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Abstract. Rice is currently among the most used staple circles in the world with 

immense economic and nutritional values. The genetic variations on rice grains 

are varied and thus lead to the occurrence of unique characteristics like texture, 

shape, and color that may be used to address the classification and quality de-

termination of rice. In this project, five common types of rice that are arborio, 

basmati, ipsala, jasmine, and kara-kadag are targeted. We will use a huge vol-

ume of pictures (75,000) and a further list of features (106 morphological, shape 

and color at-tributes) in order to build an advanced list of classifications that 

can precisely disclose these varieties. 

This project is based on a hybrid model as it makes use of two of the most effi-

cient image processing and classification tasks deep learning models, namely 

Convolutional Neural Networks (CNNs), and ResNets (Residual Networks). 

CNNs are considered capable of extracting spatial data like texture and shape, 

whereas the depth of ResNets allows acquiring much detail of the visual infor-

mation and maintaining quality standards. By combining the feature extraction 

capabilities of CNNs with the depth and accuracy of ResNets, our model 

achieves high classification accuracy by distinguishing subtle differences be-

tween rice varieties. This multi-functional approach not only improves model 

reliability, but also facilitates rapid, real-time analysis in agricultural settings. 

Keywords:Rice Grain Classification, Deep Learning, CNN-ResNet Hybrid 

Model, Precision Agriculture ,Image- Based Quality Assessment. 

1 Introduction 

Rice, an essential crop for global food security, is grown in a variety of varieties 

worldwide. Classification of rice varieties plays a vital role in agricultural science and 

industry, enabling better resource allocation, quality control, and yield optimization 

[1].Various types of rice possess distinctive physical properties, i.e. shape, texture and 

color, which have the ability to determine the quality and subsequent applications. 

The large trend of rice to be utilized by the food supply chain draws an increasing 

concern of having a more efficient automated process of properly separating and ana-

lyzing these different varieties of rice. 

© The Author(s) 2025
J. K. Katiyar et al. (eds.), Proceedings of International Conference on Computer Science and Communication
Engineering (ICCSCE 2025), Advances in Computer Science Research 124,
https://doi.org/10.2991/978-94-6463-858-5_48

https://doi.org/10.2991/978-94-6463-858-5_48
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-858-5_48&domain=pdf


  

552             D. S. Vishnu and D. L. S. Reddy

Conventional ways of grading rice have taken advantage of manual examination 

which is tedious, time consuming and serves as a source of human error [2]. Manual 

sorting and classification remain a common practice in many parts of the world, but 

technological advances, particularly in artificial intelligence and machine learning, are 

providing new solutions to these problems. Using image processing techniques and 
data-driven models can increase classification accuracy and scalability of the process, 

opening the door to applications in precision agriculture, crop management, and quali-

ty assessment. Such applications particularly find application in the demand of the 

high quality rice in high consumption countries [3]. 

Image-based classification has now become one of the important applications of deep 

learning and the major advancement in this approach is through the use of convolu-

tional neural networks (CNNs) by virtue of their capability in addressing the spatial 

hierarchy of images. [5]. CNNs are well-suited to extract important features, such as 

texture and shape, from images of rice grains, making them very effective for rice 

classification tasks. However, deep networks such as ResNet (Residual Networks) 

have been shown to improve model performance by solving the problems associated 

with vanishing gradients and enabling more sophisticated feature extraction. The inte-

gration of CNN and ResNet architectures provides a hybrid approach that combines 

the spatial awareness strength of CNN with the depth of ResNet, which helps improve 

the accuracy and reliability of rice grain classification 

This paper aims to highlight the potential of deep learning in  solving problems in the 

agricultural sector, especially in major crops such as rice [8]. Through this review, we 

hope to highlight the value of implementing hybrid deep learning models in real agri-

cultural environments and contribute to the advancement of precision agriculture and 

food quality assurance. Furthermore, real-time classification systems can be used to 

quickly take quality control measures, benefiting not only large-scale producers but 

also small-scale farmers who can use this technology to increase productivity and 

reduce waste. 

1.1 Research Objectives 

The suggested article's main research goals are:  

RO1: To design and implement a deep learning-based classification system that accu-

rately categorizes rice grains into five distinct varieties—Arborio, Basmati, Ipsala, 

Jasmine, and Karacadag—using a Convolutional Neural Network (CNN) model. 

RO2: To compare the performance of different deep learning architectures, such as 

CNN, VGG, and ResNet, in classifying rice varieties based on texture, shape, and 

color features, determining the most effective model for high-accuracy classification. 

RO3: To develop a user-friendly interface that allows users to upload rice grain imag-

es and receive instant classification results, ensuring accessibility for researchers, 

farmers, and industry professionals. 
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RO4: To analyze the impact of dataset preprocessing techniques, including augmenta-

tion, normalization, and feature extraction, on the accuracy and robustness of the clas-

sification model. 

RO5: To evaluate the performance metrics of the trained deep neural network, includ-

ing accuracy, precision, recall, and F1-score, ensuring reliable and consistent classifi-

cation results across different rice varieties. 

RO6: To validate the effectiveness of the rice classification system using real-world 

rice grain images, ensuring its applicability in agricultural quality control, supply 

chain management, and research applications. 

2  Review Methodology 

This study explores rice classification using deep neural networks. The research in-

volved a comprehensive literature review by searching databases with specific key-

words related to rice classification, deep learning, and image processing. Over 100 

research articles were initially screened, with 60 selected for detailed analysis based 

on relevance and credibility. The study reviews findings from reputable journals to 

examine existing methodologies, identify research gaps, and propose effective classi-

fication techniques. The goal is to enhance accuracy in rice variety classification us-

ing deep learning, ensuring practical applications in agriculture and quality control. 

3 Improving Agricultural Productivity: A Target-Aware Model 

for Rice Yield Prediction 

Rice is a crucial food crop, making accurate yield prediction essential for food policy 

and farmers’ income. This study introduces the Target-Aware Yield Prediction 

(TAYP) model, an improved long short-term memory (LSTM) network that modifies 

the loss function by incorporating a target yield[1]. Unlike traditional loss functions, 

this approach makes the model more sensitive to the target yield, significantly en-

hancing prediction accuracy. 

Compared to existing LSTM models, TAYP improves RMSE by 6.1% and R-square 

by 13%, increasing accuracy from 89% to 95%. The model’s kappa value of 0.82 

demonstrates high consistency with actual measurements. Two loss function modifi-

cations—penalizing MSE in case of misclassification and dynamically adjusting MSE 

weights—further enhance performance. Experimental results show substantial im-

provements, and future work aims to replace manual parameter tuning with deep 

learning for better efficiency and accuracy[1]. 
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4 Advanced Remote Sensing and AI Models Aid Wheat Yield 

Prediction 

In this study, six datasets were obtained using multispectral (MS), thermal infrared 

(TIR), red-green-blue (RGB) sensors, and LiDAR from three locations over a period 

of two years, as well as soil and precipitation data. Three models, Overlay ensemble 

learning (SEL), long short-term memory (LSTM), and LSTM-multi-head self-

learning (LSTM-MH-SA), were compared to estimate wheat yield. 

Wheat is a grain that is inextricably linked to global food security, rural productivity, 

and social stability[2]. The accuracy and transferability of remote sensing-based yield 

estimation models inherently hinder their widespread application. We evaluated the 

accuracy of yield estimation integrating multi-source and multi-temporal features, and 

built SEL by overlapping the yield estimation features of four base models, RFR, 

PLSR, XGBoost, and ELM, and SEL, LSTM, and MH-SA-injected LSTM. We com-

pared six scenarios. The average estimation accuracy of the three algorithms in vari-

ous scenarios was found to be improved proportionally with feature boosting. When 

combining multi-temporal features using the same scenario parameters, the average 

estimation accuracy reached the highest level (R 2 = 0.89). 

5 DeepCGP: Advancing Genomic Breeding with High-

Dimensional Data Compression 

Genomic selection (GS) is crucial for accelerating plant and animal breeding, but the 

growing volume of genome-wide polymorphism data raises concerns about storage 

costs and computational time [3]. Traditional compression models struggle with main-

taining data quality, and prediction models using raw data remain time-consuming. To 

address these challenges, a deep learning-based approach that combines compression 

and genome prediction offers a promising solution. 

The DeepCGP model is able to efficiently compress and predict data on genome-wide 

polymorphism data through a deep neural network based autoencoder to perform the 

compression, and a regression model (RF and GBLUP) to predict the phenotype. Ap-

plied to two rice datasets, DeepCGP achieved 99% prediction accuracy with 98% data 

compression [3]. This method enhances computational efficiency by utilizing com-

pressed data, reducing memory usage and processing time while maintaining high 

accuracy. DeepCGP provides a robust alternative for handling high-dimensional ge-

nomic data, making deep learning applications in genomic prediction more practical 

and scalable. 

6 Automated Rice Classification Breakthrough with Quantum-

Inspired Deep Learning Model 

Quality assessment, agricultural management and research depend on automatic rice 

cultivar identification. It is based on deep learning (DL) and specifically Con-
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volutionalNeural Networks (CNNs) since they are capable of extracting visual fea-

tures like texture, shape, colour, and size in an effective way. This study proposes an 

automated rice variety classification method using the Quantum Inspired Moth Flame 

Optimizer with Deep Learning (ARVDC-QIMFODL) [4]. The approach incorporates 

the Modified Median Wiener Filter (MMWF) for noise removal, improved ShuffleNet 

for feature extraction, and Long Short-Term Memory (LSTM) for classification. 

To optimize detection results, a hyperparameter selection process based on the 

QIMFO algorithm is applied. The ARVDC-QIMFODL method has been tested on a 

rice image dataset, achieving an impressive accuracy of 99.66%, outperforming other 

models. Future improvements include feature fusion techniques to enhance detection 

performance and exploring computational efficiency [4]. Also, the incorporation of 

time-series data of separate growth stages would re-fine identification of the rice vari-

eties. It could also investigate ensemble learning methods in order to increase both the 

accuracy of classification and the robustness of the models. 

7. Brown Rice Kernel Crack Analysis with Deep Learning 

Cracks in brown rice kernels affect grain quality, making accurate detection crucial 

for improving processed rice. This study developed an optical observation platform 

and optimized the ResNet-18 model for better crack detection [5]. Using image da-

tasets of japonica and indica rice, techniques like image augmentation and model 

migration improved accuracy. The optimized model outperformed DenseNet-121 and 

GoogLeNet, achieving 96% accuracy for japonica rice (a 3.67% increase) and 96.67% 

for indica rice. Training time was also reduced by 58.66%, enhancing efficiency. 

However, the model struggles with mixed datasets with limited training data, though 

it offers a promising solution using visible light for crack detection. 

To improve detection, a specialized imaging platform was built under controlled light-

ing. Brightness variations in cracked areas enabled precise defect identification. The 

ResNet-18 model was optimized with NiN blocks and modified pooling/dropout lay-

ers to reduce overfitting while maintaining accuracy. These enhancements reduced 

model size, computational costs, and training time. The improved detection accuracy 

minimizes waste due to misclassification and lowers labor costs in rice processing. 

Overall, this study presents an effective, cost-efficient method for enhancing rice 

quality through automated crack detection [5]. 

8. Multi-Model CNN Approach for Rice Classification 

The proposed study is a comparison of deep learning models, with CNNs, VGG19, 

and AlexNet, in classifying rice varieties based on high-resolution grain images. All 

of the models reach high accuracy level, although VGG19 is the best by reaching a 

higher accuracy but occupies a more computing resource. AlexNet, with a simpler 

architecture, delivers competitive results with lower computational demands, and 

traditional CNNs also perform well. A dataset of 25 rice varieties was used, enabling 

classification while also providing insights into rice types and their health benefits. 
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The study introduced a rice classification system using AlexNet and VGG19, achiev-

ing 96.8% and 99.99% accuracy, respectively. The system offers a promising ap-

proach for automatic rice identification in industries related to cultivation, trading, 

and processing. Improvements in future may be directed at the incorporation of a 

larger data set that will accommodate other crops and the application of the model to 

other agricultural purposes [6]. 

9. Enhanced Rice Quality Assessment with AI: Faster, Objective, 

and Reliable 

Rice is the basic food throughout the world, and the determination of its quality mat-

ters a lot with regard to food safety and economic implications. Conventionally, this 

has been done by the inspectors, hence subjective error. [7]. This study presents an 

automatic visual quality assessment system that classifies rice grains based on defect 

types and evaluates quality using a weight ratio of promising grains. To address grain 

imbalance and multi-defect classification, a multi-step workflow is introduced to de-

tect grain locations in images and analyze their characteristics accurately. 

The proposed system integrates a vision-based approach for rice quality assessment. 

A multi-step workflow detects and classifies grains with overlapping defects, while a 

pixel-by-pixel density metric measures the weight ratio for precise evaluation. Exper-

imental results demonstrate the effectiveness of this automated system, showing that it 

can replace manual inspection and improve accuracy and efficiency in rice quality 

assessment. 

10. Classifying Rice Varieties: Deep Learning Models Achieve 

Near-Perfect Accuracy  

Rice is one of the widely grown cereal; it exists in diverse genetic variations that vary 

in texture, shape and color; when it comes to measuring quality, classification is very 

much needed [8]. This study focuses on classifying five common rice types: Arborio, 

Basmati, Ipsala, Jasmine, and Karakadag, using a dataset of 7,424 grain images. Mul-

tiple classification methods, including pre-trained deep learning architectures, were 

applied. The model's performance was evaluated using statistical metrics such as sen-

sitivity, specificity, F1 score, and accuracy. Among the models tested, VGG16 CNN 

with a logistic regression classifier achieved the highest classification success rate of 

99.7%. 

Various AI-based classification techniques, including support vector machines, ran-

dom forests, neural networks, and Adaboost, were implemented and analyzed using 

confusion matrices. The study also applied cross-validation techniques with 5, 10, and 

15-fold iterations for algorithm generalization. By accurately predicting rice grain 

types, the study aims to support proper categorization and pricing. Additionally, 20-

fold cross-validation was conducted to assess model performance. Future research 

will focus on expanding classification to more rice varieties, improving prediction 

accuracy, and optimizing model efficiency. 
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11. Improving Crop Classification with ODE-RNN Models for  

Irregular Time Series Data 

Traditional crop classification methods rely on recurrent neural networks (RNNs), 

which assume a regular time interval between observations. This study introduces a 

neural ordinary differential equation (NODE) combined with RNNs to classify crop 

types from irregularly spaced image sequences [9]. The proposed ODE-RNN model 

has two phases: an update phase, where repetitive blocks process new inputs, and a 

prediction phase, where NODEs propagate the hidden state until the next observation. 

This approach provides a continuous representation of latent dynamics, improving 

classification accuracy in irregular time series data. 

The study focuses on crop classification using optical satellite time series, where 

missing data due to cloud cover is a challenge. The ODE-RNN model outperforms 

conventional RNN architectures, which do not explicitly account for time irregulari-

ties. While traditional RNN models perform well in conditions with frequent satellite 

revisits and minimal cloud cover, the ODE-RNN approach offers more stable and 

improved results. This model enhances crop classification by effectively handling 

missing data and irregular observation intervals, making it a promising method for 

remote sensing applications [9]. 

12. Enhancing Remote Sensing Efficiency Using Advanced Deep 

Learning Applications in Agriculture 

Deep Learning Applications in Remote Sensing Rapidly Growing in Response to 

Improvements Spatiotemporal Resolution of Satellite Imagery [10]. However, unlike 

Satellite Imagery Obtained in Near Real Time Over Wide Areas, The Amount of La-
beled Data Used to Train Models is Limited. In this article, we tested three types of 

deep learning applications: Data Augmentation, Semi-Supervised Classification, and 

Domain Adaptive Architectures - Attempts to Overcome the Limitations Lack of 

Labeled Data. In Progress Development of each application was integrated: Distance 

domain knowledge Rice sound and physiology. Then everything is possible A combi-

nation of three applications was considered and Evaluated using pixel-based compari-

son in various environments City-level comparison using national statistics. Results In 

this article, all application combinations Can help improve classification efficiency. 

Uncertainties related to simulation or use of untagged data Relics. The effectiveness 

of the proposed application is experimentally confirmed, and its usability is expected 

to increase Deep learning in various fields such as remote sensing. In particular, the 
proposed application Important Generally, it is applied to a wide range of research 

areas and high-resolution images, Training on data from various environments due to 

high intra-class heterogeneity [10]. 

le and Year Dataset Model  AccuracyS.No Tit
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1 Target-Aware 

Yield Prediction 

(TAYP) Model 

Used to Improve 

Agriculture Crop 

Productivity 

Mar ,2024[1] 

Multispectral 

Images 

 

LSTM 

 

95% 

for LSTM 

2 Circular  Compari-

son of Attention 

Mechanism-Based 

DeepLearning and 

Transfer Strategies 

for Wheat Yield 

Estimation Using 

Multisource Tem-

poral Drone Image-

ry 

May,2024 [2] 

DroneImages LSTM-

Multihead 

Self-

Attention 

(LSTM-MH-

SA) 

89.95% for 

LSTM-MH-SA 

Learning Method 

to Compress Ge-

nome-Wide Poly-

morphisms for 

Predicting Pheno-

type of Rice 

Jan ,2023 [3] 

HDRA encoders, 

Random For-

est  

Forest 

4 Quantum-Inspired 

Moth Flame Opti-

mizer Enhanced 

Deep Learning for 

Automated 

Rice Variety Clas-

sification  

Nov,2023[4] 

Raw ARVDC-

QIMFODL 

99.68% for 

ARVDC-

QIMFODL 

5 Crack Detection of 

Brown Rice Kernel 

Based on Opti-

mized ResNet-18 

Network  

Dec ,2023[5] 

Raw ResNet-18 96% for ResNet-

18  

6 Classification of 

Rice Varieties 

Using VGG-19 and 

Raw Alexnet 

VGG-19 

96.67% for 

Alexnet , 98% for 

VGG-19 
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Alexnet 

Dec ,2023[6] 

 

7 

 

Vision-Based De-

fect Classification 

and Weight 

Estimation of Rice 

Kernels 

Nov,2022 [7] 

Raw YOLO-5 95.89%for 

YOLO-5 

8 Identification of 

Rice Varieties 

Using Machine 

Learning Algo-

rithms 

Feb ,2022[8] 

Raw Logistic Re-

gression(LR), 

Random For-

est 

(RF),Neural 

Net-

work(NN), 

Support Vec-

tor Ma-

chine(SVM), 

AdaBoost 

99.5% for LR , 

97.5% for RF, 

99.4% for NN, 

99% for SVM, 

93.4% for Ada-

Boost 

9 Crop Classification 

Under Varying 

Cloud Cover With 

Neural Ordinary 

Differential Equa-

tions 

Aug,2021[9] 

Time-series 

satellite imag-

es 

ODE-RNN 

LSTM 

85.5% for LSTM. 

10 Semantic Segmen-

tation Based on 

Temporal Features: 

Learning of Tem-

poral–Spatial 

Information From 

Time-Series SAR 

Images for Paddy 

Rice Mapping 

Aug,2021[10] 

Time-series 

satellite imag-

es 

TFBS 82.30%  for TFBS 

13. Experimental Results 

For This section presents our research results and discussion, which consists of 

four parts: weight and bias settings for TAYPM1 and TAYPM2, dataset selection 

process, method comparison with MSE, MAE, and Huber loss, and validation against 

relevant literature for yield prediction [1]. 
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Previous studies have relied on unimodal data such as vegetation indices or texture 

traits to estimate crop yields, achieving accuracies of 0.71 and 0.68, respectively. 

Although spectral data reflect crop growth, it has inherent limitations, as shown in 

previous studies, where vegetation indices alone are not sufficient to achieve high 

model accuracy [2]. 

We compared the prediction performance on uncompressed and compressed data. 

For the C7AIR dataset (94% compression), RF achieved the highest accuracy (0.72), 

followed by GBLUP (0.68) and BayesB (0.67). For the HDRA dataset (98% com-

pression), BayesB (0.64) achieved the highest accuracy, followed by GBLUP (0.63) 

and RF (0.60). RF showed the best results for both uncompressed and compressed 

low-dimensional data [3]. 

The ARVDC-QIMFODL method effectively identifies five rice varieties. It 

achieves high scores: Ipsala (Accuracy: 99.54%, Precision: 99.27%, Recall: 98.41%, 

F1: 98.84%), Arborio (Accuracy: 99.66%, Precision: 99.44%, Recall: 98.89%, F1: 

99.16%), and Basmati (Precision: 99.60%, Precision: 98.48%, Recall: 99.58%, F1: 

99.03%) [4]. 

The optimized NiN-based model significantly reduces training time by 58.66%, 

lowering labor and hardware costs while improving detection efficiency. With suffi-

cient training data, it achieves over 96% accuracy, surpassing the original ResNet-18 

model and minimizing rice grain loss during processing. Though accuracy drops in 

mixed-grain experiments with limited data, increased training data restores perfor-

mance [5]. 

This study presents a rice classification system using AlexNet and VGG19, achieving 

accuracies of 96.8% and 99.99%, respectively. The method can aid industries in rice 

cultivation, trading, and processing by automating identification. It also allows for 

expansion by incorporating more crop varieties, making the approach adaptable for 

broader agricultural applications [6]. 

Our model achieves an average accuracy of over 85% for six types of rice grains, 

and over 90% for healthy, broken, yellowish, and spotted rice grains. It outperforms 

Yolov5, EfficientDet-D2, and DynamicHead ResNet50 ATSS in overall classifica-

tion, and maintains the highest F1 score despite slightly lower accuracy for some 

types [7]. 

Predicting rice species from lab data was not easy, but VGG16 achieved excellent 

accuracy, F1 score, and recall of 99.3%. The proposed model achieved F1 score, pre-

cision, and recall of 99.7%, outperforming all other models in terms of highest per-

formance [8]. 

The proposed NODE method provides continuous improvements. It is compared to 

the pure RNN model in both performance metrics. In particular, ODE-GRU outper-
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forms all other methods. It includes TCN and transformers on both datasets. Our 

NODE method reduces the model size (i.e. parameters) and the memory requirements 

of GPU for training. It also slightly reduces the CPU execution time [9]. 

TFBS significantly outperforms UNET. LSTM and ConvLSTM for all four accu-

racy metrics. Models TFBS produces the highest average kappa, F-score, precision, 

and recall scores of 0.8824, 0.8899, 0.9116, and 0.8711, respectively[10]. 

14. Future Scope  

The Current rice cultivar classification techniques face several challenges that 

reduce their efficiency and accuracy. One of the main drawbacks is their reliance on 

large datasets of labeled images, which are time-consuming and expensive to gener-

ate. Existing models tend to require significant computational power and time, es-

pecially when processing large rice image datasets. This limits their scalability for 

real-time applications or deployment in resource-constrained environments. There 

is a lack of sufficient annotated data for all rice cultivars, making it difficult to build 

reliable models, especially in regions where rice cultivation is not well documented 

[1]. 

Future advances in deep learning and computer vision have the potential to address 

these limitations. Incorporating techniques such as data augmentation, semi-

supervised learning, and domain adaptation can help overcome the problem of lim-

ited labeled data. These approaches can improve model generalization by using both 

labeled and unlabeled data, or by adapting the model to work across different envi-

ronments andrice varieties [8].Future developments could replace manual parameter 

tuning with deep learning networks, which could significantly reduce time and im-

prove model performance.  

These models could be further improved by incorporating temporal and spatial data 

from advanced remote sensing technologies such as SAR images, providing more 

accurate and scalable solutions for rice cultivar classification. In addition, the use of 

multi-source satellite data, better temporal resolution, and the integration of predic-

tion mechanisms could improve large-scale crop mapping and address current limi-

tations in classification accuracy [9]. 

15. Conclusion 
The This paper proposes two loss function modifications for rice yield prediction: 

weighting the MSE penalty and dynamically adjusting the MSE weight. Optimization 

shows TAYPM1 performs best at W = 2, while TAYPM2 at bias = 1. The model 

improves RMSE by 6%, accuracy from 89% to 95%, and R² by 13%. Future work 

aims to use deep learning for automatic parameter tuning [1]. 
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Wheat yield estimation is challenging for global food security. The SEL model (RFR, 

PLSR, XGBoost, ELM) achieved R² = 0.83 during flowering. LSTM-MH-SA im-

proved R² by 10.84% and reduced RMSE/MAE by 25%. Combining LSTM-MH-SA 

and JDA enabled efficient yield transfer with only 4% target data, solving cross-

platform issues [2]. 

DeepCGP introduces a method to compress genome-wide polymorphism data for 

phenotype prediction [3]. It enhances computational efficiency, models transitivity, 

and reduces storage requirements. This approach provides an effective alternative for 

handling high-dimensional genomic data. 

The ARVDC-QIMFODL method automates rice cultivar classification by integrating 

MMWF-based preprocessing, ShuffleNet feature extraction, LSTM classification, and 

QIMFO-based tuning. It achieved 99.66% accuracy on a rice image dataset. Future 

work includes feature fusion, complexity reduction, and integrating time series data 

[4]. 

A shooting platform was developed to capture cracks in brown rice kernels under 

light illumination for clear detection. The optimized ResNet-18 model, enhanced with 

NiN blocks, reduces overfitting and model size while maintaining training efficiency 

[5]. This optimization lowers training time, improves detection accuracy, and enhanc-

es rice quality. The method also reduces labor costs and increases processing efficien-

cy. 

We developed a rice classification system using AlexNet and VGG19, achieving 

96.8% and 99.99% accuracy, respectively. The system can automatically classify rice 

for agriculture and trade industries. It can be expanded to include other crop varieties. 

Future improvements may enhance accuracy and efficiency [6]. 

This paper presents a vision-based system for automated rice quality assessment using 

a multi-step workflow. It classifies grains and measures weight ratios, proving effec-

tive in replacing manual work [7]. Future improvements focus on reducing training 

data needs and enhancing robustness against labeling errors. 

A dataset of 7424 rice grain images across five varieties was analyzed using AI classi-

fiers such as SVM, Random Forest, Neural Networks, Logistic Regression, and Ada-

boost. Performance was assessed via cross-validation and confusion matrices. The 

goal is to ensure fair pricing and expand classification to more varieties [8]. 

This study explores using NODE with recurrent units to assimilate spectral image data 

over time for crop classification [9]. The ODE-RNN model outperforms conventional 

recurrent networks by effectively handling missing satellite data due to clouds, offer-

ing an improved time representation. 
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The TFBS model is proposed for paddy field classification using temporal features 

from time-series SAR images and spatial information. Tested on Sentinel-1 data, 

TFBS outperformed LSTM, UNET, and ConvLSTM, achieving higher kappa, F-

score, precision, and recall values [10]. 
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