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Ring rot caused by Botryosphaeria dothidea and anthracnose caused by Colletotrichum gloeosporioides are two important apple fruit diseases. It is critical to conduct timely and accurate distinction and diagnosis of the two diseases for apple disease management and apple quality control. The automatic distinction between the two diseases was investigated based on image processing technology in this study. The acquired disease images were preprocessed via image scaling, color image contrast stretching, and morphological opening and closing reconstruction. Then, two lesion segmentation methods based on circle fitting were proposed and used to conduct lesion segmentation. After comparison with the manual segmentation results obtained via the software Adobe Photoshop CC, Lesion segmentation method 1 was chosen for further disease image processing. The gray images on the nine components in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images were filtered by using multi-scale block local binary pattern operators with the sizes of pixel blocks of 1 × 1, 2 × 2, and 3 × 3, respectively, and the corresponding local binary pattern (LBP) histogram vectors were calculated as the features of the lesion images. Subsequently, support vector machine (SVM) models and random forest models were built based on individual LBP histogram features or different LBP histogram feature combinations for distinguishing the diseases. The optimal SVM model with the distinction accuracies of the training and testing sets equal to 100 and 95.12% and the optimal random forest model with the distinction accuracies of the training and testing sets equal to 100 and 90.24% were achieved. The results indicated that the distinction between the two diseases could be implemented with high accuracy by using the proposed method. In this study, a method based on image processing technology was provided for the distinction of ring rot and anthracnose on apple fruits.
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INTRODUCTION

Apple is a kind of fruit with great commercial value, and it is an important kind of export fruit in China (Chen et al., 2010). Apple ring rot caused by Botryosphaeria dothidea and apple anthracnose caused by Colletotrichum gloeosporioides is two common diseases on apple fruits (Li B. H. et al., 2013; Hu et al., 2016). These two kinds of diseases form lesions on the apple fruit surface and cause decay on apple fruits, resulting in severe yield losses and quality declines of apple fruits. Lesions on apple fruits caused by ring rot are usually very similar to those caused by anthracnose. Agricultural technicians with rich practical experience are required to differentiate and identify the two apple fruit diseases accurately. The conventional diagnosis method of the diseases mainly relies on naked-eye symptom observations conducted by experienced agricultural technicians. This method is time-consuming and laboursome. In addition, there are not enough agricultural technicians to meet the actual needs of apple production. Therefore, it is necessary to explore a rapid, accurate, convenient, and highly automated disease identification method.

Image processing technology has been widely applied in the diagnosis, identification, and monitoring of plant diseases (Sankaran et al., 2010; Barbedo, 2016; Vishnoi et al., 2021), such as wheat diseases (Li et al., 2012; Johannes et al., 2017; Deng et al., 2021), maize diseases (DeChant et al., 2017; Chen et al., 2021), rice diseases (Phadikar et al., 2013; Lu et al., 2017; Narmadha et al., 2022), cotton diseases (Camargo and Smith, 2009; Caldeira et al., 2021), soybean diseases (Pires et al., 2016; Shrivastava et al., 2017; Araujo and Peixoto, 2019), cucumber diseases (Vakilian and Massah, 2013; Zhang S. W. et al., 2017; Kainat et al., 2021), tomato diseases (Yamamoto et al., 2017; Trivedi et al., 2021), grape diseases (Tian et al., 2007; Oberti et al., 2014; Zhu et al., 2020), and citrus diseases (Pydipati et al., 2006; Sankaran et al., 2013). Moreover, image processing technology has been used to make disease severity assessments (Li et al., 2011; Barbedo, 2014; Vieira et al., 2014; Shrivastava et al., 2015; Ganthaler et al., 2018), conduct pathogen identification (Chesmore et al., 2003; Deng et al., 2012; Wang et al., 2021), and perform automatic counting of pathogen spores (Li X. L. et al., 2013; Li et al., 2017). It is convenient and rapid to perform plant disease identification using image processing technology, and automatic disease identification can be realized, indicating that the image-based plant disease identification method has a good application prospect. However, most of the reported related studies focused on the diagnosis and identification of plant leaf diseases.

There have been some reports on image-based distinction and recognition of apple diseases (Yin et al., 2012; Huo et al., 2013; Dubey and Jalal, 2014, 2016; Omrani et al., 2014; Tan et al., 2015; Wang et al., 2015; Zhang C. L. et al., 2017; Liu et al., 2018; Bansal et al., 2021; Ortega-Sánchez et al., 2022), but few of them focused on the distinction and recognition of apple fruit diseases. The two related studies conducted by Yin et al. (2012) and Huo et al. (2013), respectively, were based on 78 low-resolution images of three kinds of apple fruit diseases including apple ring rot, apple anthracnose, and new apple ring rot (26 images per apple fruit disease) that were taken by using mobile phone in natural scenes, an improved level set interactive segmentation method was used to perform segmentation operation on the preprocessed images, and then six color features, eight texture features, and seven shape features were extracted. Based on the 15 texture and shape features, Yin et al. (2012) developed a support vector machine (SVM) model with a linear kernel function to identify the three kinds of apple fruit diseases, and average identification accuracy of 90.00% was achieved. Based on the eight texture features extracted from the segmented disease images, Huo et al. (2013) built the identification models of the three kinds of apple fruit diseases using three methods including gray relation analysis, SVM, and compressive sensing, the average identification accuracies of 86.67, 90, and 90%, respectively, were obtained for the three models, respectively. Tan et al. (2015) used a deep learning neural network based on flexible momentum to identify the images of diseased apple fruits and achieved a recall rate of 98.4%. Wang et al. (2015) developed a convolutional neural network (CNN) based on a variable impulse learning algorithm to conduct the identification of 100 images of diseased apple fruits, and the identification accuracy was 97.45%. The overall accuracy of 91.1% was obtained by Nachtigall et al. (2017) using CNN to identify healthy apple fruits and unhealthy apple fruits in five disorders including scab caused by Venturia inaequalis, alternaria rot caused by Alternaria alternata, bull’s eye rot caused by Cryptosporiopsis perennans, penicillium rot caused by Penicillium expansum, and bitter pit (calcium deficiency) based on the images acquired under controlled conditions.

The quality of plant disease images acquired in natural scenes is usually affected by many factors such as uneven illumination, complex background, and blurred edges. It is necessary to explore an accurate and highly automated image segmentation method to segment these disease images. Furthermore, feature extraction after image segmentation is particularly important for image recognition. The local binary pattern (LBP) operator is a local texture descriptor (Ojala et al., 1996). Because of its characteristics of gray-scale invariance, simple calculation, and insensitivity to illumination changes, this operator is widely used in the fields such as medical image recognition (Nanni et al., 2012; Panda et al., 2018) and face recognition (Ahonen et al., 2006; Yang and Chen, 2013; Lu et al., 2018). The LBP operator has also been applied in the image-based recognition of plant diseases. Leiva-Valenzuela and Aguilera (2013) implemented image-based detection of fungally decayed, shriveled, and mechanically damaged blueberries based on the 951 extracted features including LBP features. In a study conducted by Dubey and Jalal (2014), based on apple fruit images of apple blotch, apple rot, apple scab, and normal apple, the K-means clustering technique was applied to perform image segmentation, color and texture features including global color histogram, color coherence vector, color difference histogram, structure element histogram, local ternary pattern, completed local binary pattern (CLBP), and LBP was extracted, and then the color, texture, and fused features were applied to identify apple fruit images by using a multi-class support vector machine (MSVM), finally, an average identification accuracy of approximately 90% was obtained. In another study conducted by Dubey and Jalal (2016), the MSVM method was used to classify apple blotch, apple rot, and apple scab based on the color (global color histogram and color coherence vector), texture (LBP and CLBP), and shape (Zernike moments) feature extracted from apple fruit images, and the results showed that classification performance with accuracy more than 90% could be achieved by using the MSVM models built based on CLBP or each feature combination containing color and texture features. Multi-scale block local binary pattern (MB-LBP), a modified LBP operator, can extract texture information at different scales of an image and is not easily affected by image noise (Liao et al., 2007; Zhang et al., 2007). It has been applied in studies on object detection and recognition (Halidou et al., 2014; Li et al., 2015; Kang et al., 2017; Karanwal, 2021). To the best of our knowledge, there are no reports on the distinction between apple ring rot and apple anthracnose by using the image processing method based on LBP features.

In this study, after preprocessing the digital images of apple fruits infected with ring rot and anthracnose acquired in natural scenes, two lesion segmentation methods based on circle fitting were developed and applied to implement lesion segmentation of the disease images. Subsequently, the gray images on the nine components in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images were filtered by using MB-LBP with pixel blocks in different sizes, and the corresponding LBP histogram features were extracted. Finally, based on these features, SVM models and random forest models were developed to distinguish the two kinds of apple fruit diseases. The aim of this study was to provide a rapid and accurate method for the non-destructive distinction of the two diseases in apple fruits.



MATERIALS AND METHODS

The distinction of ring rot and anthracnose on apple fruits based on image processing was conducted in accordance with the procedures as shown in Figure 1.
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FIGURE 1. Flow chart of image-based distinction of ring rot and anthracnose on apple fruits.



Acquisition of Disease Images

A total of 123 apple fruit disease images were acquired using different digital cameras under field conditions, including 60 images of apple ring rot and 63 images of apple anthracnose. Most of the disease images used in this study were acquired in the apple orchards in Shangzhuang Experimental Station of China Agricultural University and Sujiatuo County, Haidian District, Beijing, China in the autumn of 2014 by using two digital cameras Canon PowerShot SX100 IS (Canon Inc., Tokyo, Japan) and Canon EOS 700D (Canon Inc., Tokyo, Japan), and were acquired in the apple orchards in Sujiatuo County, Haidian District, Beijing, China in the autumn of 2015 by using the digital camera Canon PowerShot SX100 IS. The other disease images were provided by Shutong Wang from the College of Plant Protection, Hebei Agricultural University, Baoding, China, and He Wang from Forest Pest Management and Quarantine Station of Beijing, Beijing, China.



Image Preprocessing

Preprocessing operations of the acquired disease images, including image scaling, color image contrast stretching, and morphological opening and closing reconstruction were performed by using the image processing toolbox in the software MATLAB R2013b (MathWorks, Natick, MA, United States).


Image Scaling

Because the disease images were acquired by using different digital cameras with different settings, there were obvious differences among the images in size. In order to process the disease images by using the same morphological operations, it is necessary to resize them into the same size range. In this study, the acquired disease images were scaled with an equal ratio in the range of 1,000 × 1,000 pixels to 2,000 × 2,000 pixels.



Color Image Contrast Stretching

Color image contrast stretching is conducive to the enhancement of the color difference between the lesions and the surrounding background, and this operation facilitates the subsequent lesion image segmentation. Color image contrast stretching was operated by using the following MATLAB code: rgbstr = imadjust(rgb, stretchlim(rgb)), where rgb is the RGB color image to be processed, and rgbstr is the processed image.



Morphological Opening and Closing by Reconstruction Operations

Morphological opening and closing by reconstruction operations can reduce the noise interference to the real edges (Wang et al., 2008; Zhang and Wang, 2009). In this study, the morphological opening and closing by reconstruction operations of R, G, and B color components were performed using the circular structure element (disk) with a radius of 10, and then the obtained three color component images were integrated into a new color image by using the function “cat” in the MATLAB R2013b software.




Lesion Image Segmentation

The backgrounds of apple disease images obtained in natural scenes are usually complex, mainly including soil, branches, and leaves of apple trees, other green plants, and local strong reflection. Automatic and accurate segmentation of lesions on the surface of apple fruit from the complex backgrounds is crucial for disease distinction and identification. Generally, the lesions of ring rot and anthracnose on apple fruits have two distinct characteristics. Firstly, the lesions are usually brown, thus the red component of the lesions in a disease image is often greater than the green component. This characteristic can be used to distinguish green elements such as the leaves of apple trees and other green plants in the background. Secondly, the lesions are located on the surface of apple fruit and are usually nearly round, and this characteristic can be used to distinguish branches of apple trees, soil, and other backgrounds with similar colors to the lesions. In this study, according to the above characteristics, the approximate position of apple fruits in a disease image was determined firstly, and then lesion segmentation was conducted by using the lesion image segmentation methods based on circle fitting. The steps for lesion image segmentation in detail are as follows.

Step 1. To make full use of the image color information, the gradient of the integrated color image obtained after morphological opening and closing by reconstruction operations was first calculated. Assuming that c(x, y) is the gradient of any point (x, y) in the color image, it can be calculated according to the method described by Gonzalez and Woods (2011), which can be expressed as follows.

Let r, g, and b be the unit vectors of the R-axis, G-axis, and B-axis in the RGB color space, respectively, and the vectors u and v can be defined as:
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and

[image: image]

Let gxx, gyy, and gxy represent the dot products of these vectors u and v, as follows:
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and
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here, the direction of the maximum change rate of c(x, y) can be given by the angle θ(x, y), which can be calculated by using the following formula:
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and the value of the change rate at point (x, y) in the direction of the angle θ(x, y) can be given by using the following formula:
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The partial derivatives of Formulas (3), (4), and (5) can be calculated by using the Sobel operator, and then the gradient of any point (x, y) can be calculated.

Step 2. Edge detection of the gradient image generated in Step 1 was carried out by using the Canny operator. For the Canny operator, the default values were used for the sensitivity thresholds, and the standard deviation of the Gaussian filter, σ(sigma), was set to 20. The purpose of edge detection is to preserve the real edge, remove the false edge, and present the edge image in a binary pattern. In the binary edge image, the edge of the junction of the diseased and healthy regions may have breakpoints. Therefore, in this study, the circular structure element with a radius of 2 was used to conduct a dilation operation on the edge image to obtain the continuous lesion edge as much as possible.

Step 3. To remove the green background such as the leaves of the apple tree and other green plants from the image, the pixel points with the green component greater than the red component were assigned a value of 0, and the other pixel points were assigned a value of 1, and then the green-background-subtracted binary image can be obtained. The green apple fruits in the image can also be removed in the process of the background subtraction. Because the lesions of the two apple fruit diseases are usually brown for which the green component is much smaller than the red component, they could still be completely retained in the image after the background subtraction, and thus the subsequent lesion extraction will not be affected. The binary edge image obtained in Step 2 was inversed, and then multiplied with the green-background-subtracted binary image, thus a new binary image was obtained.

Step 4. Cavity filling of the binary image obtained in Step 3 was carried out. To avoid the adhesion between apple fruits and the background in the image and remove the relatively small background target, the circular structure element with a radius of 50 was used to conduct the opening operation on the binary image obtained after cavity filling.

Step 5. The areas of all the remaining connected components were calculated, and any region for which the area of the connected component was less than two-thirds of the area of the maximum connected component was removed. The retained regions were regarded as the regions where apple fruits may exist.

Step 6. Assuming that the number of the retained regions was M, that is, the number of the regions where apple fruits may exist was M, let j = 1, then the convex hull of the jth apple fruit region was calculated and the region contour was extracted. Considering that apple fruits are usually near-circular, circle fitting of the jth apple fruit region was carried out based on the contour combined with the least square method. Circular curve fitting by using the least square method was carried out according to the specific calculation method as described by Li and He (2013), which can be listed as follows.

Suppose the formula of the circular curve to be fitted is:
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in which Rad is the radius of the circle curve, and Ax and By are the abscissa and ordinate of the circle center, respectively.

Suppose the pixel point set on the contour line is (xi, yi) where i = 1, 2, …, N, and N represent the number of pixel points on the contour line. The distance from the ith pixel point in the set to the circle center is di, then
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The difference between the square of the distance from the point (xi, yi) to the circle center and the square of the radius of the circular curve, δi, can be described as the following formula:
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Let Q (a, b, c) be the sum of squares of δi, then
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The least-square method was used to calculate and achieve the optimal fitted circular curve, that is, the parameters a, b, and c were calculated to minimize Q (a, b, c). The partial derivatives of Q (a, b, c) with respect to a, b, and c were calculated, respectively, and then were set to 0, thus the extreme points could be achieved and the values of the corresponding parameters a, b, and c could be obtained. The partial derivatives of Q (a, b, c) with respect to a, b, and c were calculated according to the following Formulas (12), (13), and (14), respectively.
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After the values of the corresponding parameters a, b, and c were obtained, the fitted values of Ax, By, and Rad could be estimated according to the following Formulas (15), (16), and (17), respectively.
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After circle fitting of the jth apple fruit contour was conducted, the distances between all the pixel points in the image and the circle center were calculated, then the pixel points with a distance less than the circle radius were assigned a value of 1 and the other pixel points were assigned a value of 0, and thus the binary image of the jth apple fruit region was obtained.

Step 7. Two methods were tried to find the real lesion edges in this study, thus the corresponding lesion image segmentation methods were classified as Lesion segmentation method 1 and Lesion segmentation method 2, respectively. For Lesion segmentation method 1, the binary edge image obtained in Step 2 was multiplied with the circle fitting binary image of the jth apple fruit region, in order to retain the edge inside the apple fruit region and remove the edge outside the apple fruit region; the convex hull areas of all the edges were calculated, and the edge with the largest convex hull area was considered as the edge of the junction of the diseased and healthy regions; then the convex hull contour corresponding to this edge was calculated, and the circle fitting method of apple fruit region was used to fit the contour, finally the region obtained by circle fitting was treated as the region where the disease lesion was located. For Lesion segmentation method 2, firstly, the circular structure element with a radius of 20 was used to conduct the closing operation on the image obtained by the opening operation in Step 4, and a binary image was obtained. The purpose of this operation was to reduce the possible depressions in the retained regions. Subsequently, the binary edge image obtained in Step 2 was multiplied with the circle fitting binary image of the jth apple fruit region and then was multiplied with the above binary image obtained by closing operation, aiming to retain the edge inside the apple fruit region and remove the edge outside the apple fruit region. The remaining procedures of Lesion segmentation method 2 were the same as that of Lesion segmentation method 1.

Step 8. Let j = j+1, if j ≤ M, then Steps 6 and 7 will be repeated, otherwise the operations for the lesion image segmentation will be finished.

After segmentation, each pixel in a lesion image was determined as a lesion pixel or a healthy pixel. The evaluation of image segmentation performance can be conducted by referring to the evaluation method of a binary classification model (Powers, 2011). The manual segmentation method using the Adobe Photoshop CC software was utilized to conduct segmentation of the lesion images, and the segmentation results were considered as references. The segmentation results obtained by using the manual segmentation method were compared with those obtained by using the two segmentation methods described above, and Recall, Precision, and Score (Qin et al., 2016) were used as the indices to evaluate the above two segmentation methods. The three indices were calculated according to the following formulas as described by Qin et al. (2016):
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where N1 is the total number of lesion pixels in a lesion image correctly determined by using one of the segmentation methods described above, N2 is the total number of lesion pixels in the lesion image determined by using the manual segmentation method, and N3 is the total number of the pixels in the lesion image. All of these three indices range from 0 to 1. To evaluate the performances of the two lesion segmentation methods, the image dataset of apple ring rot comprising 60 images, the image dataset of apple anthracnose comprising 63 images, and the aggregated image dataset comprising all of the 123 images, were constructed by using the acquired images after preprocessing. The segmentation method with larger values of Recall, Precision, and Score, was chosen as the automatic lesion segmentation method for further disease image processing and disease distinction.



Extraction of Local Binary Pattern Histogram Features From the Segmented Lesion Images

To reduce the influence of illumination on the image features, MB-LBP operators with pixel blocks in different sizes were used to filter the gray images on the nine components in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images, and then the corresponding LBP histogram vectors were calculated.

Initially, all of the segmented lesion images were resized to 256 × 256 pixels. The three-scale sizes of pixel blocks (sub-regions) were set as 1 × 1 pixels, 2 × 2 pixels, and 3 × 3 pixels, and the corresponding MB-LBP operators were recorded as MB1-LBP, MB2-LBP, and MB3-LBP, respectively. For each MB-LBP operator, the number of neighborhoods was set to 8, and the neighborhood radius was set to 2. The MB3-LBP operator, as shown in Figure 2, was taken as an example. In Figure 2, each small square surrounded by thin black lines represents a pixel, and each square (sub-region) enclosed by thick black lines represents a pixel block. The gray value of each pixel block is the average of the gray values of nine (3 × 3) pixels included in the corresponding block. The black point at the center of the center block is labeled as the center point, and the eight surrounding black points are labeled as to its eight neighborhood points. For the black point located at the center of a pixel block, the gray value of the pixel block is used directly as the value of this black point. For the black point is not located at the center of a pixel block, the gray value of the pixel block is determined by using the bilinear interpolation method. By comparing the gray value of each neighborhood point with that of the center point, an 8-bit binary number is obtained, which is then used as the response value of the center point. MB1-LBP operator and MB2-LBP operator are the same as the MB3-LBP operator except for the size of each pixel block.
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FIGURE 2. The diagram of the MB3-LBP operator.


The gray images on the nine components in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images were filtered by using MB1-LBP with the size of the pixel block of 1 × 1, MB2-LBP with the size of the pixel block of 2 × 2, and MB3-LBP with the size of the pixel block of 3 × 3, respectively, and the corresponding local binary pattern histogram vectors were calculated as the features of the lesion images (Zhang et al., 2013). In this study, the uniform LBP operator with 59 histogram bins that include 58 uniform histogram bins and one non-uniform histogram bin, was used for the calculation of the LBP histogram. Finally, the LBP histogram vector in 59 dimensions was obtained. The algorithm in detail was described by Zhang et al. (2007, 2013).



Disease Distinction Model Building Based on Local Binary Pattern Histogram Features of the Segmented Lesion Images

From all of the acquired apple disease images, 40 images of ring rot and 42 images of anthracnose were randomly selected to form the training set, and the remaining 20 images of ring rot and the remaining 21 images of anthracnose were used to form the testing set. Disease distinction models were built by using two modeling methods including the SVM method and the random forest method.

The LBP histogram features extracted by using the MB-LBP operators are in a large number of dimensions. The SVM method can be applied to effectively solve the data problems of small samples, non-linearity, high dimensions, and local minima (Cortes and Vapnik, 1995; Burges, 1998). Therefore, the SVM method was used to build distinction models of the images of ring rot and anthracnose on apple fruits in this study. Based on the LBP histogram features extracted from the segmented lesion images, the SVM models for the distinction of the two kinds of apple diseases were built by using C-SVM in the LIBSVM package developed by Chang and Lin (2011). To build an SVM model, a radial basis function kernel was selected, and the grid search algorithm was used to search for the optimal penalty parameter C and the optimal kernel function parameter g in the range of 2–10–210 with a searching step of 0.4. Based on the training set, the distinction accuracies at all points within the grid were achieved by running three complete cross-validations. When the highest distinction accuracy was achieved, the corresponding values of C and g were treated as the optimal parameters and were recorded as Cbest and gbest, respectively. Then, the SVM model was built by using the parameters Cbest and gbest. The distinction accuracies of the training set and testing set were calculated and were used to evaluate the model distinction performance.

A random forest, composed of multiple decision trees, can realize prediction by integrating the prediction result of each decision tree (Breiman, 2001). This modeling method can deal well with high-dimensional features, and the running speed of the built model is fast. Therefore, the random forest method was used to build distinction models of the images of apple ring rot and apple anthracnose based on the extracted LBP histogram features in this study. To a certain extent, the distinction performance of a random forest model depends on the number of decision trees constituting the model, so it is necessary to try a variety of values and determine the optimal number of decision trees according to the distinction performances of the built random forest models. In this study, during building the random forest models for disease distinction, the number of decision trees was successively assigned as 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100, and the optimal random forest model was determined according to the distinction accuracies of the training set and testing set and the number of decision trees. For the built random forest models with the same distinction accuracies of the training set and testing set, the one with the least number of decision trees was considered the optimal model. For each decision tree, the arithmetic square root ([image: image] or N1/2) of the total number (N) of LBP histogram features used for modeling was treated as the number of features randomly selected. If [image: image] or N1/2 was a decimal, the integral number obtained by rounding up the decimal was considered the value of the feature number.




RESULTS


Results of Image Preprocessing and Image Segmentation

For apple ring rot, the results of image preprocessing and image segmentation, taking an image as an example, are shown in Figure 3. As shown in Figures 3A,B, after image preprocessing, the color of the lesion region on the surface of the diseased apple was obviously deepened, and the edge of the junction of the diseased and healthy regions became clearer. The results of lesion image segmentation by using Lesion segmentation method 1 and Lesion segmentation method 2 are shown in Figures 3C,D, respectively. The results demonstrated that the size and location of the lesion segmented by using Lesion segmentation method 1 were closer to that of the real lesion than that of the lesion segmented by using Lesion segmentation method 2. For apple anthracnose, there were no relatively obvious differences between the segmentation results of the two segmentation methods, and the satisfactory lesion segmentation performances were achieved by using both Lesion segmentation method 1 and Lesion segmentation method 2. Taking an image of apple anthracnose as an example, the corresponding results of image preprocessing and image segmentation are shown in Figure 4.
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FIGURE 3. The results of image preprocessing and lesion segmentation for apple ring rot. (A) Original color image. (B) Image after preprocessing. (C) Image after lesion segmentation by using Lesion segmentation method 1 without closing operation. (D) Image after lesion segmentation by using Lesion segmentation method 2 with the closing operation. The black areas in panels (C,D) are the segmented lesions obtained by using Lesion segmentation method 1 and Lesion segmentation method 2, respectively.



[image: image]

FIGURE 4. The results of image preprocessing and lesion segmentation for apple anthracnose. (A) Original color image. (B) Image after preprocessing. (C) Image after lesion segmentation by using Lesion segmentation method 1 without closing operation. (D) Image after lesion segmentation by using Lesion segmentation method 2 with the closing operation. The black areas in panels (C,D) are the segmented lesions obtained by using Lesion segmentation method 1 and Lesion segmentation method 2, respectively.


After lesion segmentation operations of all the diseased images were conducted by using the two lesion segmentation methods (i.e., Lesion segmentation method 1 and Lesion segmentation method 2), the statistical results of Recalls, Precisions, and Scores for the two methods based on the three image datasets described above are shown in Table 1. The shape of very few lesions was very irregular, e.g., two or more lesions joined together, resulting in the extreme values of Recall, Precision, and Score. To reduce the influence of the extreme values on evaluating the lesion segmentation methods, the mean and median of each evaluation index (Recall, Precision, or Score) were used to evaluate the performances of the two lesion segmentation methods described above.


TABLE 1. Statistical comparison of the segmentation effects using the two lesion segmentation methods.

[image: Table 1]
For the image dataset of apple ring rot, when Lesion segmentation method 1 was used, the mean and median of the Recalls were 0.93 and 0.99, respectively; the mean and median of the Precisions were 0.92 and 0.95, respectively; and the mean and median of the Scores were 0.93 and 0.95, respectively. For this image dataset, when Lesion segmentation method 2 was used, the mean and median of the Recalls were 0.81 and 0.89, respectively; the mean and median of the Precisions were 0.93 and 0.96, respectively; and the mean and median of the Scores were 0.87 and 0.93, respectively. The results demonstrated that, for the image dataset of apple ring rot, the means and medians of the Recalls and Scores obtained when Lesion segmentation method 1 was used, were higher than those obtained when Lesion segmentation method 2 was used; and the mean and median of the Precisions were similar when Lesion segmentation method 1 and Lesion segmentation method 2 were used, respectively. The results indicated that Lesion segmentation method 1 was more suitable for lesion segmentation of the images of ring rot on apple fruits.

For the image dataset of apple anthracnose, when Lesion segmentation method 1 was used, the mean and median of the Recalls were 0.95 and 1, respectively; the mean and median of the Precisions were 0.94 and 0.97, respectively; and the mean and median of the Scores were 0.94 and 0.97, respectively. When Lesion segmentation method 2 was used on this image dataset, the mean and median of the Recalls were 0.91 and 0.99, respectively; the mean and median of the Precisions were 0.96 and 0.97, respectively; and the mean and median of the Scores were 0.93 and 0.97, respectively. The results demonstrated that, for the image dataset of apple anthracnose, the mean and median of the Recalls, Precisions, or Scores obtained when Lesion segmentation method 1 and Lesion segmentation method 2 were used, respectively, were similar, and all the indices were more than 0.9. The results indicated that these two lesion segmentation methods were both suitable for lesion segmentation of the images of apple anthracnose.

For the image dataset of the aggregated image dataset obtained after aggregation of the two image datasets of apple ring rot and apple anthracnose, when Lesion segmentation method 1 was used, the mean and median of the Recalls were 0.94 and 0.99, respectively; the mean and median of the Precisions were 0.93 and 0.96, respectively; and the mean and median of the Scores were 0.93 and 0.96, respectively. For this aggregated image dataset, when Lesion segmentation method 2 was used, the mean and median of the Recalls were 0.86 and 0.96, respectively; the mean and median of the Precisions were 0.95 and 0.97, respectively; and the mean and median of the Scores were 0.9 and 0.95, respectively. The results showed that, for the aggregated image dataset, the mean and median of the Recalls or Scores obtained when Lesion segmentation method 1 was used, were both higher than those obtained when Lesion segmentation method 2 was used, and the mean and median of the Precisions obtained when the former method was used were similar to those obtained when the latter method was used.

The results described above indicated that Lesion segmentation method 1 was more suitable for lesion segmentation of the images of ring rot and anthracnose on apple fruits. Therefore, Lesion segmentation method 1 was selected for realizing the automatic segmentation of the lesion images of the two apple fruit diseases in this study.



Distinction Results of the Support Vector Machine Models Based on the Local Binary Pattern Histogram Features

The distinction results of the SVM models based on the LBP histogram features of the gray images on each individual component in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images are shown in Tables 2–4, respectively. R1 denoted the LBP histogram feature of the gray image of the R component of the lesion image filtered by the MB1-LBP operator, and R2 denoted the LBP histogram feature of the gray image of the R component of the lesion image filtered by the MB2-LBP operator, R1G1 denoted the combination of R1 and G1, and the rest features’ names could be deduced by analogy. The results showed that the optimal SVM model for disease distinction was built based on the feature L1a1 and that this SVM model had the best distinction performance. For this optimal SVM model, the parameters Cbest and gbest were 12.126 and 0.144, respectively, and the distinction accuracy of the training set was 100% and the distinction accuracy of the testing set was 95.12%. The model for which the distinction performance ranked second among all the built SVM models, was built based on the feature R1B1 with the parameters Cbest and gbest of 21.112 and 0.047. For this model, the distinction accuracies of the training set and testing set were 96.34% and 92.68%, respectively. The model for which the distinction performance ranked third among all the built SVM models, was built based on the feature R1 with the parameters Cbest and gbest of 21.112 and 0.082. For this model, the distinction accuracy of the training set was 93.9% and the distinction accuracy of the testing set was 90.24%. The SVM model was built based on the feature R1G1B1 with the optimal parameters Cbest and gbest of 194.012 and 0.016 and the SVM model was built based on the feature L1a1b1 with the optimal parameters Cbest and gbest of 6.964 and 0.082, the distinction accuracies of the training set were both 100% and the distinction accuracies of the testing set were both 87.8%. For the SVM model built based on the feature L1b1 with the optimal parameters, Cbest and gbest of 2.297 and 0.25, the distinction accuracies of the training set and testing set were 97.56 and 85.37%, respectively. For the SVM model built based on the feature R1G1 with the optimal parameters, Cbest and gbest of 2.297 and 0.144, the distinction accuracies of the training set and testing set were 92.68 and 85.37%, respectively. The results demonstrated that accurate distinction of apple ring rot and apple anthracnose can be achieved by using the SVM modeling method based on LBP histogram features. The LBP histogram features used in the above SVM models with satisfactory distinction performances were obtained by filtering the gray images of the related components with the MB1-LBP operator. Compared with the other two MB-LBP operators (MB2-LBP and MB2-LBP), the pixel block of the MB1-LBP operator is the smallest, and the highest fineness of the image texture can be obtained after image filtering with it, which may be helpful to improve the ability of the models to distinguish between apple ring rot and apple anthracnose.


TABLE 2. Distinction results of the SVM models based on the LBP histogram features of the gray images of the three components in RGB color space of the segmented lesion images.
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TABLE 3. Distinction results of the SVM models based on the LBP histogram features of the gray images of the three components in the HSI color space of the segmented lesion images.
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TABLE 4. Distinction results of the SVM models based on the LBP histogram features of the gray images of the three components in the L*a*b* color space of the segmented lesion images.
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Distinction Results of the Random Forest Models Based on the Local Binary Pattern Histogram Features

The distinction results of the random forest models built based on the LBP histogram features of the gray images of the three components in the RGB, HIS, and L*a*b* color spaces of the segmented lesion images of apple ring rot and apple anthracnose are shown in Tables 5–7, respectively. The results showed that the optimal random forest model for the distinction of the two apple fruit diseases was built with the number of decision trees equal to 30 based on the feature R1B1 and that the distinction performance of this model was the best among all the built random forest models. For this optimal model, the distinction accuracies of the training set and testing set were 100 and 90.24%, respectively. In terms of disease distinction performance, three models tied for second place with the distinction accuracies of the training set and testing set equal to 100 and 87.8%, respectively, among all the built random forest models. Among these three models, one was built with the number of decision trees equal to 90 based on the feature R1, another was built with the number of decision trees equal to 50 based on the feature R1G1B1, and the other was built with the number of decision trees equal to 80 based on the feature L3a3b3. For the random forest model built based on the feature R1G1, H1S1, H1S1I1, I3, H3I3, L1b1, or L3a3 with the number of decision trees corresponding to 60, 60, 90, 80, 100, 70, or 30, the distinction accuracy of the training set was 100% and the distinction accuracy of the testing set was 85.37%. The results demonstrated that accurate distinction of apple ring rot and apple anthracnose can be obtained by using the random forest method based on LBP histogram features.


TABLE 5. Distinction results of the random forest models based on the LBP histogram features of the gray images of the three components in RGB color space of the segmented lesion images.
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TABLE 6. Distinction results of the random forest models based on the LBP histogram features of the gray images of the three components in the HSI color space of the segmented lesion images.
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TABLE 7. Distinction results of the random forest models based on the LBP histogram features of the gray images of the three components in the L*a*b* color space of the segmented lesion images.
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DISCUSSION AND CONCLUSION

Diseases play important roles in the reduction of the yield and quality of apple fruits. Accurate disease diagnosis is a key prerequisite for the prevention and control of apple diseases. In this study, taking ring rot and anthracnose on apple fruits as the research objects, the lesion image segmentation of the two apple diseases was carried out, and then the MB-LBP features were extracted from the segmented lesion images, finally, the distinction of the images of the two apple diseases was conducted by using both the SVM method and the random forest method. According to the characteristics of the lesions of the two apple diseases, two lesion segmentation methods based on circle fitting, Lesion segmentation method 1 and Lesion segmentation method 2, were developed and compared. The statistical results of three evaluation indices including Recall, Precision, and Score of the two lesion segmentation methods indicated that Lesion segmentation method 1 was better than Lesion segmentation method 2. Therefore, Lesion segmentation method 1 was selected to realize automatic segmentation of the lesion images in this study. To reduce the influence of illumination on the features of lesion images, the gray images of the nine components in the RGB, HSI, and L*a*b* color spaces of the segmented lesion images of the two apple diseases were filtered by using MB1-LBP, MB2-LBP, and MB3-LBP operators, respectively, and the corresponding LBP histogram features were extracted for further disease distinction. The results demonstrated that for the built disease distinction SVM model based on the feature R1, R1G1, R1B1, L1a1, L1b1, R1G1B1, or L1a1b1, the distinction accuracies of the training set and testing set were high, and the satisfactory disease distinction performance was achieved. Among these SVM models, the distinction performance of the model built based on the feature L1a1 was optimal. The obtained results showed that the satisfactory disease distinction performance could be achieved when the random forest model was built based on the features R1, I3, R1G1, R1B1, H1S1, H3I3, L1b1, L3a3, R1G1B1, H1S1I1, or L3a3b3. Among these random forest model models, the distinction performance of the model built based on the feature R1B1 was optimal. For both the SVM model and the random forest model based on the feature R1B1, the distinction accuracies of the training set and testing set were more than 90%, indicating that the feature R1B1 can be utilized to well distinguish between ring rot and anthracnose on apple fruits. In practical applications, the disease image database as a training set may be very large. Generally, the random forest model runs faster than the SVM model, and it is easy to realize large-scale parallel computing and rapid analysis of massive data by using the random forest method. Considering these factors, it is suggested that using R1B1 features to build a random forest model can be carried out for the distinction of the images of ring rot and anthracnose on apple fruits. The results indicated that it is feasible to distinguish between ring rot and anthracnose with typical symptoms on apple fruits by using the method proposed in this study.

Disease images obtained in natural scenes often have complex backgrounds, which can induce uneven illumination, various noises, blurred lesion edges, and other phenomena in the images. Therefore, under these circumstances, it is difficult to conduct complete lesion image segmentation. Zou et al. (2010) used multi-threshold methods to segment apple images from the black background, and then used a flooding algorithm and a snake algorithm to conduct the detection of apple fruit defects, thus the in-line detection of apple quality was realized. The lesion image segmentation method of the two apple fruit diseases based on circle fitting proposed in this study can realize the automatic segmentation of lesion images without human interaction. Even if the image background, such as a natural scene with soil, branches, and leaves, is complex, relatively accurate segmentation results can be obtained. Because the strategy of the lesion image segmentation method used in this study was to determine the apple fruit location firstly and then determine the lesion location, the method required that the apple fruits should occupy the main part of the whole image in order to accurately determine the apple fruit location. In this study, it was assumed that the lesions of ring rot and anthracnose on apple fruits were nearly circular, but in practice, two or more lesions may join together, resulting in a great difference between the lesion shape and a circle, which could make the used lesion segmentation method ineffective. In addition, an apple fruit itself is a 3D (three-dimension) object, and a lesion on its surface is a 3D curved surface. The acquired image of the apple fruit and lesion is the projection of the 3D curved surface on a 2D (two-dimension) plane, and an inappropriate camera shooting angle can seriously affect the near circularity after the projection. Therefore, in the process of image capture, the lesions on the apple fruits should be photographed from the front side as much as possible to ensure the accuracy of lesion image segmentation. Meanwhile, the applications of 3D image acquisition and processing technology to plant disease distinction and identification should be strengthened.

Extracted features from the segmented lesion images are the bases of disease image recognition. However, uneven illumination and illumination changes can affect the extracted image features. In this study, the MB-LBP operators were used to extract the texture features in different scales and to reduce the influence of image noise caused by the factors including uneven illumination and illumination changes and based on the extracted features, satisfactory distinction results of the two apple diseases were achieved by using both the SVM method and the random forest method. As a local texture descriptor, the LBP operator has been utilized in plant disease image recognition (Leiva-Valenzuela and Aguilera, 2013; Dubey and Jalal, 2014, 2016; Shrivastava et al., 2017; Araujo and Peixoto, 2019). It has been improved to new operators including CLBP (Dubey and Jalal, 2014, 2016), adaptive center-symmetric local binary patterns (Wang et al., 2016), and square symmetric local binary patterns (Shrivastava et al., 2017) for image recognition of plant diseases. In further studies, more improved LBP operators can be used to explore better feature extraction methods for disease image recognition.

Deep learning has been applied to plant disease image recognition (Tan et al., 2015; DeChant et al., 2017; Lu et al., 2017; Liu et al., 2018; Bansal et al., 2021; Caldeira et al., 2021; Chen et al., 2021; Trivedi et al., 2021; Narmadha et al., 2022). It can reduce image preprocessing operations and achieve satisfactory disease recognition results. Compared with the disease distinction method used in this study, the deep learning method requires a large number of artificially labeled image samples to achieve satisfactory results; otherwise, the trained deep learning model is easy to result in over-fitting and poor generalization ability. In addition, the interpretability of a deep learning model is poor, and it is difficult to determine the reason for a recognition error made by using the model. In this study, the proposed segmentation methods for the images of apple ring rot and apple anthracnose were designed based on visual cognition experiences of human beings, and the purpose of each step involved in the segmentation algorithm is interpretable. When the number of the obtained image samples for training is not enough to meet the requirement of deep learning, the developed method in this study can provide a feasible solution. In further studies, it is expected to explore a general end-to-end apple disease recognition solution based on deep learning and a more comprehensive apple disease image database.

In recent years, image processing and recognition techniques have been developed and applied in many fields such as automatic apple picking (Zhang et al., 2016; Tao and Zhou, 2017; Kang et al., 2020), non-destructive detection of apple fruit quality (Zou et al., 2010; Zhang et al., 2014; Li Y. F. et al., 2021), automatic apples grading (Huang and Fei, 2017; Bhargava and Bansal, 2021), and apple yield estimation (Qian et al., 2013; Li Z. J. et al., 2021). These techniques can be used as references to carry out automatic identification and diagnosis of apple diseases. Computer vision technology can be made full use of to improve the ability of image acquisition and processing and to realize online detection and recognition of apple diseases. Furthermore, the distinction and identification of apple diseases could be implemented by comprehensive utilization of various detection methods. Hyperspectral imaging technology has been used to detect bruises (Xing et al., 2005; Ferrari et al., 2015; Tan et al., 2018; Zhang and Li, 2018) and insect damage (Tian et al., 2015; Rady et al., 2017) on apple fruits. The advantages of hyperspectral imaging technology with the characteristic of combining images with spectra can be used to detect apple diseases (Jarolmasjed et al., 2018; Shuaibu et al., 2018; Solovchenko et al., 2021).

The symptoms of plant diseases may be different at the different growth stages. The images with the typical symptoms of the two apple fruits diseases were used in this study. Further studies on the image distinction and recognition of the two apple fruit diseases with atypical symptoms are needed. Moreover, besides the two apple fruit diseases (ring rot and anthracnose), there are other apple fruit diseases such as scab, fruit moldy core rot caused by Trichothecium roseum, and Phytophthora rot caused by Phytophthora cactorum (Li B. H. et al., 2013; Hu et al., 2016). The research on image recognition technology for various apple fruit diseases and the different development stages of the diseases should be strengthened. Specially, the research on the early monitoring and early diagnosis of apple fruit diseases based on image processing technology should be carried out for effective and early control of the diseases. An image database of various apple fruit diseases should be established, and the image recognition methods and recognition systems for the diseases should be developed based on image processing technology. With the development and popularity of smartphones, image acquisition becomes more convenient. Apps (mobile applications) related to plant diseases have been developed and applied in practice. Smartphone-based apple disease recognition systems have been reported (Qu et al., 2015), but usually there are a few kinds of apple diseases included, leading to limited applicability. Therefore, the research and development of Apps for image recognition of various fruit tree diseases should be carried out so that the disease recognition could be conducted in the fields and the problems of the recognition and diagnosis of plant diseases could be solved in time. Furthermore, disease image distinction and identification can be integrated into an apple production management system or an apple post-harvest grading system to better ensure apple production safety and apple product management.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



AUTHOR CONTRIBUTIONS

HGW contributed conception of the study. HGW and QF designed the experiments. QF, SW, HW, ZQ, and HGW performed the experiments. QF and HGW analyzed the data and wrote the draft of the manuscript. All authors contributed to manuscript revision, read, and approved the final version of the manuscript.



FUNDING

This work was supported in part by International Research Exchange Scheme of the Marie Curie Program of the 7th Framework Program (Ref. PIRSES-GA-2013-612659).



REFERENCES

Ahonen, T., Hadid, A., and Pietikäinen, M. (2006). Face description with local binary patterns: application to face recognition. IEEE Trans. Pattern Anal. 28, 2037–2041. doi: 10.1109/TPAMI.2006.244

Araujo, J. M. M., and Peixoto, Z. M. A. (2019). A new proposal for automatic identification of multiple soybean diseases. Comput. Electron. Agric. 167:105060. doi: 10.1016/j.compag.2019.105060

Bansal, P., Kumar, R., and Kumar, S. (2021). Disease detection in apple leaves using deep convolutional neural network. Agriculture 11:617. doi: 10.3390/agriculture11070617

Barbedo, J. G. A. (2014). An automatic method to detect and measure leaf disease symptoms using digital image processing. Plant Dis. 98, 1709–1716. doi: 10.1094/PDIS-03-14-0290-RE

Barbedo, J. G. A. (2016). A review on the main challenges in automatic plant disease identification based on visible range images. Biosyst. Eng. 144, 52–60. doi: 10.1016/j.biosystemseng.2016.01.017

Bhargava, A., and Bansal, A. (2021). Classification and grading of multiple varieties of apple fruit. Food Anal. Method 14, 1359–1368. doi: 10.1007/s12161-021-01970-0

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5–32. doi: 10.1023/A:1010933404324

Burges, C. J. C. (1998). A tutorial on support vector machines for pattern recognition. Data Min. Knowl. Disc. 2, 121–167. doi: 10.1023/A:1009715923555

Caldeira, R. F., Santiago, W. E., and Teruel, B. (2021). Identification of cotton leaf lesions using deep learning techniques. Sensors 21:3169. doi: 10.3390/s21093169

Camargo, A., and Smith, J. S. (2009). Image pattern classification for the identification of disease causing agents in plants. Comput. Electron. Agric. 66, 121–125. doi: 10.1016/j.compag.2009.01.003

Chang, C. C., and Lin, C. J. (2011). LIBSVM: a library for support vector machines. ACM Trans. Intel. Syst. Tech. 2, 1–27. doi: 10.1145/1961189.1961199

Chen, G. F., Zhao, S., Cao, L. Y., Fu, S. W., and Zhou, J. X. (2021). Corn plant disease recognition based on migration learning and convolutional neural network. Smart Agric. 1, 34–44. doi: 10.12133/j.smartag.2019.1.2.201812-SA007

Chen, X. S., Han, M. Y., Su, G. L., Liu, F. Z., Guo, G. N., Jiang, Y. M., et al. (2010). Discussion on today’s world apple industry trends and the suggestions on sustainable and efficient development of apple industry in China. J. Fruit Sci. 27, 598–604. doi: 10.13925/j.cnki.gsxb.2010.04.038

Chesmore, D., Bernard, T., Inman, A. J., and Bowyer, R. J. (2003). Image analysis for the identification of the quarantine pest Tilletia indica. Bull. OEPP 33, 495–499. doi: 10.1111/j.1365-2338.2003.00686.x

Cortes, C., and Vapnik, V. (1995). Support-vector networks. Mach. Learn. 20, 273–297. doi: 10.1023/A:1022627411411

DeChant, C., Wiesner-Hanks, T., Chen, S. Y., Stewart, E. L., Yosinski, J., Gore, M. A., et al. (2017). Automated identification of northern leaf blight-infected maize plants from field imagery using deep learning. Phytopathology 107, 1426–1432. doi: 10.1094/PHYTO-11-16-0417-R

Deng, G. Q., Wang, J. C., Yang, J., Liu, T., Li, D. S., and Sun, C. M. (2021). Identification of Fusarium head blight in wheat ears based on image and improved U-net model. J. Trit. Crops 41, 1432–1440. doi: 10.7606/j.issn.1009-1041.2021.11.14

Deng, J. Z., Li, M., Yuan, Z. B., Jin, J., and Huang, H. S. (2012). Feature extraction and classification of Tilletia diseases based on image recognition. Trans. Chin. Soc. Agric. Eng. 28, 172–176. doi: 10.3969/j.issn.1002-6819.2012.03.030

Dubey, S. R., and Jalal, A. S. (2014). Fusing color and texture cues to identify the fruit diseases using images. Int. J. Comput. Vis. Image Process. 4, 52–67. doi: 10.4018/ijcvip.2014040104

Dubey, S. R., and Jalal, A. S. (2016). Apple disease classification using color, texture and shape features from images. Signal Image Video Process. 10, 819–826. doi: 10.1007/s11760-015-0821-1

Ferrari, C., Foca, G., Calvini, R., and Ulrici, A. (2015). Fast exploration and classification of large hyperspectral image datasets for early bruise detection on apples. Chemomet. Intell. Lab. 146, 108–119. doi: 10.1016/j.chemolab.2015.05.016

Ganthaler, A., Losso, A., and Mayr, S. (2018). Using image analysis for quantitative assessment of needle bladder rust disease of Norway spruce. Plant Pathol. 67, 1122–1130. doi: 10.1111/ppa.12842

Gonzalez, R. C., and Woods, R. E. (2011). Digital Image Processing, 3rd Edn. Beijing: Publishing House of Electronics Industry.

Halidou, A., You, X. G., and Bogno, B. (2014). Pedestrian detection based on multi-block local binary pattern and biologically inspired feature. Comput. Inform. Sci. 7, 125–135. doi: 10.5539/cis.v7n1p125

Hu, Q. Y., Hu, T. L., Wang, Y. N., Wang, S. T., and Cao, K. Q. (2016). Survey on the occurrence and distribution of apple diseases in China. Plant Prot. 42, 175–179. doi: 10.3969/j.issn.0529-1542.2016.01032

Huang, C., and Fei, J. Y. (2017). Online apple grading based on decision fusion of image features. Trans. Chin. Soc. Agric. Eng. 33, 285–291. doi: 10.11975/j.issn.1002-6819.2017.01.039

Huo, Y. Q., Tang, J. L., Yin, X. Z., and Fang, Y. (2013). Apple disease recognition based on compressive sensing. Trans. Chin. Soc. Agric. Mach. 44, 227–232. doi: 10.6041/j.issn.1000-1298.2013.10.036

Jarolmasjed, S., Khot, L. R., and Sankaran, S. (2018). Hyperspectral imaging and spectrometry-derived spectral features for bitter pit detection in storage apples. Sensors 18:1561. doi: 10.3390/s18051561

Johannes, A., Picon, A., AlVarez-Gila, A., Echazarra, J., Rodriguez-Vaamonde, S., Navajas, A. D., et al. (2017). Automatic plant disease diagnosis using mobile capture devices, applied on a wheat use case. Comput. Electron. Agric. 138, 200–209. doi: 10.1016/j.compag.2017.04.013

Kainat, J., Ullah, S. S., Alharithi, F. S., Alroobaea, R., Hussain, S., and Nazir, S. (2021). Blended features classification of leaf-based cucumber disease using image processing techniques. Complexity 2021:9736179. doi: 10.1155/2021/9736179

Kang, H. W., Zhou, H. Y., and Chen, C. (2020). Visual perception and modeling for autonomous apple harvesting. IEEE Access 8, 62151–62163. doi: 10.1109/ACCESS.2020.2984556

Kang, M. J., Lee, J. K., and Kang, J. W. (2017). Combining random forest with multi-block local binary pattern feature selection for multiclass head pose estimation. PLoS One 12:e0180792. doi: 10.1371/journal.pone.0180792

Karanwal, S. (2021). A comparative study of 14 state of art descriptors for face recognition. Multimed. Tools Appl. 80, 12195–12234. doi: 10.1007/s11042-020-09833-2

Leiva-Valenzuela, G. A., and Aguilera, J. M. (2013). Automatic detection of orientation and diseases in blueberries using image analysis to improve their postharvest storage quality. Food Control 33, 166–173. doi: 10.1016/j.foodcont.2013.02.025

Li, B. H., Wang, C. X., and Dong, X. L. (2013). Research progress in apple diseases and problems in the disease management in China. Plant Prot. 39, 46–54. doi: 10.3969/j.issn.0529-1542.2013.05.007

Li, G. L., Ma, Z. H., and Wang, H. G. (2011). An automatic grading method of severity of single leaf infected with grape downy mildew based on image processing. J. China Agric. Univ. 16, 88–93. doi: 10.11841/j.issn.1007-4333.2011.06.014

Li, G. L., Ma, Z. H., and Wang, H. G. (2012). Image recognition of wheat stripe rust and wheat leaf rust based on support vector machine. J. China Agric. Univ. 17, 72–79. doi: 10.11841/j.issn.1007-4333.2012.02.013

Li, H. L., and He, D. J. (2013). Study on technology of restore and location of apples under occluded. J. Agric. Mech. Res. 35, 20–23. doi: 10.13427/j.cnki.njyi.2013.09.016

Li, X. L., Ma, Z. H., Bienvenido, F., Qin, F., Wang, H. G., and Alvarez-Bermejo, J. A. (2017). Development of automatic counting system for urediospores of wheat stripe rust based on image processing. Int. J. Agric. Biol. Eng. 10, 134–143. doi: 10.25165/j.ijabe.20171005.3084

Li, X. L., Ma, Z. H., Sun, Z. Y., and Wang, H. G. (2013). Automatic counting for trapped urediospores of Puccinia striiformis f. sp. tritici based on image processing. Trans. Chin. Soc. Agric. Eng. 29, 199–206. doi: 10.3969/j.issn.1002-6819.2013.02.028

Li, X. L., Ruan, Q. Q., Jin, Y., An, G. Y., and Zhao, R. Z. (2015). Fully automatic 3D facial expression recognition using polytypic multi-block local binary patterns. Signal Process. 108, 297–308. doi: 10.1016/j.sigpro.2014.09.033

Li, Y. F., Feng, X. Y., Liu, Y. D., and Han, X. C. (2021). Apple quality identification and classification by image processing based on convolutional neural networks. Sci. Rep. 11:16618. doi: 10.1038/s41598-021-96103-2

Li, Z. J., Yang, S. H., Shi, D. S., Liu, X. X., and Zheng, Y. J. (2021). Yield estimation method of apple tree based on improved lightweight YOLOv5. Smart Agric. 3, 100–114. doi: 10.12133/j.smartag.2021.3.2.202105-SA005

Liao, S. C., Zhu, X. X., Lei, Z., Zhang, L., and Li, S. Z. (2007). Learning multi-scale block local binary patterns for face recognition. Lect. Notes Comput. Sci. 4642, 828–837. doi: 10.1007/978-3-540-74549-5_87

Liu, B., Zhang, Y., He, D. J., and Li, Y. X. (2018). Identification of apple leaf diseases based on deep convolutional neural networks. Symmetry 10:11. doi: 10.3390/sym10010011

Lu, J. W., Liong, V. E., and Zhou, J. (2018). Simultaneous local binary feature learning and encoding for homogeneous and heterogeneous face recognition. IEEE Trans. Pattern Anal. 40, 1979–1993. doi: 10.1109/TPAMI.2017.2737538

Lu, Y., Yi, S. J., Zeng, N. Y., Liu, Y. R., and Zhang, Y. (2017). Identification of rice diseases using deep convolutional neural networks. Neurocomputing 267, 378–384. doi: 10.1016/j.neucom.2017.06.023

Nachtigall, L. G., Araujo, R. M., and Nachtigall, G. R. (2017). Use of images of leaves and fruits of apple trees for automatic identification of symptoms of diseases and nutritional disorders. Int. J. Monit. Surveill. Tech. Res. 5, 1–14. doi: 10.4018/IJMSTR.2017040101

Nanni, L., Lumini, A., and Brahnam, S. (2012). Survey on LBP based texture descriptors for image classification. Expert Syst. Appl. 39, 3634–3641. doi: 10.1016/j.eswa.2011.09.054

Narmadha, R. P., Sengottaiyan, N., and Kavitha, R. J. (2022). Deep transfer learning based rice plant disease detection model. Intell. Autom. Soft Comput. 31, 1257–1271. doi: 10.32604/iasc.2022.020679

Oberti, R., Marchi, M., Tirelli, P., Calcante, A., Iriti, M., and Borghese, A. N. (2014). Automatic detection of powdery mildew on grapevine leaves by image analysis: optimal view-angle range to increase the sensitivity. Comput. Electron. Agric. 104, 1–8. doi: 10.1016/j.compag.2014.03.001

Ojala, T., Pietikäinen, M., and Harwood, D. (1996). A comparative study of texture measures with classification based on feature distributions. Pattern Recogn. 29, 51–59. doi: 10.1016/0031-3203(95)00067-4

Omrani, E., Khoshnevisan, B., Shamshirband, S., Saboohi, H., Anuar, N. B., and Nasir, M. H. N. M. (2014). Potential of radial basis function-based support vector regression for apple disease detection. Measurement 55, 512–519. doi: 10.1016/j.measurement.2014.05.033

Ortega-Sánchez, N., Rodríguez-Esparza, E., Oliva, D., Pérez-Cisneros, M., Mohamed, A. W., Dhiman, G., et al. (2022). Identification of apple diseases in digital images by using the Gaining-sharing knowledge-based algorithm for multilevel thresholding. Soft Comput. 26, 2587–2623. doi: 10.1007/s00500-021-06418-5

Panda, R., Puhan, N. B., Rao, A., Padhy, D., and Panda, G. (2018). Automated retinal nerve fiber layer defect detection using fundus imaging in glaucoma. Comput. Med. Imag. Grap. 66, 56–65. doi: 10.1016/j.compmedimag.2018.02.006

Phadikar, S., Sil, J., and Das, A. K. (2013). Rice diseases classification using feature selection and rule generation techniques. Comput. Electron. Agric. 90, 76–85. doi: 10.1016/j.compag.2012.11.001

Pires, R. D. L., Gonçalves, D. N., Oruê, J. P. M., Kanashiro, W. E. S., Rodrigues, J. F., Machado, B. B., et al. (2016). Local descriptors for soybean disease recognition. Comput. Electron. Agric. 125, 48–55. doi: 10.1016/j.compag.2016.04.032

Powers, D. M. W. (2011). Evaluation: from precision, recall and F-measure to ROC, informedness, markedness & correlation. J. Mach. Learn. Tech. 2, 37–63.

Pydipati, R., Burks, T. F., and Lee, W. S. (2006). Identification of citrus disease using color texture features and discriminant analysis. Comput. Electron. Agric. 52, 49–59. doi: 10.1016/j.compag.2006.01.004

Qian, J. P., Li, M., Yang, X. T., Wu, B. G., Zhang, Y., and Wang, Y. A. (2013). Yield estimation model of single tree of Fuji apples based on bilateral image identification. Trans. Chin. Soc. Agric. Eng. 29, 132–138. doi: 10.3969/j.issn.1002-6819.2013.11.017

Qin, F., Liu, D. X., Sun, B. D., Ruan, L., Ma, Z. H., and Wang, H. G. (2016). Identification of alfalfa leaf diseases using image recognition technology. PLoS One 11:e0168274. doi: 10.1371/journal.pone.0168274

Qu, Y., Tao, B., Wang, Z. J., and Wang, S. T. (2015). Design of apple leaf disease recognition system based on Android. J. Agric. Univ. Hebei 38, 102–106. doi: 10.13320/j.cnki.jauh.2015.0144

Rady, A., Ekramirad, N., Adedeji, A. A., Li, M., and Alimardani, R. (2017). Hyperspectral imaging for detection of codling moth infestation in GoldRush apples. Postharvest Biol. Technol. 129, 37–44. doi: 10.1016/j.postharvbio.2017.03.007

Sankaran, S., Maja, J. M., Buchanon, S., and Ehsani, R. (2013). Huanglongbing (citrus greening) detection using visible, near infrared and thermal imaging techniques. Sensors 13, 2117–2130. doi: 10.3390/s130202117

Sankaran, S., Mishra, A., Ehsani, R., and Davis, C. (2010). A review of advanced techniques for detecting plant diseases. Comput. Electron. Agric. 72, 1–13. doi: 10.1016/j.compag.2010.02.007

Shrivastava, S., Singh, S. K., and Hooda, D. S. (2015). Color sensing and image processing-based automatic soybean plant foliar disease severity detection and estimation. Multimed. Tools Appl. 74, 11467–11484. doi: 10.1007/s11042-014-2239-0

Shrivastava, S., Singh, S. K., and Hooda, D. S. (2017). Soybean plant foliar disease detection using image retrieval approaches. Multimed. Tools Appl. 76, 26647–26674. doi: 10.1007/s11042-016-4191-7

Shuaibu, M., Lee, W. S., Schueller, J., Gader, P., Hong, Y. K., and Kim, S. (2018). Unsupervised hyperspectral band selection for apple Marssonina blotch detection. Comput. Electron. Agric. 148, 45–53. doi: 10.1016/j.compag.2017.09.038

Solovchenko, A., Dorokhov, A., Shurygin, B., Nikolenko, A., Velichko, V., Smirnov, I., et al. (2021). Linking tissue damage to hyperspectral reflectance for non-invasive monitoring of apple fruit in orchards. Plants 10:310. doi: 10.3390/plants10020310

Tan, W. X., Zhao, C. J., Wu, H. R., and Gao, R. H. (2015). A deep learning network for recognizing fruit pathologic images based on flexible momentum. Trans. Chin. Soc. Agric. Mach. 46, 20–25. doi: 10.6041/j.issn.1000-1298.2015.01.004

Tan, W. Y., Sun, L. J., Yang, F., Che, W. K., Ye, D. D., Zhang, D., et al. (2018). Study on bruising degree classification of apples using hyperspectral imaging and GS-SVM. Optik 154, 581–592. doi: 10.1016/j.ijleo.2017.10.090

Tao, Y. T., and Zhou, J. (2017). Automatic apple recognition based on the fusion of color and 3D feature for robotic fruit picking. Comput. Electron. Agric. 142, 388–396. doi: 10.1016/j.compag.2017.09.019

Tian, Y. W., Cheng, Y., Wang, X. Q., and Liu, S. J. (2015). Recognition method of insect damage and stem/calyx on apple based on hyperspectral imaging. Trans. Chin. Soc. Agric. Eng. 31, 325–331. doi: 10.3969/j.issn.1002-6819.2015.04.046

Tian, Y. W., Li, T. L., Li, C. H., Piao, Z. L., Sun, G. K., and Wang, B. (2007). Method for recognition of grape disease based on support vector machine. Trans. Chin. Soc. Agric. Eng. 23, 175–180. doi: 10.3321/j.issn:1002-6819.2007.06.034

Trivedi, N. K., Gautam, V., Anand, A., Aljahdali, H. M., Villar, S. G., Anand, D., et al. (2021). Early detection and classification of tomato leaf disease using high-performance deep neural network. Sensors 21:7987. doi: 10.3390/s21237987

Vakilian, K. A., and Massah, J. (2013). An artificial neural network approach to identify fungal diseases of cucumber (Cucumis sativus L.) plants using digital image processing. Arch. Phytopathol. Plant Prot. 46, 1580–1588. doi: 10.1080/03235408.2013.772321

Vieira, R. A., Mesquini, R. M., Silva, C. N., Hata, F. T., Tessmann, D. J., and Scapim, C. A. (2014). A new diagrammatic scale for the assessment of northern corn leaf blight. Crop Prot. 56, 55–57. doi: 10.1016/j.cropro.2011.04.018

Vishnoi, V. K., Kumar, K., and Kumar, B. (2021). Plant disease detection using computational intelligence and image processing. J. Plant Dis. Protect. 128, 19–53. doi: 10.1007/s41348-020-00368-0

Wang, X. F., Zhang, S. W., and Kong, W. W. (2016). Adaptive center-symmetric local binary patterns for crop disease recognition. Guangdong Agric. Sci. 43, 140–145. doi: 10.16768/j.issn.1004-874X.2016.09.021

Wang, X. P., Huang, T., Tan, W. X., Wu, H. R., and Sun, C. (2015). Apple lesion image recognition method based on convolutional network. Comput. Eng. 41, 293–298. doi: 10.3969/j.issn.1000-3428.2015.12.055

Wang, Y., Chen, D. R., Shen, M. L., and Wu, G. (2008). Watershed segmentation based on morphological gradient reconstruction and marker extraction. J. Image Graph. 13, 2176–2180. doi: 10.11834/jig.20081119

Wang, Y. F., Mao, H. P., Zhang, X. D., Liu, Y., and Du, X. X. (2021). A rapid detection method for tomato gray mold spores in greenhouse based on microfluidic chip enrichment and lens-less diffraction image processing. Foods 10:3011. doi: 10.3390/foods10123011

Xing, J., Bravo, C., Jancsok, P. T., Ramon, H., and Baerdemaeker, J. D. (2005). Detecting bruises on ‘Golden Delicious’ apples using hyperspectral imaging with multiple wavebands. Biosyst. Eng. 90, 27–36. doi: 10.1016/j.biosystemseng.2004.08.002

Yamamoto, K., Togami, T., and Yamaguchi, N. (2017). Super-resolution of plant disease images for the acceleration of image-based phenotyping and vigor diagnosis in agriculture. Sensors 17:2557. doi: 10.3390/s17112557

Yang, B., and Chen, S. C. (2013). A comparative study on local binary pattern (LBP) based face recognition: LBP histogram versus LBP image. Neurocomputing 120, 365–379. doi: 10.1016/j.neucom.2012.10.032

Yin, X. Z., He, D. J., and Huo, Y. Q. (2012). The intelligent identification methods of apple fruit’s disease in nature outdoors based on low-resolution image. J. Agric. Mech. Res. 34, 29–32. doi: 10.13427/j.cnki.njyi.2012.10.016

Zhang, B., Su, J. X., Zhang, W. W., Deng, M. H., and Wang, X. Z. (2016). Design for apple-picking robot of intelligent recognition based on laser vision. J. Agric. Mech. Res. 38, 60–64. doi: 10.13427/j.cnki.njyi.2016.07.012

Zhang, B. H., Huang, W. Q., Li, J. B., Zhao, C. J., Liu, C. L., and Huang, D. F. (2014). On-line identification of defect on apples using lightness correction and AdaBoost methods. Trans. Chin. Soc. Agric. Mach. 45, 221–226. doi: 10.6041/j.issn.1000-1298.2014.06.034

Zhang, C. L., Zhang, S. W., Yang, J. C., Shi, Y. C., and Chen, J. (2017). Apple leaf disease identification using genetic algorithm and correlation based feature selection method. Int. J. Agr. Biol. Eng. 10, 74–83. doi: 10.3965/j.ijabe.20171002.2166

Zhang, L., Chu, R. F., Xiang, S. M., Liao, S. C., and Li, S. Z. (2007). Face detection based on multi-block LBP representation. Lect. Notes Comput. Sci. 4642, 11–18. doi: 10.1007/978-3-540-74549-5_2

Zhang, M., and Li, G. H. (2018). Visual detection of apple bruises using AdaBoost algorithm and hyperspectral imaging. Int. J. Food Prop. 21, 1598–1607. doi: 10.1080/10942912.2018.1503299

Zhang, Q., and Wang, Z. L. (2009). Mastering MATLAB Image Processing. Beijing: Publishing House of Electronics Industry.

Zhang, S. W., Wu, X. W., You, Z. H., and Zhang, L. Q. (2017). Leaf image based cucumber disease recognition using sparse representation classification. Comput. Electron. Agric. 134, 135–141. doi: 10.1016/j.compag.2017.01.014

Zhang, Z., Ni, H. X., Yuan, C. M., and Yang, L. H. (2013). Mastering MATLAB Digital Image Processing and Recognition. Beijing: Posts & Telecom Press.

Zhu, J. H., Wu, A., Wang, X. S., and Zhang, H. (2020). Identification of grape diseases using image analysis and BP neural networks. Multimed. Tools Appl. 79, 14539–14551. doi: 10.1007/s11042-018-7092-0

Zou, X. B., Zhao, J. W., Li, Y. X., and Holmes, M. (2010). In-line detection of apple defects using three color cameras system. Comput. Electron. Agric. 70, 129–134. doi: 10.1016/j.compag.2009.09.014


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Feng, Wang, Wang, Qin and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fpls-13-884891-i001.jpg





OPS/images/fpls-13-884891-i000.jpg





OPS/images/fpls-13-884891-g003.jpg





OPS/images/fpls-13-884891-e000.jpg
@

b

B
ox

a
g+ =

oG
ox

aR
oy

ox





OPS/images/fpls-13-884891-g004.jpg





OPS/images/fpls-13-884891-g001.jpg
Image acquisition

| Image preprocessing ‘

Lesion segmentation using circle
fitting method

Transformation of color space

|
|

¢
< e !
- g v i
3. £ !
g Calculation of LBP histogram |
vector |

|
g Optimization of feature |
0 combination !
B ¢ !
= I
=3 . ) :
g Determination of the optimal :
S model |






OPS/images/fpls-13-884891-e002.jpg
3)

&ux





OPS/images/fpls-13-884891-g002.jpg
Calculate the average






OPS/images/fpls-13-884891-e001.jpg
aR oG oB
v=—r+—g+—b
y  eyS dy

@





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Circle Fitting Based Image Segmentation and Multi-Scale Block Local Binary Pattern Based Distinction of Ring Rot and Anthracnose on Apple Fruits



		INTRODUCTION



		MATERIALS AND METHODS



		Acquisition of Disease Images



		Image Preprocessing



		Image Scaling



		Color Image Contrast Stretching



		Morphological Opening and Closing by Reconstruction Operations







		Lesion Image Segmentation



		Extraction of Local Binary Pattern Histogram Features From the Segmented Lesion Images



		Disease Distinction Model Building Based on Local Binary Pattern Histogram Features of the Segmented Lesion Images







		RESULTS



		Results of Image Preprocessing and Image Segmentation



		Distinction Results of the Support Vector Machine Models Based on the Local Binary Pattern Histogram Features



		Distinction Results of the Random Forest Models Based on the Local Binary Pattern Histogram Features







		DISCUSSION AND CONCLUSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		REFERENCES

















OPS/images/fpls-13-884891-t001.jpg
Image dataset Lesion segmentation method Recall Precision

Score
Mean Median Mean Median Mean Median
Image dataset of apple ring rot Lesion segmentation method 1 0.93 0.99 0.82 0.95 0.93 0.95
Lesion segmentation method 2 0.81 0.89 0.93 0.96 0.87 0.93
Image dataset of apple anthracnose Lesion segmentation method 1 0.95 1.00 0.94 0.897 0.94 0.97
Lesion segmentation method 2 0.91 0.99 0.96 0.97 0.93 0.97
Aggregated image dataset Lesion segmentation method 1 0.94 0.99 0.93 0.96 0.93 0.96
Lesion segmentation method 2 0.86 0.96 0.95 0.97 0.90 0.95

Aggregated image dataset was obtained after aggregation of the two image datasets of apple ring rot and apple anthracnose.
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Feature The optimal parameters of Distinction Distinction
SVM model accuracy of the accuracy of the
training set/% testing set/%

Chest Obest
R1 21.112 0.082 93.90 90.24
G1 2.297 0.144 80.49 70.73
B1 0.758 0.250 78.05 60.98
R1G1 2.297 0.144 92.68 85.37
R1B1 28192 0.047 96.34 92.68
G1B1 588.134 0.005 96.34 73.17
R1G1B1 194.012 0.016 100.00 87.80
R2 1.320 2.297 100.00 70.73
G2 2.297 0.435 96.34 58.54
B2 0.758 0.250 75.61 65.85
R2G2 111.430 0.005 95.12 80.49
R2B2 1.320 0.082 87.80 82.93
G2B2 0.758 0.144 78.05 68.29
R2G2B2 1.320 0.082 90.24 80.49
R3 2.297 2.297 100.00 7317
G3 337.794 0.003 90.24 58.54
B3 28192 0.027 90.24 68.29
R3G3 2.297 0.250 98.78 75.61
R3B3 21.112 0.027 96.34 82.93
G3B3 64 0.047 100.00 58.54
R3G3B3 4 0.082 97.56 75.61

R1 represents the LBP histogram feature of the gray image of the R component
of the lesion image filtered by the MB1-LBP operator; R2 represents the LBP
histogram feature of the gray image of the R component of the lesion image filtered
by the MB,-LBP operator; R1G1 represents the combination of R1 and G1; the
rest features’ implication could be deduced by analogy.
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Feature The optimal parameters Distinction Distinction
of SVM model accuracy of the accuracy of the
training set/%  testing set/%

Chest Ybest
HA1 0.758 0.082 69.51 68.29
S1 111.430 0.016 82.93 82.93
1 2.297 0.758 96.34 78.05
H1S1 6.964 0.016 75.61 82.93
H11 2.297 0.047 79.27 78.05
S11 0.435 0.144 78.05 78.05
H1S111 0.435 0.082 75.81 80.49
H2 2.297 0.144 78.05 75.61
S2 337.794 0.005 89.02 46.34
12 0.758 0.250 79.27 68.29
H2S82 4.000 0.250 100.00 70.73
H212 0.758 0.144 81.71 80.49
S22 1.320 0.082 81.71 75.61
H2S212 0.758 0.250 92.68 80.49
H3 6.964 0.027 75.61 70.73
S3 0.758 0.758 93.90 63.41
13 21412 0.002 62.20 65.85
H3S3 1.320 0.144 90.24 75.61
H3I3 1.320 0.435 98.78 82.93
S313 1.320 0.758 100.00 70.73
H3S3I3 1.320 0.435 100.00 78.05

H1 represents the LBP histogram feature of the gray image of the H component
of the lesion image filtered by the MB4-LBP operator; H2 represents the LBP
histogram feature of the gray image of the H component of the lesion image filtered
by the MB,-LBP operator; H1S1 represents the combination of H1 and S1; the
rest features’ implication could be deduced by analogy.
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Feature The optimal Distinction Distinction

parameters of SVM accuracy of the accuracy of the
model training set/%  testing set/%
Chest Obest

L1 12.126 0.435 100.00 7317
al 2.297 1.320 100.00 65.854
b1 1.320 0.758 96.34 80.49
L1al 12.126 0.144 100.00 95.12
L1b1 2.297 0.250 97.56 85.37
albl 2.297 0.758 100.00 70.73
L1a1b1 6.964 0.082 100.00 87.80
L2 1.320 0.758 95.12 63.41

a2 36.758 0.009 80.49 70.73
b2 1.320 0.144 84.15 75.61

L2a2 0.758 0.435 96.34 7317
L2b2 0.758 0.250 90.24 7317
a2b2 36.758 0.027 98.78 65.85
L2a2b2 1.320 0.082 95.12 78.05
L3 111.480 0.047 98.78 58.54
a3 337.794 0.009 91.46 56.10
b3 6.964 0.082 91.46 75.61

L3a3 1.320 0.435 100.00 70.73
L3b3 1.320 0.435 100.00 80.49
a3b3 0.758 0.144 87.80 78.05
L.3a3b3 1.320 0.144 98.78 80.49

L7 represents the LBP histogram feature of the gray image of the L component
of the lesion image filtered by the MB4-LBP operator; L2 represents the LBP
histogram feature of the gray image of the " component of the lesion image filtered
by the MBs-LBP operator; L1a1 represents the combination of L1 and a1; the rest
features’ implication could be deduced by analogy.
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Feature The number of decision Distinction Distinction
trees built by the best accuracy of the accuracy of the

random forest model training set/% testing set/%
R1 90 100.00 87.80
G1 60 100.00 75.61
B1 100 100.00 75.61
R1G1 60 100.00 85.37
R1B1 30 100.00 90.24
G1B1 80 100.00 80.49
R1G1B1 50 100.00 87.80
R2 90 100.00 78.05
G2 10 98.78 75.61
B2 20 100.00 63.41
R2G2 20 98.78 7317
R2B2 60 100.00 82.93
G2B2 10 97.56 7317
R2G2B2 90 100.00 82.93
R3 100 100.00 80.49
G3 70 100.00 7317
B3 50 100.00 7317
R3G3 60 100.00 80.49
R3B3 90 100.00 75.61
G3B3 90 100.00 7317
R3G3B3 50 100.00 75.61

R1 represents the LBP histogram feature of the gray image of the R component
of the lesion image filtered by the MB1-LBP operator; R2 represents the LBP
histogram feature of the gray image of the R component of the lesion image filtered
by the MB2-LBP operator; R1G1 represents the combination of R1 and G1; the
rest features’ implication could be deduced by analogy.
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Feature The number of decision Distinction Distinction
trees built by the best accuracy of the accuracy of the

random forest model training set/% testing set/%
H1 90 100.00 70.73
S1 30 100.00 78.05
11 70 100.00 78.05
H131 60 100.00 85.37
H111 50 100.00 80.49
S11 50 100.00 82.93
H1S111 90 100.00 85.37
H2 20 100.00 75.61
S2 40 100.00 82.93
12 40 100.00 7317
H2S2 90 100.00 78.05
H212 60 100.00 82.93
S212 60 100.00 75.61
H23212 90 100.00 80.49
H3 70 100.00 w37
S3 20 100.00 70.73
13 80 100.00 85.37
H3S3 60 100.00 80.49
H3I3 100 100.00 85.37
S3I13 50 100.00 80.49
H3S3I3 70 100.00 82.93

H1 represents the LBP histogram feature of the gray image of the H component
of the lesion image filtered by the MB4-LBP operator; H2 represents the LBP
histogram feature of the gray image of the H component of the lesion image filtered
by the MBs-LBP operator; H1S1 represents the combination of H1 and S1; the
rest features’ implication could be deduced by analogy.
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Feature The number of decision Distinction Distinction
trees built by the best accuracy of the accuracy of the

random forest model training set/% testing set/%
L1 30 100.00 80.49
al 60 100.00 75.61
b1 100 100.00 78.05
L1al 60 100.00 82.93
L1b1 70 100.00 85.37
albi 40 100.00 80.49
L1aib1 60 100.00 82.93
L2 10 97.56 70.73
a2 60 100.00 82.93
b2 80 100.00 78.05
L2a2 40 100.00 80.49
L2b2 30 100.00 80.49
a2b2 50 100.00 80.49
L2a2b2 70 100.00 80.49
L3 60 100.00 w37
a3 20 100.00 80.49
b3 60 100.00 80.49
L.3a3 30 100.00 85.37
L3b3 100 100.00 82.93
a3b3 30 100.00 80.49
.3a3b3 80 100.00 87.80

L1 represents the LBP histogram feature of the gray image of the L" component
of the lesion image filtered by the MB4-LBP operator; L2 represents the LBP
histogram feature of the gray image of the L component of the lesion image filtered
by the MB»-LBP operator; L1a1 represents the combination of L1 and a1, the rest
features’ implication could be deduced by analogy.
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