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Abstract

Speed and accuracy in agricultural production are essential for long-term economic growth, competitiveness, and
sustainability. Traditional manual rice seed classification operations are expensive and unreliable because human
decisions regarding the identification of objects and problems are inconsistent, subjective, and slow. Process automation
using machine vision technology is quick, accurate, inexpensive, and non-destructive. In this study, a hybrid CNN-SVM
model was employed to classify rice seeds. SVM was used for classification, and the VGG16 pretrained model was used
to extract features. For the classification of similar and dissimilar rice seed species, the National Center of Protection of
New Varieties and Goods of Plants (NCPNVGGP) of Vietnam's rice dataset was implemented. The VNRICE seed
dataset was the other dataset that was used. However, a new dataset with three varieties (Chhomrong, Machhapuchhre-
3, and Lumle-2) was generated and used for the classification of rice seeds from Nepal. A F1 score of 0.78 was obtained
for the classification of rice seeds from similar species. The F1 score for the classification of dissimilar species using
rice seeds was 0.93. The F1 score for rice seeds in the VNRICE dataset was 0.92. However, CNN-SVM performed
classification with an F1 score of 0.91 for the dataset of Nepali rice seeds. These findings show that the CNN-SVM
classifier is a useful tool for the classification of various rice seed varietals.
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1. Introduction Image p.reprolcessing, segmentation, extraction,

] ) o and classification are the four blocks that make up
Class1ﬁcat1.on of seed varieties is one of the computer vision-based classification [9], with
foremost importance fo.r seed prpducers and feature extraction playing a crucial role in
farmers to ensure the purity of a variety and crop classification accuracy [10]. Therefore, several
output [1]. Rice is the monocot plant Oryza feature extraction and machine machine learning
Sativa’s (Asian rice) seed [2][3]. In addition to techniques have been proposed for seed variety
being incredibly nutrient-dense and delectable, classification. The features such as shape [11],
rice is the main fqod consumec} by 3 billiqn people texture [12], wavelet [13] and color [14] are used
World‘.”l‘.ie [4]- Rice seeds of different varieties are for seed variety classification. Several classifiers
very similar in terms of morphology and color|5]. based on k-means clustering [15],
Human judgments in determining the variety of backpropagation neural network (BPNN) [13] and
seed are contradictory, arbitrary, and slow [6]. Support Vector Machine (SVM) [12] have been
Additionally, traditional manual seed developed. Previous research has shown that the
classification operations are inefficient and costly computer vision technique works well for the
[7]. However, machine vision technology provides classification of seeds with different features and
a nondestructive, cost-effective, quick, and classifiers.

reliable solution [8].

1.1 Problem Statement

It’s still a huge challenge to classify rice seed
variants with similar visual appearances.
Hybridization has lately resulted in the production
of a number of rice seed varieties. It created an
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issue with their classification, which has grown
more difficult owing to their strong resemblance.
To solve this problem, previous research focused
on extracting the handcrafted features of rice seeds
[11][12][14][16]. Unfortunately, this classification
technique necessitates a specific seed orientation
in a sorting system, which makes industrial scaling
difficult.

1.2 Motivation and Contributions

The hypothesis that higher-level features with more
discriminative information could dramatically
improve rice seed classification motivated our
research. In recent years, traditional methods for
extracting low-level features from images have been
replaced by CNNs, which extract robust high-level
features automatically and hierarchically [17]. In
comparison to traditional feature-engineered
methods, numerous studies have shown that using
CNNs as a generic extractor can significantly
improve the accuracy of computer vision tasks [18].
For example, in the research [19], a CNN
architecture VGG-16 was used to extract features
that were then fed into an SVM classifier to identify
40 different wheat grain varieties. On the proposed
model, this study achieved 100% accuracy. In
another research [20], the feasibility of haploid corn
seed classification using hyperspectral images was
studied by extracting features using a CNN
architecture VGG-19 and a classification accuracy
of 96.32% was achieved. The research [21] used a
deep convolutional neural network (CNN) as a
generic feature extractor for corn seeds. Artificial
neural networks (ANN), cubic support vector
machines (SVM), quadratic SVM, weighted k-
nearest-neighbor (KNN), boosted tree, bagged tree,
and linear discriminant analysis were used to classify
the extracted features (LDA). Corn seed varieties
were classified more accurately by models trained
with CNN-extracted features than by models trained
with only simple features. The CNN-ANN classifier
performed the best, correctly classifying 2250 test
cases with accuracy, precision, recall and F1 score
of 98 percent.

In research [22][23], for image classification tasks, a
hybrid CNN-SVM model is able to improve the
performance over an original CNN, in both binary
classification and multi-class  classification
problems.

However, for rice seed variety classification, in the
recent research, the hybrid CNN SVM architecture
was not used where CNN was used for feature

extraction and SVM was used for classification
using those CNN extracted features [24][25].
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Figure 1: System Model

Hence in this research, a hybrid CNN-SVM
architecture is used for rice seed variety
classification where CNN is used for feature
extraction and SVM is used for classification.
The major contributions of this research are:

o Use of CNN-extracted features for rice seed
classification

e C(Creation of new dataset for rice seed
classification

The following is how this section is organized: The
research methodology is discussed in Section 2,
which includes a detailed description of feature
extraction techniques and classifiers. The results of
rice seed varieties are presented in section 3. Section
4 concludes with a summary of current research and
recommendations for future research.

2. Materials and Method

The system model that was used for the
classification of rice seeds in this research is shown
in Figure 1. In this research, the transfer learning
method was employed to extract features using the
VGG-16 model pretrained on the ImageNet dataset.
The pre-trained weights were used as initial weights
in deep learning architecture to extract features from
the input image. Using the VGG-16 pretrained
model, deep extracted features are extracted and
these features are fed into the SVM classifier.

2.1 Sample Preparation

The RGB images of known rice seed varieties
provided by the National Center of Protection of
New Varieties and Goods of Plants (NCPNVGGP)
in Vietnam were used exclusively in the research.
Based on the research[6][3], in this research, the rice
seed varieties were divided into similar and
dissimilar species to test how the model performs on
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both similar and dissimilar rice species.NDCI,
NepCoTien, NepDacSanLienHoa, NVI1, and
NepThomBacHai, NepThomHungYen were similar
rice varieties. Dissimilar rice varieties included
BC15,BQ10,NH92,NT16, PC10, and VietHuong8.
There were 96 RGB images in each rice seed variety.
VNRICE was the other dataset used in this study. Six
paddy  varieties were included in the
VNRICE[7][8][26][27]. BC15, Huongthom-1, Nep-
87, Q-5, Thien-uu-8, and X-23 were the rice
varieties included in this dataset. In total, the
VNRICE dataset contained 10508 RGB images of
rice seeds.

Three varieties of rice seeds were used to classify
Nepali rice seeds: Chhomrong, Machhapuchhre3,
and Lumle-2. These rice seeds were obtained from
Regional Agricultural Research Station (RARS),
Lumle, Nepal. There were 3400 RGB images in each
rice seed variety

2.2 The convolutional neural network feature
extraction

The structure of CNN model consists of three main
neural layers: convolution, fully connected, and
pooling, each of them has different tasks in the
network architecture. The kernel of the CNN
structure is the convolutional layer that performs the
The
convolutional layers closer to the input extract basic

heaviest computational operations.
features such as edges of different orientations,
while deeper convolution layers extract complex and
abstract features such as specific subsampled object
regions [18]. Convolution layers are frequently
followed by activation layers in order to capture
more complex features of the input image and
increase the nonlinearity of the deep learning
structure. A pooling layer is placed between
successive convolutional layers to reduce the
number of parameters and computational
complexity of the model [28]. As a result, this layer
aids generalization by preventing overfitting [29].
VGG-16 is made up of 13 convolutional layers, 5

pooling layers, and 3 fully connected layers [30].

2.3 Training and testing procedure

To develop classification models, the datasets were
randomly categorized into different training and
testing subsets in the ratio of 5:5, 6:4, 7:3, 8:2 and

9:1.
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Figure 2 The overall architecture of the feature extraction

2.4 Support Vector Machine

The SVM is a maximum margin classifier. SVM
attempts to separate training vectors by directly
searching appropriate boundaries between classes,
rather than modeling their probability distribution. A
decision line with the maximum distance from the
nearest training points of each class achieves a good
separation or lower SVM generalization error [19].
The hybrid CNN-SVM architecture established for
the research is shown in Figure 1.

3. Results and Discussion

After extracting features from the images of the
samples, the extracted features were fed into the
SVM classifier and the performance of the classifier
was evaluated in terms of precision, recall, F1-score
and accuracy.

Table 1, Table 2, Table 3 and Table 4 showed the
classification result of rice seeds on similar species,
dissimilar species, VNRICE dataset and on Nepali
rice dataset respectively on different train to test data
ratio. From Table 1 and 2, it was found that the
hybrid CNN-SVM  model performs better
classification on dissimilar species rather than
similar species. However, for the VNRICE and
Nepali rice seed dataset the CNN-SVM model
performed best when the train to test data split ratio
was 9:1.

Table 1. Performance of classification of the test data on

dissimilar species
Split Precision | Recall | Fl-score |Accuracy
5:5 0.89 0.88 0.88 0.88
6:4 0.90 0.89 0.89 0.89
7:3 0.89 0.89 0.89 0.89
8:2 0.93 0.93 0.93 0.93
9:1 0.89 0.89 0.88 0.88
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Table 2. Performance of classification of the test data on
similar species

Split Precision | Recall | Fl-score |Accuracy
5:5 0.78 0.75 0.75 0.78
6:4 0.81 0.77 0.78 0.78
7:3 0.70 0.76 0.76 0.78
8:2 0.79 0.78 0.78 0.76
9:1 0.77 0.75 0.75 0.78

Table 3. Performance of classification of the test data on
VNRICE dataset

Split Precision | Recall | Fl-score |Accuracy
5:5 0.90 0.90 0.90 0.90
6:4 0.89 0.89 0.89 0.89
7:3 0.89 0.88 0.88 0.88
8:2 0.90 0.89 0.90 0.89
9:1 0.92 0.92 0.92 0.91

Table 4. Performance of classification of the test data on
Nepali dataset

Split Precision | Recall | Fl-score |Accuracy
5:5 0.90 0.90 0.90 0.90
6:4 0.89 0.89 0.89 0.89
7:3 0.90 0.90 0.90 0.90
8:2 0.90 0.90 0.90 0.90
9:1 0.91 0.91 0.91 0.91

4. Conclusions

In this study, we created a hybrid CNN-SVM
classification model to categorize rice seeds on a
dataset of four different types of rice seeds (similar,
dissimilar, VNRICE and Nepali).
For Nepali rice seed classification, three varieties of
rice seeds were used: Chhomrong,
Machhapuchhre3, and Lumle-2. The performance of
CNN-SVM model for the classification of rice seeds
was evaluated in terms of precision, recall, F1-score
and accuracy. It is found that CNN-SVM classifies
rice seeds of dissimilar species with higher accuracy
than that of similar rice seed species. For the
VNRICE and Nepali dataset, the CNN-SVM
performed classification with the accuracy of 0.91.
The result showed that CNN-SVM classifier is an
efficient tool for the classification of different rice
seed varieties.
As the next step, following future works can be
carried out:

e explore the effect of adding more varieties

of rice seeds on the classification
performance (precision, accuracy, recall and
F1 Score).

e cxplore the effect of dimensionality
reduction on classification time and
accuracy.
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