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Abstract: To address the issues of time-consuming, laborious, and inaccurate traditional detection 

methods of rice appearance quality, a complete set of rice appearance quality inspection schemes is 

proposed in this study based on the YOLOv8 object detection model. A method of detecting the 

whole kernel rate by using the rice image area was proposed that is based on the YOLOv8 detection 

model. This method is more efficient and faster than the traditional method of measuring the whole 

kernel rate by the weight of rice. The detection of yellow grains quality based on the color threshold 

and chalkiness degree of rice based on the gray threshold was realized. Finally, comparative tests 

were conducted to verify the effectiveness and feasibility of the detection method. Random rice 

samples were tested by manual testing methods following national standards. The results show that 

the whole kernel rate is 59.80%, the roughness rate is 78.10%, the mold rate is 4.32%, the chalkiness 

degree is 11.00%, and the grade is second-class indica rice. The same rice sample was tested using the 

method of this study. The results show that the whole kernel rate of 59.10%, the roughness rate of 

77.30%, the mold rate of 4.20%, the chalkiness degree of 12.00%, and the grade is second-class indica 

rice. The results are basically consistent with the manual detection method of the national standard. 

The rice appearance quality detection method proposed in this study provides a reference for 

achieving efficient, non-destructive, accurate detection and preferential grading of rice quality. 

Keywords: rice; machine vision; appearance quality detection; YOLOv8; whole kernel rate; yellow 

grains; chalkiness degree 

 

1. Introduction 

Rice is one of the important food crops in our country. It plays a vital role in ensuring food 

security and promoting economic development. The appearance and quality of rice directly affect its 

price and use[1–5]. The traditional inspection of rice appearance quality mainly relies on manual 

experience. This method has low detection efficiency, high labor intensity, and relatively large 

detection errors. The application and promotion of rice quality inspection based on machine vision 

have significant importance and application prospects [6–9]. 

In recent years, many scholars have applied machine vision and image processing technologies 

to the experimental research of examining the appearance of crop fruits or seeds, and have achieved 

certain research results. Fabiyi et al. used RGB to classify rice seed varieties, evaluating a large dataset 

of 8,640 rice seeds sampled from 90 different species, effectively eliminating impure species [10]. 

Zhang et al. proposed the YOLO-CRD method for rice disease detection, achieving an accuracy of 

90.4% for bakanae disease, bacterial brown spot, leaf rice fever, and dry tip nematode disease [11]. Li 

et al. used ESE-Net to enhance feature extraction and employed the Focal-EOIU loss function, 

designing a corn kernel detection and recognition model with MobileNetV3 as the feature extraction 

backbone network [12]. Guo et al. proposed a Sichuan pepper detection network based on the 

YOLOv5 object detection model. Through ablation experiments, it was found that the improved 

YOLOv5 model achieved an average detection accuracy increase of 4.6% and 6.9% in natural 
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environments compared to the original model [13]. Xin et al. proposed a recognition algorithm based 

on the YOLOv5s model, integrating the Ghost module and BiFPN. This model achieved a recognition 

accuracy of 99.7% for broken red mountain buckwheat seeds [14]. Li et al. enhanced YOLOv8s and 

simplified the model structure by integrating the lightweight GhostNet. It has improved the speed of 

corn leaf detection. After the improvement, the mAP increased by 0.3% compared to before [15]. 

Wang et al. incorporated the ECA attention mechanism into YOLOv8 to improve the model 

performance. It uses the Focal-EIOU loss function to address the imbalance between easily classifiable 

and hard-to-classify samples. The accuracy rate for strawberry recognition can reach 97.81% after it 

is introduced [16]. Yin et al. used an improved YOLOv8 pest detection algorithm, which introduces 

the MPDIoU optimization model and uses Ghost to reduce the number of model parameters. The 

algorithm achieved a 97.3% mAP [17]. Amin et al. used YOLOv5 to train with optimal learning 

hyperparameters. This hyperparameter more accurately localizes the pest region in plant images with 

0.93 F1 scores. The proposed network classification accuracy reached 99% [18]. In summary, extensive 

research has been conducted both domestically and internationally on the application of machine 

vision and image processing in the inspection of the appearance quality of crop seeds and grains. 

However, there are issues with slow detection speed and low detection accuracy. Moreover, there is 

relatively little inspection of the appearance quality of rice [19–21]. 

To address the above issues, this study proposes a rice appearance quality detection method 

based on the YOLOv8 object detection model. This method can further improve the speed and 

accuracy of rice appearance quality inspection and reduce rice loss. It provides solutions for the 

appearance quality inspection of rice. 

2. Rice Image Data Collection 

2.1. Image Acquisition Platform 

This paper builds a rice image acquisition platform centered around the MV-GE1600C 

MindVision industrial camera. The camera lens uses MV-LD-8-3M-A. The camera’s effective pixels 

are 16 million. And it is equipped with a CMOS sensor. The camera’s maximum resolution is 

4608×3465. The camera’s maximum resolution is 4608×3465, and the minimum exposure can reach 

0.07 ms. Its image processing acceleration function can reduce the host CPU usage. The rear of the 

camera has a GigE and power interface, and the camera and a computer can be connected through 

GigE to capture images. The platform host environment uses the Win10 system. The image 

acquisition platform is shown in Figure 1. 

  
(a) (b) 

Figure 1. Schematic diagram of image acquisition hardware equipment: (a) Modeling drawings, (b) physical 

drawings 1.Bar light source; 2.Industrial camera; 3.Backlight plate; 4.Drawer stage; 5.Collection funnel; 6.Nylon 

roller; 7.Black acrylic sheet; 8.Scale holder; 9.Light source controller. 

2.2. Image Acquisition Platform 
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This paper uses early indica rice with different appearance qualities as the research subject. This 

article selects different grades of rice, including whole kernel, chalkiness kernel, and yellow grains, 

to provide feature information for the YOLOv8 object detection model. Figure 2 is a sample image of 

rice. This study performs grayscale transformation on rice sample images, uses the median filtering 

algorithm to remove noise and eliminate external interference, separates rice and background using 

a fixed threshold method, and finally uses the watershed algorithm to separate the rice grains that 

are stuck together. 

 
(a) 

  
(b) (c) 

Figure 2. Rice image samples: (a) rice image sample; (b) brown rice image sample; (c) milled rice image 

sample. 

2.2.1. Grayscale Transformation of Rice Images 

In order to improve processing speed and reduce complexity, this study converts colour images 

into single-channel grayscale images [22]. The rice image can still display texture characteristics and 

discernible color variations even after grayscale processing. Three methods were chosen for the 

experiment and compared: the weighted average method, the maximum value method, and the 

average value method. From the grayscaled processed image in Figure 3, it is evident that the image 

processed using the weighted average method is clearer and more distinct. Thus, the weighted 

average method has been selected for transforming images to grayscale. 

  
(a) (b) 

  
(c) (d) 

Figure 3. Grayscale processing: (a) original image; (b) weighted average method; (c) maximum method; (d) 

average method. 
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2.2.2. Rice Image Denoising 

Noise from the sample and the environment during image acquisition decreases the accuracy 

and efficiency of image processing. Therefore, filtering should be used to eliminate noise during the 

image processing [23]. This study selected four methods for experimentation: median filtering, 

maximum filtering, mean filtering, and Gaussian filtering. As shown in Figure 4, the experiment used 

images of brown rice as samples. Adding impulse noise to the image after grayscale transformation 

can more clearly and distinctly show the advantages and disadvantages of the four algorithms. 

Experimental results indicate that the median filtering method effectively removes noise while 

preserving complete image details, as shown in Figure 4(b). 

  

(a) (b) 

  
(c) (d) 

 
(e) 

Figure 4. Denoising process: (a) raw noise image; (b) median filtering; (c) maximum filtering; (d) mean filtering; 

(e) gaussian filtering. 

2.2.3. Rice Image Segmentation 

Background segmentation can enhance the clarity of images. This study selects three methods: 

the fixed threshold method, adaptive threshold method, and maximum class variance method, and 

conducts a comparative analysis. Figure 5 shows the results of the three threshold segmentation 

methods. The fixed threshold segmentation method achieves the best separation of rice from the 

background, as shown in Figure 5(b). The fixed threshold segmentation method can divide the image 

into pixel parts below the threshold and pixel parts above the threshold according to a pre-set fixed 

threshold. 

  
(a) (b) 
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(c) (d) 

Figure 5. Image segmentation: (a) original figure; (b) fixed threshold segmentation method; (c) adaptive 

threshold segmentation method; (d) maximum class variance method. 

Rice grains may stick together when rice images are captured. Rice grains sticking together will 

not be separated during background segmentation. They will reduce detection accuracy and increase 

image processing difficulty, so the sticking rice grains need to be segmented. This study compared 

the background subtraction method and the watershed segmentation algorithm, as shown in Figure 

6. From Figure 6, it can be seen that the watershed segmentation algorithm performs the best. 

   
(a) (b) (c) 

Figure 6. Watershed algorithm to segment adhesions: (a) Original figure; (b) background segmentation method; 

(c)watershed algorithm segmentation method. 

2.2.4. Morphological Processing of Rice Images 

After preprocessing, the rice images still contain small particle noise. Small particle noise needs 

to be further eliminated using morphological opening in image processing.Secondary clearing can 

make the contours of the image more regular and improve the accuracy of rice appearance quality 

inspection. The computation results are shown in Error! Reference source not found. 

  
(a) (b) 

Figure 7. Opening operation effect diagram: (a) original diagram; (b) rendering diagram of the opening 

operation. 

3. Methods for Inspecting the Appearance Quality of Rice 

3.1. Rice Detection Based on Image Processing 

3.1.1. Detection Method Based on Area Threshold for Whole Kernel Rate 

This study proposes a method for detecting the whole kernel rate using area thresholding to 

replace traditional quality inspection methods. This method calculates the area by counting the 
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number of rice pixels in the target area of the image. It differentiates broken rice grains from whole 

rice grains by area. Firstly, whole rice grains and broken rice grains are selected manually. By 

calculating, the average area of a complete grain of rice is S1. Calculate the threshold S2 using formula 

(1). 

, (1) 

Taking 100 single-grain rice images and preprocessing the sample images for detection using 

the area threshold method. Obtain the area of a unit of rice by the number of pixels in the target area. 

The result is obtained by comparing the unit area with the area threshold. The area of the rice grain 

greater than S2 is considered a whole grain, while less than S2 is considered a broken grain. Figure 8 

displays the results of the rice quality assessment. The chart shows a significant difference in the area 

between broken rice and whole rice. This study evaluated 100 images of whole and broken rice grains, 

with 91 images judged correctly, resulting in an accuracy rate of 91.00%. 

  
(a) (b) 

Figure 8. The effect of rice grain quality discrimination based on area thresholding. 

3.1.2. Method for Detecting the Rate of Yellow Grains in Rice Based on Color Threshold 

The presence of yellow grains in the sample will affect the overall quality of the rice. The area of 

yellow grains is not much different from that of normal grains, but their color is noticeably different. 

The endosperm of yellow grain rice is yellow. When testing yellow grains, distinguished by colour 

difference in testing. 

Color images are divided into various color spaces such as RGB, HSV, CMYK and so on. In the 

process of color threshold detection, we preprocess 100 images of single grains of rice and extract 

pixel data from these images. By analyzing the tonal values of each pixel, we can calculate the average 

tonal values of a single grain. The results were compared with the national standard. The yellow 

index of indica rice is 49.10±2.59. If the yellow index is within the specified range, rice is classified as 

yellow grain; otherwise, it is classified as other rice. Figure 9 is the effect diagram of yellow grain rice 

discrimination. From the picture, it can be seen that yellow grains of rice and normal grains of rice 

have significant differences in color. This study identified 100 sample images of yellow rice grains, 

with 87 correctly identified, resulting in an accuracy rate of 87.00%. 

 

Figure 9. Effect of rice quality discrimination based on hue thresholding. 
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3.1.3. Grayscale Threshold-Based Detection Method for Rice Chalkiness 

There may be chalky grains in the rice. Because the grayscale value of the chalky area is 

significantly different from the grayscale value of normal rice grains, the chalky area in the rice image 

can be identified by converting the image to a grayscale image [24,25]. 

The manually marked method divides the chalky area and the normal grain area before 

detection. Calculate the average grayscale values of the chalky area and the normal grain area using 

formula (2), and a reasonable threshold for the chalky area is set. 

, 
(2) 

where E is the average grayscale value of the whitewashed area, X1 is the grayscale value of the 

whitewashed area, and Y1 is the number of pixels in the whitewashed area. 

This study selects a batch of normal rice grain and chalky rice grain samples and uses the eight-

neighborhood labeling method to count the pixel values of the chalky areas and the total pixel values 

of the rice grains. Calculate the chalkiness of each rice grain using the area ratio, and set the chalkiness 

threshold based on the distribution of chalkiness. If the whiteness is greater than the chalkiness 

threshold, it is classified as white rice. Figure 10 is the recognition effect diagram of chalky rice. 

Compared with the recognition image of normal rice grains, the gray-scale image of chalky rice has 

a deeper hue. This study selected 100 images of chalky rice grains for classification, with 84 images 

correctly classified, resulting in an accuracy rate of 84.00%. 

 

Figure 10. Effect of rice quality discrimination based on hue thresholding. 

3.2. Training the YOLOv8 Object Detection Model 

In order to train the YOLOv8 model, this paper selects 500 rice photos. Determine the ratio of 

milled rice, yellow rice, whole grain rice, and broken rice. Before model training, the categories and 

locations of rice in the images need to be labeled using the Labelimg software and then set according 

to the VOC format to generate the corresponding XML files. Rice photos are divided into training 

and validation groups in an 8:2 ratio. After initializing the model parameters, the training group is 

input into the algorithm model to start training. The training parameters were set as follows: initial 

learning rate of 0.01, 300 training epochs, batch size of 16, input image size of 640×640 pixels, a weight 

decay coefficient of 0.0005, and a gradient momentum of 0.937. After training the best model multiple 

times and optimizing it by comparing the results with the actual differences, the validation group is 

then tested using the best model to compare the detection results. 

3.2.1. Comparison of YOLOv8 Model with Other Different Models 

To derive the optimal detection model, YOLOv8 was compared with its previous versions’ 

detection models. This experiment set up accuracy, recall, and mAP values under different IOUs. 

Table 1 shows the metrics for the four YOLO models. Table 1 shows that the YOLOv8 model has the 

highest accuracy, recall, and mF1 value, so YOLOv8 was chosen as the detection model. 

Table 1. Comparative results of model indicators. 
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Network model mPrecision/% mRecall/% mF1/% 

YOLOv3 0.553 0.552 0.552 

YOLOv5 0.652 0.652 0.652 

YOLOv7 0.778 0.780 0.780 

YOLOv8 0.912 0.915 0.912 

To further determine the effectiveness and feasibility of the YOLOv8 detection model, this study 

conducts a comparative analysis of the performance of four detection models. The recognition effect 

is shown in Figure 11. Figure 11 shows that YOLOv8 has high accuracy in recognition and clear 

images, so YOLOv8 is chosen as the detection model. 

  
(a) (b) 

  
(c) (d) 

Figure 11. Comparison of the effect of the YOLO model on rice quality recognition：(a) YOLOv3 model; (b) 

YOLOv5 model; (c) YOLOv7 model; (d) YOLOv8 model. 

4. Based on YOLOv8 Rice Appearance Quality Inspection Test 

To obtain the best detection model for YOLOv8, rice was input into the YOLOv8 model and 

trained multiple times. Figure 12 shows the variation curves of various performance evaluation 

metrics for the rice image dataset during the training and prediction processes. Figure 12 includes 

loss functions such as box_loss, box_loss, and cls_loss. In addition, mAP50 and mAP50-95 have been 

set as performance evaluation metrics. Figure 12 shows that the various loss functions reach stability 

after 100 iterations, and the curve changes little at 200 iterations, indicating that the training model 

has stabilized. 

 

Figure 12. Effect of rice quality discrimination based on hue thresholding. 
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Table 2 shows the specific changes in accuracy, recall, and mAP values under different iteration 

counts. As shown in Figure 12 and Table 2, the recall rate, accuracy, mAP50, and mAP50-95 gradually 

increased at the beginning of the training, reaching a stable state around 100 iterations. When the 

number of iterations reaches 200, the curves of each metric converge and change little. When the 

number of iterations reaches 200, the curves of various metrics converge and change little, indicating 

that the model has stabilized. After stabilizing, the model did not undergo significant changes or 

fitting, indicating that the training model has reached its optimal state. 

Table 2. Table of the number of iterations and changes in performance metrics. 

The number of 

iterations 
5 30 80 130 180 230 280 

Accuracy 0.02548 0.57686 0.79765 0.84065 0.84259 0.86379 0.87091 

Recall 0.25706 0.82675 0.89876 0.8878 0.8857 0.89374 0.8897 

mAP@0.5 0.08084 0.70734 0.88633 0.91777 0.9128 0.90258 0. 89766 

After obtaining the best model, input the test set data into the model to obtain the accuracy. 

Figure 13 shows the P-R curve for the training and testing process of the YOLOv8 model, and Figure 

13. P-R diagram of rice quality testing training set and inspection test set. 

Table 3 presents the accuracy of the training and testing. The comparison shows that the metrics 

between the training set and the test set are quite close, and there is no overfitting phenomenon. 

The YOLOv8 detection model is trained using the rice dataset from the training set to obtain the 

best model, and the best model parameters are derived using the test set. The accuracy of various 

indicators is similar upon comparison, indicating that the trained model is universally applicable. 

  

(a) (b) 

Figure 13. P-R diagram of rice quality testing training set and inspection test set. 

Table 3. Accuracy of training set and Accuracy of Inspection set. 

project 
Chalky 

grains 

Whole 

grains 

Broken 

grains 

Moldy 

grains 

Under-

cooked 

grains 

Yellow 

grains 

mAP@0.

5 

Training set 0.758 0.943 0.835 0.972 0.989 0.978 0.912 

Test set 0.798 0.945 0.875 0.971 0.982 0.988 0.927 

To test the detection model, this study conducted comparative experiments. We randomly 

selected 143 grains of indica rice as samples and conducted manual inspections of this batch of rice 

according to the procedures specified in the national standard GB/T 1354-2018. First, we use the 

dehusker and the rice mill to successively remove the husk and the bran, and then weigh them. First, 

we use the dehusker and the rice mill to successively remove the husk and the bran and weigh them. 

Then, we select and weigh the moldy grains, chalky grains, and incomplete grains from the sample. 

The manual inspection results show the whole grain rate of 59.80%, the milling rate of 78.10%, the 
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mold rate of 4.32%, and the chalkiness degree of 11.00%. The sample rice grade is second-grade indica 

rice. Figure 14 is a bar chart of sample phenotypes. Figure 14 shows the phenotypic characteristics 

and quantities of the samples, providing a basis for quality inspectors to evaluate rice quality. 

 

Figure 14. Columnar distribution of phenotypic parameters of fine meters. 

We placed this batch of equal amounts of indica rice into the rice image acquisition platform 

described in this paper for photography, storing the area information of the hulled rice for YOLOv8 

model detection. Then the roller husker removes the husk and conducts a retest, selects brown rice 

for examination, and obtains the corresponding test information. Finally, the rice milling machine 

removes the bran to obtain polished rice. Choose polished rice detection, with the model being 

YOLOv8. The test results are shown in Figure 15. From Figure 15, it can be seen that the number of 

rice grains detected is 143, of which 12 are yellow grains. The milling rate is 77.30%, the whole grain 

rate is 59.10%, the moldy rate is 4.20%, the chalkiness is 12.00%, and the grade is second-class indica 

rice. The test results are consistent with manual detection methods, enabling non-destructive and 

accurate detection of rice. 

 

Figure 15. The results of system detection. 

5. Conclusions 

1. To address the issue of low efficiency and high error rates in traditional manual appearance 

inspection of rice, a rice detection method based on the YOLOv8 object detection model has been 

proposed. By comparison, the weighted average gray value transformation method, median 

filtering denoising method, and fixed threshold segmentation method were selected for image 

preprocessing and use threshold segmentation and watershed algorithms to solve the problem 

of grain adhesion in rice images. The whole grain was detected based on the YOLOv8 detection 

model. This study proposes a method for area detection to detect whole rice based on the 

YOLOv8 detection model. Moreover, this study examines rice detection from three aspects: area 

threshold, color threshold, and grayscale threshold. Finally, comparative experiments confirmed 
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the effectiveness and feasibility of the method, enabling precise and non-destructive testing of 

rice; 

2. This study proposes a rice quality detection method based on image processing and deep 

learning. By extracting rice features and detecting based on the YOLOv8 detection model, using 

area threshold, color threshold, and grayscale threshold methods, the accuracy rate for whole 

grain rice is 91%, for yellow grain rice is 87%, and for chalky rice is 84%. The YOLOv8 detection 

model has better detection performance; 

3. This study conducted 100 sets of comparative experiments, with manual inspection results 

showing a whole grain rate of 59.80%, a milling rate of 78.10%, a mold rate of 4.32%, a chalkiness 

degree of 11.00%, and a grade of second-class indica rice. The detection results based on the 

YOLOv8 model show a whole grain rate of 59.10%, a milling rate of 77.30%, a mold rate of 4.20%, 

a chalkiness degree of 12.00%, and a grade of second-class indica rice. The results are basically 

consistent with manual detection, and the detection is fast and accurate. 

The text continues here. 
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