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Abstract

Baby Fish must be counted accurately so it will not cause any loss, especially for fish seeds or fingerlings that have a small size.
Generally, people still use conventional counting methods that produce low accuracy values. This research will make a Nila Baby
Fish fingerlings counter program using the YOLOV3 algorithm and Blobb detection technique. The annotation data process will
use labellmg, and the dataset training will use Google COLABoratory with the Darknet framework in an online environment.
Images predicted in this program will be called and detected with an object detector. The object with a confidence score of more
than 0.3 will be converted into a blob. The blob value will be forwarded to the output layer for scaling the bounding box objects.
The output of this program is the predicted image, blob value, prediction time, and the number of Nila seeds. The model
performance is evaluated using a confusion matrix and obtained a 98.87% for accuracy score.

Keywords: Baby fish; Blob; Nila; Bounding Box; YOLOV3.

Introduction

Indonesia is an agricultural country which means that most of population in Indonesian works in agriculture sector.
The agricultural sector can be divided into 5 (five) sub-sectors including food crops, plantations, forestry, animal
husbandry, and fisheries. One of the agricultural sub-sectors, the fisheries sector [1], has good business potential from
increased national fish consumption [2] in the last decade. The fish consumption rate in 2021 reached 55.37 kg/capita,
while in 2011, it was only 36.66 kg/capita. From these data, the national consumption rate has increased by around
69.17% over the last ten years [3]. One way to support increased fishery production is to improve good aquaculture
technology by overcoming the obstacles experienced by fish cultivators, namely counting fish seeds that still use manual
or measuring methods [4]. The method of counting fish seeds manually or using measurements takes a long time, and
the results are inaccurate [5] when this method is used to count seeds in small quantities. Apart from the manual method
using measurements, another method that is quite accurate in calculating fish seeds is measuring cups to calculate the
number of large fish seeds [6]. This method is faster and more effective, but the level of accuracy is uncertain. The third
method uses a scale similar to the measuring method using a glass, except that the measurement is converted to weight,
where for speed and efficiency, this method is quite good, but the accuracy is still uncertain.

Barriers in calculating fish seeds can be overcome by carrying out automatic calculations by implementing the use
of the object detection method [7] seeds in water using the You Only Look Once (YOLO) algorithm, which was
developed to detect an object in real-time [8]. The YOLO algorithm is implemented [9] to detect an object by changing
the image size to 448 x 448 pixels, then running the single-convolutional network in the seed image and setting the
threshold value of the confidence model value obtained. Research [9] implemented the YOLOVv3 algorithm to design
an automatic counting program for shrimp larvae. The dataset consists of 325 images as training data and 99 test data.
Research [10] performs sorting, resizing, and labeling the training data to improve the resulting accuracy. This study
obtained an accuracy of 96.10% and an RMSE of 2.60 at a density of less than 50 larvae and an accuracy of 95.72%
and an RMSE of 4.19 at a density of greater than 50 larvae. Research [11] applied the YOLO algorithm to design a
program for calculating carp seeds using a webcam as a data input device. The dataset used is divided into three classes
based on the size of the carp seeds, namely the first class of thumb-sized carp seeds (2-3 cm), the second class of gas-
sized carp seeds (3-4 cm), and the third class is the finger-sized carp seeds (3-4 cm), and the third class is the carp seeds
the size of a razor blade (4-5 cm). The accuracy obtained from dividing the three classes using 15 carp seeds was 85.33%
for the first, 82.67% for the second, and 84% for the third. Two accuracy calculation techniques are used to count the
number of carp seeds without differentiating the size of the carp seeds, namely the mode technique and the one detection
technique. The results obtained using the mode technique were 97.62% for 29 seeds, 98.77% for 49 seeds, and 100%
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for 100 seeds. The single detection technique results were 95.83% for 29 seedlings, 95.68% for 49 seedlings, and
97.60% for 100 seedlings. Research [12] used a combination of the DIRT Olive Fruit Fly dataset and the YOLOv4
algorithm as the basis for modifying the Original YOLOv4 with the DIRT method with a precision of 97%. Research
[13] compared the YOLOv2 and YOLOV3 algorithms to find out the difference in the performance of the two versions
using a video of a human being in an elevator as an input object. The result of the comparison between the YOLOv2
and YOLOv3 algorithms is that the confidence value obtained by YOLOV3 is 0.9, while YOLOV2 only gets a value of
0.6 with a confidence threshold set at 0.3.

This study implements the YOLOV3 algorithm and the BLOB detection technique in automatic calculations of Nile
Tilapia seeds as a freshwater fish species, one of the most common and easily cultivated fish species. Freshwater fish
can be cultivated using simple technology, lower costs [14], and the availability of easy seeds to obtain when compared
to sea fish [15]. The dataset of Nile Tilapia seeds in this study results from taking seed images directly using a
smartphone camera with various sizes of seeds. The resulting dataset consists of 87 data which are categorized into one
class. The dataset has been labeled automatically at the training stage using the Darknet framework on Google COLAB.
The blob detection technique in this study is implemented using a forward pass using the blob obtained through the
output layer to calculate the time needed to detect one seed image. Implementing this algorithm is expected to speed up
the time of counting fish seeds and be accurate in providing optimal results when counting fish seeds to increase fresh
fish production in particular.

Method

This study uses the YOLOV3 algorithm with blob detection techniques to calculate Nile Tilapia seeds automatically.
The research began with data acquisition to obtain images of Nile Tilapia seeds. The data acquisition results are
annotated and trained to get the Nile Tilapia dataset ready to be used for predictions. The data training and test data
results are called into the program for detecting and counting Nile Tilapia seeds.

A. Image Acquisition of Nile Tilapia Seeds

The first stage is acquiring digital image data for Nile Tilapia seeds, as seen in Figure 1. The data is an image of
Nile Tilapia seeds taken using a smartphone camera with 48MP specifications at approximately 10 cm from the
container. Nile Tilapia seeds were placed in a 21 x 36 cm container with a water level of approximately 4 cm, and
pictures were taken with variations in the position and number of seeds. Taking pictures using a flashlight on a
smartphone camera so that there are no shadows in the image.
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Figure 1. Data Acquisition Process

At this stage, data annotation and training will be carried out so that the dataset used for prediction has good quality.
Annotation of seed images is done using the labellmg program. The image will be divided into four parts to make the
image annotation process clearer and more detailed, especially for images with many objects.

Type Filters Size Qutput

Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128

Convolutional 32 1 x1

1x| Convolutional 64 3 %3
Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 84 1 x1

2x| Convolutional 128 3 x3
Residual 64 x 64
Convolutional 256 3x3/2 32 x32
Convolutional 128 1 x 1

8x| Convolutional 256 3x3
Residual 32 x 32

Convolutional 512 3%x3/2 18 =16
Convolutional 256 1 x1

8x| Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1= 1

4x| Convolutional 1024 3 x 3

Residual 8x8
Avgpool Global
Connected 1000

Softmax

Figure 2. Darknet-53 Network Layer Model [18]
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The divided or split image will be opened in the labelimg program, then annotated by giving a box to each object
[16]. The training stage in this study utilizes configuration files from Darknet53 [17] and uses transfer learning
techniques. The transfer learning technique is a technique that uses a pre-trained model to classify a new dataset
without having to do data training from scratch. This transfer learning process utilizes configuration files from
Darknet, namely cfg files and pre-trained weights [18]. Darknet 53 in this study uses a convolution layer size of 3x3
in a row, as seen in Figure 2.

B. Detection of Nile Tilapia Seeds using YOLOv3 and Blob Detection
Following the annotation process and data training on the seed dataset is to implement and recognize Nile Tilapia
seed objects using YOLOV3 and Blob Detection by:

1. Read the input image in the form of a Nile Tilapia seed image.

2. Divide the input image into S x S grids, where each grid cell has only one object with a fixed number of bounding
boxes using the YOLO mathematical equation [19]. Each bounding box has one confidence value and x, y, w, and
h values which represent the coordinates and bounding box size of the objects.

S xS§S x(Bx5 +0C) @

The grid cell size value is represented by S x S, B is used to represent the number of bounding boxes that will be
created in each cell, and C represents the number of object classes that must be detected and predicted. The B value
is multiplied by 5 because a bounding box has 5 values that need to be stored, namely x, y, w, h, and confidence
values. The x and y values are the midpoints of the resulting bounding box, while the w or width and h or height
values are the width and height of the bounding box. Each bounding box has an objectness score which is predicted
using logistic regression as can be seen in Figure 2. The objectness score will have a value of 1 if there is overlap
between the bounding box prior and the ground truth object more than other bounding box priors (having the highest
10U value). The system will only set one bounding box prior for each ground truth object, if there are no bounding
boxes, then there will be no loss for coordinate and class predictions, only objectness [20].
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Figure 3. Bounding Box with Objectness Score
The process of getting the bounding box for each object to get all the detected seed object information will be
extracted and displayed on the screen. Repeat for each output layer and loop for each detection function in the output
by extracting the classID and confidence. The function of confidence > CONFIDENCE_THRESHOLD is to ensure
that objects that enter the loop or will be detected are objects that have a confidence value of more than 0.3.
Coordinates and dimensions are extracted from the bounding box by returning the bounding box coordinates in the
form centerX, centerY, width, and height. Store back all the values that have been obtained in each variable.

3. Determine the confidence threshold to detect objects that have a low prediction probability and load object
detectors from the Darknet. The confidence threshold value used in this study is 0.3, which means that objects
with a confidence value of less than 0.3 will be missed. Determination of confidence threshold.

4. Detect Nile Tilapia seed objects by implementing the Blob Detection Technique. This technique is done by
comparing the same color from a set of pixels with the object's background color. The blob counting process can
be done by performing a pixel adjacency analysis. Pixels are called neighboring if a pixel has a distance of 1 with
the original pixel. The blob calculation utilizes the 8-neighbors pixel relation as can be seen in Figure 4. The
object mapping process will trace each pixel in each existing row and label pixels that have a color value other
than black (RGB = 0, 0, 0). Every pixel that has an 8-neighbors relationship will be given the same label.
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Figure 4. 8-neighbor relations [19]

5. Implement a forward pass using the blob that has been obtained through the output layer then calculate the time
needed to detect one image.

6. Minimizing stacked bounding boxes on an object and selecting the best bounding box for an object using non-
maxima suppression (NMS). NMS will consider two things, namely the objectivity score given by the model and
the loU from the bounding box. The following pseudocode minimizes the use of bounding boxes by using the
parameters boxes, confidences, and CONFIDENCE_THRESHOLD.

7. Provide an information label containing the number of Nile Tilapia seeds, confidence values, and bounding
boxes.

C. Darknet file configuration for Nile Tilapia Seed Training Dataset

At the training stage using Google COLAB, there is a Darknet file configuration to suit research needs. Data
training utilizes the GPU on Google COLAB so that the training process can be carried out faster, therefore the GPU
and CUDNN functions are changed to 1 so that they can be used as shown in Table 1.

Table 1. Configuration on Darknet53

Configuration Type Information
Load Model Darknet53
Load Weight YOLOv3

OPENCV 1
GPU 1
CUDNN 1

Configuration is also done in the custom.cfg file to determine the maximum batch value, steps value, number of
classes, and number of filters. The maximum value of the batch or max_batches is the iteration limit for training.
Equation (2) is used to calculate the max_batches value, which means that each class can iterate at least 2000 times.
In this study the max_batches value used was 4000 so that the training results obtained could be better.

max_batches = number of classes x 2000 2

Equation (3) is the formula for determining the value of steps

steps = (80%max_batches), (90%max_batches) 3)

Equation (4) is used to determine the number of filters

filter = (jnumber of classes + 5) x 3 4)

Table 2 is a summary of the configuration results in the custom.cfg file. The batch value is used to determine the
number of images to be processed before the network weight is updated. The subdivision value is used to determine
the number of batches to be processed.

Table 2. Configuration in the custom.cfg file

Configuration Type Information
batch 64
subdivision 16
Max_batches 4000
steps 3200, 3600
classes 1
filters 18
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D. YOLOv3 Performance Parameters and Blob Detection Techniques in Counting Nile Tilapia Seeds

This stage is used to determine whether the implemented model is successful in detecting seeds. The computation
is performed by comparing the actual data from manual calculations to the predicted outcomes. Manual computations
are performed by drawing dots on the seed image, as shown in Figure 5.

Figure 5. Example of Manual Calculation Results for Nile Tilapia Seeds

The calculation of confusion matrix is performed on each test data by comparing the manually calculated seed
images with the predicted seed images, then analyzing detected and undetected objects. Figure 6 compares the manual
calculation image and the expected result image. The difference in the number of seeds between manual calculation
and prediction can be seen in Figure 6 (a) 16 seeds, and (b) 15 seeds respectively.
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Figure 6. Example of Comparison of Manual Calculations and Predictions
(a) Manual Calculation, (b) Prediction Results

In Figure 7, two different bounding box colors are blue and red. The blue bounding box is considered a True
Positive (TP), which means that the Nile Tilapia seed object (actual positive) is detected as an object (positive
prediction) by the system. The red bounding box is considered a False Negative (FN), which means that the fish seed
object (positive actual) is not detected as an object (negative prediction). From the analysis of Figure 7, the confusion
matrix values are TP = 15, FN =1, FP = 0, and TN = 0. This calculation is performed on all test data to obtain the
overall confusion matrix value. The confusion matrix values obtained from all test data can be used to calculate
accuracy, precision, recall, and RMSE.
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Figure 7. Example of Confusion Matrix Value Analysis on Detected Nile Tilapia Seeds
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Results and Discussion

The study used a dataset of Nile Tilapia seeds which were acquired directly using a smartphone camera. Figure 8
is a display of objects that are being annotated by giving a RectBox to each object which will later be detected as a
bounding box.

Figure 8. Example of a seed image being annotated

Figure 9 is the result of object annotations performed using the labeling program. The result of this object annotation
has two formats, namely JPG and txt.

Format Jpg

WY

Format Txt
9 (3).4xt - Notepad
Fle Edt Format View Help
p ©.622103 0.361499 9.294517 ©.257164

© ©.554833 0.683688 0.459582 0.318801
@ ©.827586 9.411830 ©.218202 ©.569434

Figure 9. Example of Dataset Annotation Results

JPG images are the results of annotations that have previously been divided or split so that images can be annotated
more clearly and in depth in the form of images, and txt files contain object classID, object coordinates, bounding box
width, and bounding box height. All classIDs are 0 because there is only 1 class to predict. The maximum batch in this
training has been set at 4000, thus the software stores the results of the training data until the last weight every 1000
iterations. Figure 10 shows the identified seeds' results, including the number of seeds detected, the bounding box, and

the confidence value.

lih Mio: 05844

jihMic; .996

Hilo: 0 173

Figure 10. Detected Seed Yield

The model performance results were obtained from the use of the average formula, confusion matrix, accuracy,
precision, recall, and RMSE, as can be seen in Table 3, which is the average result of the time required to perform one
image detection of Nile Tilapia seed, which is 0.57 seconds.
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Table 3. Seed Prediction Time

Image Number of Seeds Prediction Time
1 1 0.710100
2 2 0.739972
89 44 0.561458
90 41 0.528547
Average 0.571058

The accuracy value is obtained from the value of the confusion matrix per record, which then calculates the average
overall accuracy. Table 4 is the result of calculating the accuracy per record, where in the last row of the table, it can
be seen that the average accuracy of the Nile Tilapia seed counter program reaches an accuracy of 90.07%.

Table 4. Results of Nile Tilapia Seed Detection Accuracy

Image TP FN FP TN Accuracy (%)
1 1 0 0 0 100.00
2 2 0 0 0 100.00
89 44 12 0 0 78.57
90 41 12 0 0 77.36
Average Accuracy 90.07

Visualization of Nile Tilapia seed detection accuracy can be seen in the blue line graph of Figure 11. The blue line
represents the accuracy value of each prediction, while the green line represents the actual data or the actual number of
seeds. From Figure 11 it can be seen that the accuracy value reaches 100% for the number of seeds 1 to 11, then the
accuracy value drops irregularly. The decrease in accuracy is caused by objects that overlap or are too close together so
that the program is not able to detect these objects or detect them as one object.
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Figure 11. 9 Graph of Nile Tilapia Seed Detection Accuracy

The average time needed by the program to make predictions is 0.57 seconds, the prediction accuracy obtained is
90.07%, the precision value obtained is 1, the recall value obtained is 0.87, and the RMSE value obtained is 7.42 as can
be seen in Table 5.

Table 5. Summary Results of Model Performance Calculations in Detecting Nile Tilapia Seeds

Calculation Type Results
Average prediction time 0.57 second
Accuracy 90.07 %
Precision 1
Recall 0.87
RMSE 742

Conclusion

Based on the trial results of calculating the number of Nile Tilapia seeds using the YOLOV3 algorithm with the
Blob detection technique, several conclusions can be drawn, including the data annotation process using the labellmg
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program produces several JPG format images and txt files that are ready to be trained. Data training is done online using
the Darknet53 framework, producing 6 custom weight files. The custom weight used for prediction is
final_custom_weight. The program for calculating the Nile Tilapia seeds using the YOLOV3 algorithm and the blob
detection technique works well. It can produce predicted images, blob values, predicted time, and the number of
detected seeds. Calculating model performance using the confusion matrix produces an accuracy value of 90.07%, a
precision of 1, a recall of 0.87, and an RMSE of 7.42.

In future research, it is expected to add a dataset pre-processing stage with the pixel neighbor technique so that seeds
that accumulate or are close together can be detected and can improve the accuracy of the program. The data annotation
process in advanced research can use the polygonal segmentation annotation type so that seed objects can be detected
in more detail and more accurately, especially in several seeds where one seed object is stacked with other seeds.
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