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Abstract—Rice is the most widely grown crop in Asia. In 

Asia, 60% of the population relies on rice, China, Indonesia 

especially India consumes the majority of it. Food is the single 

most direct way for an individual to become infected with any 

ailment. Predicting the quality of rice is a crucial aspect as it is 

one of the most consumed foods in Asia. In this study, the quality 

of the rice is predicted using a Deep Learning (DL) model to 

predict the quality more precisely. The dataset required for this 

study is collected from the Kaggle website composed of a total of 

5000 images of 5 different rice varieties. The collected raw 

dataset is then pre-processed using several methods to make 

them compatible with the DL model. The pre-proceed images 

are then subjected to the prediction of the quality of the rice 

using the Convolutional Neural Network (CNN), a DL model. 

Performance metrics such as accuracy, loss, and time are 

calculated to validate the precision of the model. The 

experimental result showed that the model has the highest 

accuracy of about 98.6% when compared to the other existing 

models. The model demonstrated a very minimal loss 

percentage of only about 1.24% and the model predicts the 

result in about 25 microseconds. The proposed DL model can be 

utilized for better and more objectively evaluate the quality of 

the rice at trading points inside the rice marketing chain due to 

its fairly high precision. 

Keywords—Rice Quality Prediction, Deep Learning, 

Convolutional Neural Network, Performance Metrics. 

I. INTRODUCTION 

In India, rice is a significant dietary staple and is among 
the grains that are grown most widely globally. In the trade, 
rice is valued based on several factors. Food of top standard is 
essential for a nutritious lifestyle because it gives people 
energy. Additionally, having rice of high quality is crucial 
because it is among the most popular diets in India. Food grain 
quality assurance is a difficult and time-consuming operation. 
On the one hand, traditional methods of evaluating quality 
entail manual testing by knowledgeable individuals, which 
takes time, and money, and is not accurate because the rational 
decision is involved in determining quality factors like 
appearance, taste, nutritional value, and texture. As a result, 
these methods are incompatible, interpretive, and slow. The 
requirement for a quick, accurate, and impartial quality 
assessment of grain crops is becoming more critical as the 
need for high-quality, nourishing food grains rises with the 
expanding economy. Because they offer non-destructive 
analysis and are less expensive than human approaches, image 
analysis and computer vision techniques in the agricultural 
area are of significance. In recent decades, numerous 

computerised image features have been used to evaluate rice 
for classification and quality. 

In their study, the authors looked into an algorithmic 
appearance-based method for identifying seven typical rice 
types' pureness levels from the mixture of rice grain samples 
[1]. CNN DL model was used to classify and identify the 
purity level of rice, with an overall accuracy of 89.88%. Scilab 
Image Video Progressing approaches were suggested by the 
authors in as a way to grade and assess rice grains based on 
grain dimensions and appearance [2,14]. To be more precise, 
an edge detection technique is employed to determine where 
each grain's borders are located. This approach is less 
expensive and time-consuming. For edge detection to be 
dependable and secure and to help with rapid recognition in 
image processing applications, edge detection must be used. 
The researchers in devised a computerized system that 
identifies and categorizes rice grains using methods of digital 
image processing [3,11]. Since the method that collects the 
image of the grains of rice via image processing is a non-
contact one, it is the most suitable. The recorded images are 
pre-processed, segmented, and feature-extracted using 
MATLAB. The grade of rice is evaluated based on the 
gathered features. Computer vision (CV) and machine 
learning (ML) were proposed by the authors in as a method 
for classifying rice grain samples depending on non - 
dimensional morphometric parameters and color parameters 
retrieved utilizing CV techniques from digital images 
captured with a phone camera [4]. The Bayesian 
Regularization (BR) technique of the ANN produced the best 
classification performance, with an accuracy rate of 90.7%, 
according to the outcomes. Chalkiness, HoG, and GLCM 
characteristics were used in the categorization model that the 
researchers in presented [5,9]. The PNN classifier used by the 
system produces rice grains of good, average, or poor grade. 

 
The authors in proposed a solution by creating DL models 

using the ANN and DNN for the feature and the CNN for the 
image dataset. Classification procedures were then carried out 
[6]. The box plot parameters of the algorithms were used to 
generate the statistics of metrics.  The models' classifications 
efficiency scores were 99.87% for ANN, 99.95% for DNN, 
and 100% for CNN respectively. For recognizing high-
yielding combinations with great Eating and Cooking Quality 
categories, the authors in developed a mainstream classifier 
model using RF, ANN, and SVM models [7]. These models 
had accuracy rates of 63.9%, 69.4%, and 69.4%, respectively. 
By employing 66 specimens in duplication, the researchers in 
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developed a method to compare MLR and an ANN for 
predicting rice quality depend on physical features [8,10]. The 
biochemical constitution and pasting characteristics are 
connected to the variables used to predict rice quality. Based 
on the research observations, ANN algorithms are ideal to be 
used in the concurrent both qualitative and quantitative 
examination of rice quality since they can be applied to 
generate reliable models that can forecast profiling 
characteristics in a fast and precise way [13]. 

The following is how the article is constructed: Section 
2describes the proposed work involved in this experimental 
study. Section 3details the DL model used in this study to 
predict the quality of rice. Section 4 gives a detailed 
description of the results obtained in this study and Section 5 
gives the conclusion of this study [12,15]. 

II. PROPOSED WORK 

The ultimate aim of this study is to predict the quality of 
the rice using a DL model. Initially, the required dataset is 
collected from the Kaggle website, which consists of about 
5000 raw dataset images. This dataset contains images of 
about 5 different varieties of rice grains. The raw image 
dataset is subjected to pre-processing steps such as resizing 
and rescaling to make them compatible with the DL model. 
The pre-processed images are then split into three categories 
such as train, validate, and test set in a 7:2:1 ratio. The training 
set is used to train the DL model and then the testing set is 

used to test the trained model. The dataset is subjected to a 
CNNDL model and the quality of the rice is then predicted. 
The performance metrics such as accuracy, loss, and time is 
the calculated to analyse the efficiency of the model. 

A. Data Acquisition 

The required dataset for this study is collected from the 
Kaggle website which contains 5000 images of rice grains. 
The collected raw image dataset contains 5 different varieties 
of rice grains namely, Arborio, Basmati, Ipsala, Jasmine, and 
Karacadag. The images of all the five varieties of rice grains 
are collected in equal quantity with about 20% of each variety 
out of the total number of the image dataset. Fig. 1 given 
below shows the sample dataset image of the 5 varieties of rice 
grains used in this study. 

B. The initial processing (cropping, scaling, auto-

alignment) 

Cropping, scaling, and auto-alignment are the three sub-
processes that make up this paper's pre-processing. Before 
using the CNN, the captured picture must be cropped into a 
square image. Because it is the CNN framework's default 
option, the cropped image is set to 1024 x 1024 pixels. The 
rice grain classifier must adjust the length of the grains in a 
predicting picture to match the scaling in training images in 
order to control the environment. For the purpose of 
computing a scaling value, the contours and major axis of the 
predicting picture are extracted and used.

 
Fig. 1. Proposed Architecture 

The collected dataset contains equally distributed images 
of all 5 varieties of rice grains. Fig. 2 given below shows the 
pie chart of the Rice quality distribution. 

From Fig. 2 given above, each of the images of 5 varieties 
of rice grains is about 20% of the total number of images. 20% 
of the images of each variety equal to about 1000 images per 
variety of rice grain.  The total dataset is then split into a train, 
test, and validate set. Table 1 given below shows the splitting 
of the total image dataset. 

Table I given above shows how the total data set is split 
into. From table I, each variety of rice grain has about 1000 
images in total which are then split into 7:2:1 ratio i.e., 
700:200:100 images each in the train, validate, and test, which 
makes a total of 3500 training sample, 1000 validation sample 
images and 500 testing sample. 

 
Fig. 2. Pie chart of Rice Quality Distribution 
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TABLE. I. DATA SPLITTING 

Rice Total Train Validate Test 

Arborio 1000 700 200 100 

Basmati 1000 700 200 100 

Ipsala 1000 700 200 100 

Jasmine 1000 700 200 100 

Karacadag 1000 700 200 100 

Total 5000 3500 1000 500 

C. Wavelet Recurrent neural Deep Neural Network 

 A deep CNN is a machine learning model inspired by 
visual information. A deep CNN is made up of various 
processing layers. Each processing layer executes a series of 
both linear and nonlinear arithmetic calculations on data as it 
enters the network. The processed data through one layer is 
used as input for the next layer. Each layer transforms its 
inputs' characterizations into more complex and abstract 
depictions. As a result, in Fig. 3, unlike traditional 
classification methods, which rely on preset extracting the 
features developed from human past experiences, a deep CNN 
learns on its own how to represent data with a variety of 
abstraction levels. 

A deep CNN is a machine algorithm for learning that 
draws ideas from visual data. In a deep CNN, there are 
numerous processing levels. As data enters the network, each 
processing layer executes a series of linear and nonlinear 
arithmetic operations on it. The substance which was 
successfully processed through one layer serves as the input 
for the layer that follows. Each layer converts the 
characterizations of the original source into more intricate and 
ambiguous representations. As a result, a deep CNN learns on 
its own how to represent data with different levels of 
abstraction, compared with traditional classification methods, 
which utilize a preset extracting the features developed from 
individual prior encounters. 

In this study, a data classification method is established 
based on an accurate CNN with numerous of various layer 
kinds. In order to facilitate the classification of spatio-spectral 
data, we altered and enlarged a network of residuals with 
limiting basic components. To help with the training of such a 
deep network, the recommended approach employs residual 
blocks in addition to limiting force elements, routine 
normalization, and early stopping. Particularly for dnns, 
residual links improve network communication and facilitate 
the educational procedure. 

D. Watershed method based on features 

A system that can be used to divide images is marker-
based watershed. It considers the intensity of a pixel as a 
height and a grayscale image as a topographic surface [9]. 
Dark regions, for example may be thought of as having a low 
height, whereas luminous areas may have a higher height. 
Imagine that an area of an image is entirely submerged in 
water. This region can be thought of as the border between 
each foreground in the picture. The rice grains have been 
removed from the black background in the captured picture 
and kept as contours using the watershed algorithm during the 
annotation process. In this study, contours are calculated 
using a topological analysis of the technique used for 
digitising binary images. 

E. Primary Experiments 

In contrast the accuracy of the proposed method (Rnn) to 
three distinct variants of the most frequently employed method 
for dividing rice using two types of datasets: assistance 
machine learning (SVM) with spatial features, SVM with 
regularity components, and the Support Vector Machine with 
both spatial and spectral attributes. For more information on 
the SVM-based approaches, stick to the supplementary 
material. 

 

Fig. 3. Illustrates examples of paddy from each varieties in the processed (left) and rice production (right) datasets, as well as their average multispectral 
spectra  
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F. Normalization of failures 

It is a basic method for minimizing over fitting in deep 
learning. It can be used to avoid or lessen the issue of over fit 
in neural networks with numerous hidden layers [15]. By 
adding dropout layers to the network, the idea is to randomly 
disregard some neurons with probability 1–p during training. 
By simply just removing some neurons from the network, the 
complexity of the network will be decreased. Consequently, 
this approach can aid in lowering the co-dependency within 
neurons during training, which can result in over fitting. It 
should usually be applied right before completely connected 
layers with a dropout rate of 0.5 to lessen neural cohesion, 
which lowers the network complexity. To put it another way, 
it ought to come before a classification layer. As a result, since 
the network tends to learn or extract features less than typical 
network architecture, more generalisation of the model can be 
accomplished using this method. 

G. Datasets 

To evaluate the success rate of the classification 
approaches, two kinds of data pertaining to rice were first 
acquired from multispectral imaging structures: processed 
cereals and rice crop data. The processed rice dataset was used 
as a proof-of-concept since the rice seeds' visual 
characteristics and/or spatial frequency characteristics made it 
simple for recognizing these different kinds. The paddy rice 
dataset mirrored a situation that frequently occurred in 
Thailand, where rice varieties were mistakenly identified as 
others because of their remarkable visual identity and spectral 
profiles. This posed a significant challenge to rice inspection 
systems. Without a reliable checking system in place, 
comparatively low performing agricultural products might be 
sold at higher prices under the guise of good quality rice gene 
sets, which could undermine consumer trust in the place of 
production. 

III. RESULTS AND DISCUSSION 

For training purposes, 73 images—consisting of both 
excellent rice and damaged rice images—are used. Each 
training image is calculated for the GLCM matrix, resulting in 
73x64 ready-to-train data at the conclusion. 73 pictures are 
used for training, 25 images for the good rice class, and 48 
images for the damaged rice class. All pictures are taken with 
a webcam in a regulated setting. The training is carried out 
over 75 epochs, with each epoch's data sequence being 
randomly determined. Each batch in the procedure contains 16 
pieces of data, and each batch is then run separately. Results 
from training are displayed in Fig. 4. 

In this part, the approaches and their accuracy will be 
covered. To determine what approach is best, other domains 
are examined as well in contrast to the accuracy of the 
outcomes. This section also emphasises the study gaps 
regarding this subject. Fig. 5 displays the comparison outputs 
of various classifier classifications produced by [4] in 2018 

using specific colour features. In [4], the research team 
indicates that using BPNN as a classification method results in 
higher accuracy than SVM and k-NN for both different 
classification tasks. Also noticed is the higher accuracy of the 
classifier trained using PCA-based features. Additionally, 
BPNN sorting model outperforms SVM and k-NN classifiers 
with an average accuracy of 94.1%. 

In NN, training data sets are employed to reduce error in 
any produced design [15]. The architecture is then put to the 
test with testing data to assess how accurate it is in comparison 
to training consequences. The sort and quality of rice will be 
the output, with the input node being the value of feature 
extraction for rice. The total classification accuracy from [13] 
was about 97.4%. Furthermore, [7] stated that both 
performance and accuracy can be improved by using the 
BPNN method. The accuracy for BPNN is 96%, whereas 
SVM requires more features to be extracted in order to get a 
higher accuracy number in [15], which used BPNN to 
compare with SVM for the classification process. Since BPNN 
performs greater than other classifiers, the majority of 
researchers have used it. 

From the testing experiment, it is seen that, yield of 94% 
prediction accuracy. Considering how similar it looks between 
the good and the damaged rice, the result is quite impressive. 
The testing algorithm can be seen in Fig. 6.  

To improve rice quality prediction using CNNs, one 
approach could be to collect and label a large dataset of rice 
images with different qualities, such as broken rice, discolored 
rice, and contaminated rice. This dataset could be used to train 
a CNN model to recognize and classify different types of rice 
quality. 

Another approach could be to use transfer learning, which 
involves using pre-trained CNN models that have been trained 
on a large dataset, such as ImageNet. The pre-trained model 
can be fine-tuned using a smaller dataset of rice images to 
improve its performance for rice quality prediction. 

To evaluate the performance of the CNN model for rice 
quality prediction, metrics such as accuracy, precision, recall, 
and F1 score can be used. These metrics can help to measure 
the model's ability to correctly identify and classify different 
types of rice quality. 

In addition to improving the model's accuracy and 
performance, it is also important to consider the practical 
aspects of rice quality prediction, such as the cost and time 
required for data collection and model training. Efficient data 
collection and labeling methods, as well as model optimization 
techniques, can help to reduce the cost and time required for 
rice quality prediction. 

Overall, by using CNNs and incorporating improvements 
such as larger datasets, transfer learning, and performance 
evaluation metrics, the accuracy and efficiency of rice quality 
prediction can be improved in the food industry. 
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Fig. 4. Training Progress Result 

 
Fig. 5. Classification efficiency 

net = CNN_Network 
imds = read_image_folder 
class = label(imds) 
test_im = [] 
for i = 1 to size(imds) 
img = readImage(imds(i)) 
im_hsv = rgb2hsv(img) 
im_gray = uint8(255*mat2gray(im_v)) % pixel normalization 
glcms = graycomatrix(im_gray) % 8x8 glcm matrix 
glcm = reshape(glcms,1,[]) % reshape to 1x64 glcm matrix 
test_im = [test_im ; glcm] 
end 
YPred = classify(net,test_im) Y 
Validation = class  

   accuracy = sum(YPred == YValidation)/numel(YValidation) 

Fig. 6. Testing algorithm 

IV. CONCLUSION 

From Kaggle, a dataset of roughly 5000 photos of various 
rice grain kinds is gathered. The pre-processing phase is then 
applied to the dataset. Resizing and rescaling are two of the 

techniques included in this step. Then, this dataset is divided 
into three sections, one for training, one for testing, and one 
for validation. The CNN approach is used to create a DL 
model jointly. The pre-processed dataset is then used to train 
and evaluate the created CNN model. The model's accuracy in 
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the early training epochs is rather low. However, as the 
number of epochs rises, so does the accuracy level, reaching 
the peak training accuracy of over 98%. Regarding validation, 
accuracy is greater than the accuracy of the initial training 
epochs. In both the training and validation beginning epochs, 
the loss value is also insufficient. However, as the number of 
epochs rises, things improve to the point where the loss value 
is so minimal. The model's final accuracy was 98.6%. The 
total loss is 1.4%, which is so negligibly little that it may be 
disregarded. The model needs 25 milliseconds to find the type 
of rice. The accuracy and the loss value of the model 
developed in this study are higher than many other image 
classification models that are used for various other purposes. 
The processing speed of the model is also very high and it can 
be mentioned by the time taken to process an image. In the 
future, the model can be deployed into a software application 
or website making it easily available for people who have to 
predict the type of rice grain.   
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