp larvae 
counting processes in a variety of industries, including aquaculture and fisheries. 

Figure 12 shows the comparison of manual counting and YOLOv8 prediction for calculating shrimp 
post larvae revealed that the YOLOv8 model consistently attained an accuracy range of 90% and 
above. This demonstrates the capability of YOLOv8 to calculate the precise quantity of shrimps 
present. While manual counting has benefits like visual evaluation and customization possibilities, it 
is prone to human error and time constraints. On the other hand, YOLOv8 prediction offers consistent 
accuracy, quick processing and automation potential, though it necessitates a carefully selected 
training dataset and may encounter difficulties when confronted with unusual shrimp orientations. 

 
Fig. 12. Differences between manual and YOLOv8 

 
Table 1 shows the results of a comprehensive evaluation conducted to compare the efficiency of 

manual counting and YOLOv8 to determine the number of shrimp post larvae. The testing procedure 
was repeated ten times to ensure the findings' reliability. The results of tests 7 and 8 showed that 
YOLOv8 had a slightly superior capability in counting shrimp post larvae when compared to manual 
counting. These findings highlight the potential of YOLOv8 as a promising tool for precise and efficient 
counting of shrimp post larvae that can outperforming the traditional manual counting method.  

 
Table 1  
Result table for counting difference between manual and YOLOv8 
No. of testing Number of shrimp post larvae Manual counting YOLOv8 Accuracy result  

Test 1 5 5 7 71.43% 
Test 2 8 8 8 100% 
Test 3 12 12 12 100% 
Test 4 16 16 17 94% 
Test 5 20 20 20 100% 
Test 6 24 24 26 92.3% 
Test 7 30 28 30 93.33% 
Test 8 50 45 48 96% 
Test 9 50 50 49 98% 
Test 10 50 50 48 96% 

 
The real time result for the shrimp is shown in Figure 13. 
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Fig. 13. Real time result counting 

 
4. Conclusions 

 
The design of an automatic shrimp larva counting system based on image processing for shrimp 

farming in aquaculture, building a simulation of an artificial intelligence system for automatic shrimp 
larvae counting and verifying the performance of the Automatic Counting of Shrimp Larvae Using 
Artificial Intelligence, were met.  

The system demonstrates successful image recognition and achieves more than 83% accuracy 
rate in calculating quantities based on the detected images.  

Further testing is needed to improve the precision and confidence of the YOLOv8 model and 
ensure a more accurate outcome. More testing will help improve the model's performance by fine-
tuning the precision and confidence thresholds, resulting in better detection and counting of shrimp 
larvae. 
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