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Abstract 

 

Plant diseases are difficult to control in the face of the challenge of detecting disease 

at the right time in terms of as early as possible to reduce loss and obtain the highest 

possible production. The present work shows the development of an 

implementation and a system computational to detect diseases in tomato plants 

based on pattern recognition and image analysis. The diseases to consider are late 

blight, mosaic virus, and sheet by Septoria. 
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1. Introduction 

      Within the ranking of the most devastating diseases for tomato crops due to its 

high incidence and severity is constituted by late blight [1, 2]. In addition to being 

a permanent threat for causing epithets, it is considered the most devastating disease 

in tomato crops due to the losses obtained between the 40% and 70% [3]. The 

pathogen is transmitted through tomato seeds and can survive in the form of 

mycelium attacking leaves, stems and fruit, and can destroy the crop within 1 or 2 

weeks [4]. Their first symptoms appear on leaves with necrotic areas (dead tissues) 

surrounded by an electro white, which enlarge to form reddish-dark lesions that can 

surround the stems and kill the foliage at the end of the branches. For its worldwide 

control, one to three are invested annually trillions of dollars [4, 5]. On the other 

hand, the tomato mosaic virus is distributed throughout the world and causes 

damage to tomato crops both protected and outdoors [6]. On the other hand, a One 

of the most common foliar diseases is Septoria leaf spot, which is caused by fungal 

pathogen Septoria Lycopersici [7, 8]. The disease has a high degree of contagion if 

you do not have the necessary care as the spores can be spread by sprinkling 

irrigation, rain splashes, the hands, the clothes of the gatherers, the insects like the 

beetles and the agricultural tools. 

 

      According to "Agricultures" [9], a network of specialists in agriculture 

worldwide, until 2016, the Existing method for detecting diseases in plants was 

solely through observation. Currently, the advancement of technology in the area 

of computer vision has allowed the human being develop increasingly complete 

applications in various fields of research, such as in the case of topathology, where 

computer systems have been developed that allow the detection of various diseases 

in plants. For example, Plantix [10] is a system in development that allows the 

detection of pests in diverse crops through patterns on the leaves. The system also 

offers information on treatments and suggestions for coping with plant disease. The 

system uses algorithms based in machine learning to process optical patterns and 

detect disease. Plagapp [11] is a system under development that allows the name of 

the analyzed pest to be detected and reported, providing data on its size, ways to 

eradicate it, and life and reproduction cycles. Makes use of thresholding methods, 

morphological operators such as opening and closing, and uses the Bayesian 

classifier. On the other hand, also Research studies have been developed where 

various methodologies have been published to counteract diseases in plants such as 

the work shown by Bahrambeygi et. to the. [12] where they use the K-NN classifier 

with 57 spectral vegetation indices (SVI) captured through a spectral sensor high 

resolution laptop with the purpose of detecting tomato leaves with multiple diseases 

in different stages, including the early or asymptomatic stage. Guo et. to the. [13] 

use transformation of the color space, considers luminosity and chromaticity that 

houses all the colors used (red-green and blue-yellow). For the classification they 

make use of grouping through k-means. Yi-Chung et. to the. [14] present an 

automated approach to the detection of whitefly pests, for this they make use of k-

means to segment pests on infected leaves. Make use of level run length array gray  
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level (GLRLM) and gray level co-occurrence matrix (GLCM) for feature 

extraction. 

 

      In this work a methodology is proposed that allows the detection of three 

diseases in leaves tomato (late blight, mosaic virus and Septoria leaf spot). The 

methodology makes use of methods in the spatial domain for the segmentation of 

diseases, uses statistical descriptors of texture and color for the extraction of 

characteristics, and various classifiers are used for the recognition of diseases. 

 

 

  2. Theoretical Framework 

2.1 Images 

      Digital images are made up of picture elements called pixels. These pixels are 

organized in an ordered rectangular matrix whose size corresponds to the size of 

the image. For refer to a particular pixel, one usually refers to the position (x, y) that 

the value occupies that corresponds to him within the matrix. The corresponding 

value is the intensity or brightness value of the pixel in that position. It is in the type 

of intensity used for each pixel that the types of the image vary. The Black and 

white images only have gray intensities from dark (black) to lightest (white), while 

color images have intensity from the darkest and lightest in the intensities of red, 

green, and blue color. The color model of black and white images is known as 

images in grayscale, while the color model as RGB model [15]. 

      2.2 Preprocessing 

      It is the stage that consists of improving the images used to improve the results 

expected. The algorithms used for this work were the conversion to gray scale, 

negative of the image and filter the mean. 

 

      2.3 Segmentation 

      Segmentation consists of dividing the image into regions or elements until the 

regions of interest are isolated with respect to the rest of the image [15], in other 

words, the objective of segmentation is to separate the objects interest of the rest 

not relevant known as fund. The level of subdivision carried out would depend on 

the problem and that of the input images. 

      2.4 Histogram 

      Plotting the number of times (frequency of occurrence) in which each of the 

levels of grays of a pixel in an image is called a histogram. Each of the levels is 

placed on the X axis grayscale of the image, and on the Y axis the frequency of 

appearance of each of these levels [15]. 
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Fig. 1: Preprocessing filters. 

 

      2.5 Binarization by threshold detection 

      To separate images from the background and obtain binary images, where the 

area to be analyzed is enclosed in black, it is regularly resorted to selecting a 

threshold T that separates the dominant intensities so that given a pixel (x, y) for 

which f(x, y) > T would be a pixel of the object, otherwise it would be part of the 

background or environment. Since the threshold value has a range between 0 and 

255 considered images with the model 24-bit RGB, then to obtain the optimal 

threshold, the Otsu method [16] is used. 

      2.6 Connected components 

      A connected component in essence consists of grouping pixels from the same 

region by assigning them the same label. To clarify the definition of a connected 

component, consider 8-connectivity. People say that a pixel p is connected by 8-

connectivity to a pixel q, if p is one of its 8 neighbors adjacent to q. A path from  
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pixel p to pixel q is a sequence of pixels r0, ri ,…, rk such that r0 = p, rk = q and the 

pixel ri is connected by 8-connectivity to pixel ri+1 for every 0 ≤ i ≤ k. A region S of 

an image is a connected component if for each pair of pixels p, q in S, there is a 

path from p to q where each pixel that defines the path is also in S [17]. 

      2.7 Color models 

      A color model is a coordinate system and a subspace where each color is 

represented for a single point [15]. Among the most used models for image 

processing is the RGB and HSV model, among others. The HSV model color codes 

with the attributes used to distinguish one color from another such as hue, 

saturation, and intensity. 

      2.8 Texture and color descriptors 

      The texture can be defined as the repetition of a basic pattern that can be regular 

or irregular, deterministic, or statistically regular. Depending on the pattern that the 

object represents, they are selected the methods that allow obtaining the most 

relevant information about the object [18, 19]. One of the approaches with the one 

that can treat both the texture and the color of an image, is the statistical one. The 

advantage of using statistical methods is that they allow to interpret data whose 

characteristic is variability that is why it is usually used for both texture and color 

[20]. 

     3. Proposed model 

      Given a color image, the RGB model was used to convert it to grayscale, then 

it was applied the negative operator and the mean operator, so far, the preprocessing 

stage is considered. For the segmentation stage was binarized using the optimal 

Otsu threshold and then all the connected components of the Otsu result, from 

which the component with the largest area corresponds to the section of the sheet, 

what remains then is to fill in the entire area with the largest area. Finally, the image 

is obtained segmented color by performing and operation between the color image 

and the binarized image. The Image 2 shows the result of the segmentation applied 

to a color image of a tomato plant. 

Once the tomato leaf has been segmented, the next module corresponds to the 

extraction of characteristics, for this, statistical methods were used to obtain the 

descriptors of color and texture from the co-occurrence matrix in texture and RGB 

channels in color. The statistical moments for the color descriptors used were those 

of the first, second, third and fourth order, that is, the mean, standard deviation, 

skewness, and kurtosis. These descriptors were applied to each of RGB color 

channels, obtaining a total of 12 characteristics. On the other hand, the descriptors 

statistics for texture were mean, standard deviation, correlation, entropy, 

dissimilarity, the contrast, the homogeneity, the energy, and the maximum proba- 
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bility, obtaining 9 more characteristics. It is that is, between the texture and color 

descriptors, there are a total of 21 characteristics. Figure 3 shows the characteristics 

used and the corresponding abbreviation that would be used when using algorithms 

classification. 

 

Fig. 2: Proposed model. 

      

 

Fig. 3: Texture and color descriptors. 

     For the classification module were used, the K-NN model, the perceptron neural 

network model multilayer (ANN), vector support machines (SVM), Random Forest 

and Naive Bayes taking into account different sizes of feature vectors constructed 

from features obtained by the color and texture descriptors. 
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    4. Experiments and Results 

     In this work the Plant Village image bank [21] was used. Plant Village is a 

repository of open access to more than 70,000 images of different diseases in 

different types of plants. In it is for the most part, the images were captured by 

various cell phone cameras in a controlled environment with a resolution of 0.1 

megapixels. For this work, 160 images of late blight were considered, 160 images 

of mosaic virus and 160 of Septoria leaf spot. Each of the images are I apply the 

methodology that allows to obtain the segmentation of the tomato leaves. For the 

extraction of characteristics, various combinations of the characteristics obtained 

through the descriptors were used of texture and color, obtaining a maximum of 21 

characteristics. Various relationships between the training set and the test set, for 

example, one of the relationships used was the 80/20, this means that 80% was used 

as a training set to build the classifier, and 20% as a test set. For the classification 

module, the classifiers were used following: K-NN, the multilayer perceptron 

neural network (ANN) model, SVM, Random Forest, and Naïve Bayes. For the 

case of the K-NN model, different values of k were used, for the neural network 

model, they used two hidden layers, different kernel types were used for the SVM 

classifier and for Random Forest 100, 200 and 300 trees were used. The models 

were compared via the accuracy obtained. The Tables in figures 4, 5, 6, 7 and 8 

show the results obtained with the algorithms K-NN, ANN, Random Forest, SVM 

and Naive Bayes, respectively. 

 

 

Fig. 4: Results of the K-NN classifier. 

 

Fig. 5: Results of the ANN classifier. 
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Fig. 6: Results of the Random Forest classifier. 

 

 

Fig. 7: Results of the SVM classifier. 

 

 

Fig. 8: Results of the Naive Bayes classifier. 

    5. Conclusions 

     In this work, a methodology was presented that allows the classification of 

diseases in worksheets tomato. The Plant Village free access image bank was used. 

From this data bank, three types of tomato leaf diseases: late blight, mosaic virus 

and tomato leaf spot Septoria. 160 images of each of the diseases were used. The 

methodology proposal It consists in the first instance in the preprocessing of the 

images for improvement, and both as the segmentation, methods based on the  
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spatial domain were used. Once the images, texture and color descriptors were used 

to generate the feature vectors. The Characteristic vectors were constructed by 

combining the characteristics generated by the descriptors, in such a way that a 

vector of characteristics was made up of at most 21 characteristics. The 

Classification model used were: K-NN, ANN, SVM, Random Forest and Naive 

Bayes. The models were trained with different relationships between the training 

set and the test set, in addition to different arguments depending on the classifier 

model. The models were compared via accuracy. Figures 4, 5, 6, 7 and 8 show the 

results obtained by the classifiers. It is observed that K-NN obtains better results 

with the 80/20 relationship, with k = 3 and 12 characteristics, obtaining an accuracy 

of 0.853. On the other hand, with ANN, the highest accuracy of 0.899 was obtained 

with a 90/10 ratio, with two hidden layers and 18 features. Random Forest obtained 

the highest accuracy of 0.907 with the 90/10 ratio, 100 trees and 18 features. SVM 

got the best results of 0.898 with ratio 80/20, kernel rbf and 12 characteristics, 

finally Naive Bayes performed better with the 80/20 ratio and 18 characteristics 

generating an accuracy of 0.804. Hence, Random Forest generated the best results 

with the 90/10 and 80/20 ratio. The proposed methodology can be extended to other 

diseases present in various leaves of vegetables. 
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