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Abstract—Soft-shell crab is an export product in which foreign
demand is much higher than production. The production of soft-
shell crabs done by selecting the crabs just prior to molting
and placing them in a box until the molting occurs. Molting is
a natural process of shedding the shell when crabs respond to
the lack of growth space within its shell. Shortly after molting,
the new crab shells are still very soft and will be hardened
in a few hours after the crabs absorb calcium from water.
Farmer must harvest the crab while the crabs’ shell is soft. This
study investigates the initial identification of crab molting using
machine learning classifier. We collected 1060 image datasets of
crab molting and we divide data into 1000 training data and 60
testing data. We use three machine learning classifiers, namely
K-Nearest Neighbors (k-NN), Support Vector Machine (SVM),
and the Random Forest Classifier (RFC). This study aims to
compare and determine the best classification algorithm to be
used for crab’s molting identification. The experimental results
show that, KNN is the best classification algorithm for initial
identification of crab’s molting.

Index Terms—Crab Molting Identification,Image Processing,
Classification Algorithms, Machine Learning.

I. INTRODUCTION

Mangrove crab (Scylla serrata Forsskal, 1775) is one of
the marine biological resources with a wide and plentiful
distribution in Indonesian waters. Mangrove crab is a type
of crustacean with high economic value that has been widely
produced by traditional farmers to supply food demands in
both domestic and international markets. According to BPS
(2016), it is stated that the crab export market to several
countries, namely, Taiwan, China, Malaysia, Japan, America,
Italy, and Singapore, is quite large. Mangrove crab exports
amounted to 109,624.4 tons in 2015 and increased by 17.74%
per year from 58,091.8 tons in 2010 [1].

Soft-shell crabs are a type of seafood that is well-known for
its delicacy all over the world. Although many are produced
in Indonesia, the Indonesian people are unfamiliar with this
product. This happens because soft-shell crab is an export
product where foreign demand is much higher than production.
These commodities are exported to America, China, Japan,
Hong Kong, South Korea, Taiwan, Malaysia, and a number of
countries in Europe. Soft-shell crab production is carried out
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by raising individual crabs in a crab box which is placed in
the pond until molting. Molting is a natural process of casting
or shedding the feathers, skin, or the like, that will be replaced
by a new growth, i.e. removing the old tough skin for growth
purposes. Immediately after molting, the new crab shells are
still very soft and will harden again a few hours later after
water absorption occurs. These crabs with soft conditions are
harvested as soft crabs [3].

There are numerous treatments that can be used to speed
up the harvest of soft crabs, one of which is the mutilation
procedure, which involves removing the crab legs to stimulate
molting. According to Raden Ario et al, in his research on
Differences in Mutilation Methods on the Length of Molting
Time Scylla serrata, the length of molting time and using the
technique had no effect on absolute weight growth [4]. In the
cultivation of soft crabs, supervision will determine the quality
of successful soft crabs. This is because the crabs are harvested
shortly after molting. If the crabs are harvested too late, their
skin will soon harden again and this causes the quality to
decrease. [5]

The research above proves that the importance of identifying
crabs molting in soft-shell crabs cultivation by using Machine
Learning classifiers for early detection so that it can be handled
more quickly when crabs soft. Therefore, this study proposes
a molting crab detection using classification algorithms of
machine learning and compare them to find out the best
algorithms for detection.

II. RELATED WORKS

In a related study, reference [6] conducted research on the
classification and recognition of fish objects using machine
learning technology with support vector machine (SVM) algo-
rithm methods by classifying the number of 5 ornamental fish
using the SVM algorithm with 250 image test data. The results
show the Accruacy value of 50%, Precision 90%, Recall 47%
and f1 score 63.94%.

Reference [7] used the Oriented Fast And Rotated Brief
(ORB) and k-nearest neighbor (k-NN) for distinguishing the
type of fishes. Their research results showed that the proposed
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method can classify 39 types of fish with accuracy of 97.5%

using the k-NN.
Research on fish classification using machine learning tech-

nology has also been carried out by authors in [8]. They | } ;
classified various fishes using machine learning algorithms, Data for training | Detefortesting |
namely artificial neural networks (ANN) and k-NN and sup-
port vector machine (SVM). Their research results showed
that the SVM perform well with 94% accuracy. In addition to
fish classification, authors in [9] implemented a shrimp disease
classification using SVM with accuracy of 81.27%.
Reference [10] proposed method to identify crabs parasites
using several machine learning algorithms, namely logistic
regression (LR), k-NN, Gaussian Naive Bayes (GNB), SVM, Feature HOG Efstraction.
and linear discriminant analysis (LDA). The research results
showed the LDA and GNB algorithms obtained the highest
accuracy. In our research, we proposed a method to identify I@ ——— | Classification model

crabs molting using machine learning classifiers to help farm-
Trained maodel I

ers to produce soft-shell crabs.
Model Evaluation and validation |

Resizing Image

Image Transformation

|

Classification Algorithm with
selected parameters

III. RESEARCH METHOD
Research method consists of data collection, pre-processing,
object detection, classification and evaluation. Figure 1 shows
the research workflow. First, we collecting images data using

KNN SVM RFC

Raspberry pi camera and split the collected data into training T
data and testing data. Secondly, pre-processing is carried out Optimal model with selected features and
including image resizing, Image transformation and feature performance

HOG extraction. After that we select three classification
algorithms(k-NN, SVM, and RFC) and train the models.
Finally, we evaluated and optimized the models to get the
best accuracy, compare the models and then selecting the best

model. Collecting Image i
L]
Figure 2 shows the devices used to collect data including the ! Raspberry PI / n lxl

raspberry pi and the camera. We place the camera at a height ——
of 2 to 4 cm from the box contain a crab. The raspberry pi
take a pictures every 10 seconds and stores the image data on
the hard drive.

Fig. 1. Research methodology flow

o8 - |

Pre-processing Data Analysis
Model Training Evaluation & Validation

A. Data Collection and Pre-Processing

The dataset is separated into two categories, namely molting
and non-molting classes. Figure 3.a and 3.b shows Non-
molting (with mutilated leg) and molting crab, respectively.

The dataset was divided into two classes, namely molting
and non-molting. From the total of 1060 crab images, each
class has 530 images and they were divided into 2 datasets, i.e.,
500 images of training dataset and 30 images of test datasets.
After dividing the image dataset, pre-processing the dataset
is conducted including image resizing, image transformation,
and HOG feature extraction.

Fig. 2. Devices for Collecting Data

1) Image Resizing
Image resizing aims to establish a base size for
all images because captured images vary in size. Image
resizing done by using the the cv2 package available
in the OpenCV-python library. The set size is 72 x 72
pixels. Figures 4 and 5 are data before resizing and after
resizing, respectively. Fig. 3. Non-Molting and Molting
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) are characteristic to the actual shape [12]. The gradient
distribution indicates the features of each image. The
image is divided into small areas called cells.

Figure 8 shows result of feature HOG extraction.
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Fig. 5. Non-Molting image data before resizing and after resizing Zoom Window Histogram of Gradients
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2) Image Transformation
The next stage is image transformation. The color
of the resized image will be changed to grayscale. This

is done to keep the pixel value that will be taken from m ]’_ a}“j ]
being too wide [11]. The image that is transformed into oo B ] ‘ | AL | ‘ H .

a grayscale color only has a pixel range from 0 to 1, 0 O
as white, 1 as black, and the value between them is gray.

After becoming a grayscale image, the pixel value of the Fig. 8. Result of Feature HOG Extraction

color will be taken. Figures 6 and 7 are images that has
not been transformed and that has been transformed to

B. Molting Identification with Classification Algorithms
greyscale.

The object to be detected consists of 2 categories, namely
molting and non-molting crabs. The object classification pro-
cess uses machine learning algorithms including the k-NN,
random forest classifier (RFC), and SVM. In this stage, these
machine learning algorithms finds the pattern in the training
datasets and build a model that captures these patterns.

-

n
U T T I T T T T I

1) Classification

Fig. 6. molting image data that has not been transformed and that has been Classification airms to categorize data into a given
transformed to greyscale number of classes. This research aims to categorize data
into two classes, namely molting and non-molting. We
use three classification algorithms and compare which

algorithm has the highest accuracy in classifying.

a) k-Nearest Neighbors (k-NN)

KNN is a classification algorithm that works
by grouping data based on adjacent to the other
data [13]. Calculation of the distance between

T 0 ® » o4 o oo M 0 B oA D o N @ W

Fig. 7. non-molting image data that has not been transformed and that has the data and the group using the Euclidian and
been transformed to greyscale . .. . .
Minkowski distance formulas as shown in equation
3) Feature HOG Extraction 2 [14].

At this stage, the HOG feature extraction of the
training image and the test image were compeleted. In
this process, the previous size was 72x72 pixels. After
resizing the data as many as 1060 images, then the
molting and non-molting crab images on the training
data and test data were converted to grayscale images.
HOG is a form of local object and the value is used
from the gradient intensity to extract features used in
computer vision and image processing. HOG has the
advantage of capturing edges or gradient structures that

o Distance Euclidian function:

d(a,b) =+/(z1 —22)® + (1 —12)> ()
o Distance Minkowski function:
d(a,b) = ¢/(z1 —22)P + (11 —2)? ()

b) Support Vector Machine (SVM)
SVM can be used to create a model for
both classification and regression cases [15]. SVM
works by finding the outermost point of each data
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and then drawing the most optimal dividing line
[16]. From the dividing line that has been obtained,
there will be two or more data groups. SVM can
perform both linear and non-linear classification.
SVM has many defined kernel functions according
to data classification. Some of the main kernel
functions is [17] :

o Linear kernel function:
K (x5,25) = xLTxJ 3)
o Polynomial Kernel function:
K (zj,2;) = (yal,z;+1)4y>0) (@)
o Radial Basis function(RBF) function:
(i, 25) = exp (=7llzi = ;]%),7 > 0) ()

Equation (3-5) explain the working of kernels
where z; dan x; are the inputs and < is regular-
ization factor. The efficiency of the model can be
improved by the appropriate selection of kernel and
certain parameters such as v, C' dan e.

¢) Random Forest Classifier (RFC)

Random Forest is an integration of bagging
and several Decision Trees [18]. Several tree com-
binations will produce several votes which are then
taken by the most votes or voting. This voting re-
sult is the final result of the classification. Breiman
has used Gini index as the goodness measure to
split the attributes on. The Gini index is a statistical
measure for quantifying the heterogeneity of a
dataset [19]. However, it has been first introduced
by the Italian statistician Corrado Gini in 1912. The
index is a function that could be used to measure
the impurity of the data, i.e., how uncertain we are
if an event will occur. In classification, this event
would be the determination of the class label. The
impurity is measured by the Gini index, which has
the following form [20]:

k

G=1-=> (pleilt))” 6)

i=1

where t is a condition, k£ the number of classes in
the data set, and C; is the i'h class label in the
data set.

2) Parameters Tuning

At this stage, each algorithm is configured using
several parameters to determine the effect of parameters
on the resulting performance. In the KNN algorithm, the
parameters tested are the distance type and the number
of neighbors. Table 1 shows the parameters of the KNN
used in this study. The number of neighbors used are
1, 7, and 9, while the distance types used are Euclidean
[21] and Minkowski [22].

TABLE I. PARAMETERS K-NN

Parameters
Number Neighbors
Type Distance

Description
1,7.9
Euclidean,Minkowski

TABLE II. PARAMETERS SVM

Parameters
Kernel

Description
Linear,Poly, RBF

In the SVM algorithm, the parameter being tested is
the type of kernel. Table 2 shows the parameters of the
SVM.

The Random Forest Classifier (RFC) algorithm being
tested was estimators, namely 20, 30, 40. Table 3 shows
the parameters of the random forest classifier (RFC).

TABLE III. PARAMETERS RFC

Parameters
Estimators

Description
20, 30, 40

C. Performance Evaluations & Results

We conduct the performance evaluation of the KNN, SVM,
and RFC algorithms for crab molting identification. The
performances matrics are accuracy, precision, recall, and F1
Score. Precision is the ratio of true positive predictions com-
pared to the overall positive predictive result. Recall is the
ratio of true positives compared to all positive data. fl-score
is a comparison of precision and weighted mean gain [23]. The
Confusion Matrix allows to compare the model’s classification
results to the real classification results. Accuracy is the ratio
of true predictions (positive and negative) to the overall data.
Equations (7),(8),(9),(10) respectively show the formula for
calculating accuracy. TP is True Positive, TN is True Negative,
FP is False Positive, and FN is False Negative.

TP+ TN
A = 1 7

ceuracy = gp ppy EN 7N F 0% D

TP

Precision = ———
recision TP+ FP (8)
TP
ll=—+———
Reca TP+ FN C)]
Precisi

FlScore — recision x Recall (10)

Precision + Recall

Table 4 shows the performance results of the k-NN algo-
rithm. NN is Number Neighbors (Number of Neighbors), the
matrix is the distance counter parameter. The value taken is
AVG or the average performance of each class.

Based on the performance calculations, the k-NN algorithm
with Minkowski and Euclidean distances with 1 neighbor has
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TABLE IV. PERFORMANCE K-NN

TABLE VII. COMPARISON OF THE PERFORMANCE OF THE K-NN,
SVM, AND RFC ALGORITHMS

Distance NN Confusion Matrix Total Data | Accuracy Machine Learning Comparison of the performance

. . TP | TN | FP | FN Testing . Algorithms Acuracy | Precision | Recall | F1 Score
Euclidean 1 30 | 29 0 1 60 98.3% k-NN Minkowski 98.3% 100.0% 96.8% 100.0%
Euclidean 7 29 29 1 1 60 96.7% and Euclidean 1
Euclidean 9 29 | 28 1 2 60 95.0% SVM LINEAR 96.7% 96.7% 96.7% 96.7%
Minkowski 1 30 | 29 0 1 60 98.3% RFC Estimators 30 96.7% 96.7% 96.7% 96.7%
Minkowski 7 29 | 29 1 1 60 96.7%
Minkowski 9 29 | 28 1 2 60 95.0%

the best performance. The difference in performance is not
significant, but k-NN with distance Minkowski and Euclidean
with the number of neighbors 1 will be compared their
performance with SVM and RFC.

Table 5 shows the performance of the SVM algorithm. SVM
with Linear kernel has the best performance when compared
to other kernels. All performance metrics of the Linear kernel
outperform other kernels. SVM with Linear kernel will be
compared its performance with k-NN and RFC.

TABLE V. PERFORMANCE SVM

Kernel Confusion Matrix Total Accuracy
. TP | TN | FP | FN | Data Testing .
Linear | 29 | 29 1 1 60 96.7 %
Poly 25 | 25 5 5 60 83.3%
RBF 25 | 25 5 5 60 83.3%

Table 6 shows the performance results of the RFC algo-
rithm. It can be seen that the RFC with 30 estimators has a
good performance, all the resulting performance metrics have
values above 95%.

TABLE VI. PERFORMANCE RFC

Estimators Confusion Matrix Total Accuracy
. TP | TN | FP | FN | Data Testing .
20 29 | 28 1 2 60 95.0%
30 29 | 29 1 1 60 96.7 %
40 29 | 28 1 2 60 95.0%

The performance comparison between k-NN, SVM, and
RFC algorithms. For the k-NN algorithm, this study chose k-
NN with Minkowski and Euclidean distances with the number
of neighbors 1 because it has the best performance compared
to k-NN with neighbors 7 and 9 parameters. As for the SVM
algorithm, this study chose SVM with LINEAR kernel because
it has the best performance among SVM with parameters.
On the other hand, RFC with estimators 30 has the best
performance among RFCs with other parameters.

Table 7 shows that the KNN algorithm perform better than
SVM and RFC in classifying crab molting and non-molting.
KNN has an accuracy of 98.3%, a precision of 100.0%,
a recall of 96.8%, and F1 score of 100.0%, therefore the

KNN Classifier is recommended to be used in crab molting
identification on soft shell crab farms.

IV. CONCLUSION

This study aims to identify crab molting in the box using
machine learning classifiers. We have collected crab image
data, conducted data pre-processing, identified crab molting
with classification algorithms, and performance evaluation.
We compare three machine learning classifiers, namely KNN,
SVM, and RFC, to find the best classifiers for crab molting
identification. The experiments results show that the KNN
algorithm perform better than SVM and RFC in classifying
crab molting and non-molting. KNN has an accuracy of 98.3%,
a precision of 100.0%, a recall of 96.8%, and F1 score of
100.0%, therefore the KNN Classifier is recommended to be
used in crab molting identification on soft shell crab farms.
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