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Abstract 

Citrus is an essential fruit which is primarily grown in the tropical regions 

of the country because of its health benefits like vitamin C and other vital 

nutrients. The productivity of the citrus fruit is highly degraded by citrus 

diseases that considerably reduce the fruit quality and cause economic loss 

to the framers. In recent years, Internet of Things (IoT), image processing, 

and computer vision techniques are widely utilized for detecting and 

classifying plant diseases. Earlier identification of citrus fruit diseases 

assists to prevent the spreading of diseases which reduces the financial loss 

to the farmers. Therefore, this paper presents an IoT enabled efficient deep  

 learning (DL) enabled VGG-19 with fuzzy support vector machine (FSVM) 

model, called DLVGG19-FSVM for citrus fruit disease detection and 

classification technique. The DLVGG19-FSVM model involves different 

stages of operations namely image acquisition, preprocessing, segmentation, 

feature extraction, and classification. Primarily, IoT devices is used to  
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capture the citrus fruit image from the farmland. Then, Gaussian filtering 

(GF) technique is applied as a preprocessing technique to extract the noise 

that exists in the input image. In addition, the DLVGG19-FSVM model 

involves optimal Otsu thresholding technique with a beetle swarm 

optimization (OT-BSO) algorithm for segmentation process. Moreover, the 

DL based VGG-19 based feature extractor and FSVM based classifier are 

applied to determine the appropriate class labels of the input citrus fruit 

image. A complete experimental analysis is performed on Citrus Disease 

Image Gallery Dataset and the experimental outcomes ensured the higher 

classification performance of the DLVGG19-FSVM model over the 

compared methods.   
 

 
Keywords: Citrus fruits, Agriculture, Crop productivity, Disease 

identification, Machine learning, deep learning 

 

 

1 Introduction 
 

Plant disease is the most commonly available problem which 

straightaway decreases the quality of agriculture production. The 

identification and classification of plant lesions are the major processes 

involved to improve the quality of plant production for economic 

development [1]. It is one of the highest class of “Rutaceae” family and is a 

highly exportable product in the globe. However, the citrus plant is highly 

popular among many kinds like grapefruit, limes, orange, lemons, and citrons 

fruit. The citrus plants are affected by lesions like citrus canker and black 

spots [2]. Subsequently, the nutritional values of fruits and vegetables are 

highly related to several health care benefits and reduce the risk of diseases 

[3]. Citrus fruit comprises fiber, vitamin, and minerals like limonoid, 

carotenoid, and flavonoid, that represent the existence of healthier biological 

activity. The citrus fruit contains anti mutagenic and antioxidant properties. 

Regarding citrus disease, various methods have been implemented to 

detect citrus lesions like saliency, edge detection, clustering, watershed, 

thresholding, active contour, and so on. But the identification task remains 

approximately similar in every method. To this end, the image needs to 

follow four main stages involving preprocessing, segmentation, feature  

extraction, and classification. The preprocessing stage could be used in 

agricultural science for the succeeding objectives: (1) To recognize the fruit, 

stem, and leaf disease in citrus plant; (2) To identify the disease area in citrus 

plant; (3) To leave the color and shape of affected region in citrus plant; (4) 

In order to detect the outcome for citrus disease. The segmentation method 

comprises of separating an image as to several areas that have a certain 

significance and also it is used for extracting the feature of an image [4]. The 
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noted image features denote the color, shape, texture, and motion relevant 

features. The classes are used to categorize the input data into different 

groups.   

Distinct feature extraction and segmentation methods like Principal 

Component Analysis (PCA), wavelet transform, Gabor filter threshold, edge, 

and region based techniques are presented in [5]. The removal of 

segmentation and background methods are denoted in [6]. To remove the 

background, they used color segmentation by green pixel covering and later 

employed the Otsu thresholding method on affected image. They extracted 

the texture, color, and shape features and later utilizes Support Vector 

Machine (SVM) classification with respect to accuracy for the variety of 

diseases. Ten kinds of plant diseases like sunburn, sooty mold early, and late 

blight, late scorch, bacterial and fungal spot, and so on are identified in [7]. 

The texture features comprised of contrast, cluster shade energy, prominence, 

and homogeneity are recognized by SVM for variety of diseases. Assuming 

the drawbacks in current literature, they introduced a detailed taxonomy of 

citrus disease involving segmentation, preprocessing, feature extraction, FS, 

and classification, with their problem, pros, and cons. Similarly, it has 

identified the gap among the presented techniques to enhance classification 

accuracy. 

Machine learning (ML) and deep learning (DL) techniques obtain more 

consideration in recent years and attained capable outcomes on huge datasets. 

The DL techniques are powerfully employed in many ML applications like 

agriculture, medical imaging, and video surveillance. In agricultural field, the 

DL models exhibit better efficiency with respect to accuracy and 

performance on huge dataset. The DL technique is equivalent to Artificial 

Neural Network (ANN) approach that offers hierarchal explanation of 

information in form of complexity. Additionally, the DL method decreases 

the error rate and resolves the difficult challenges in an effective manner. The 

DL method comprises many layers namely convolutional layer, pooling 

layer, Rectified Linear Units (ReLU) layer, fully connected (FC) layer, and 

normalization layer. In [8], the researchers presented a Convolutional Neural 

Network (CNN) based methods like GoogleNet, AlexNetOWTBn, AlexNet, 

and overfeat. The AlexNetOWTBn technique performed well when 

compared to other approaches by means of class accuracy. 

This paper presents an IoT enabled efficient DL enabled VGG-19 with 

fuzzy support vector machine (FSVM) model, called DLVGG19-FSVM for 

citrus fruit disease detection and classification technique. The DLVGG19- 

FSVM model encompasses diverse processes such as image acquisition, 

preprocessing, segmentation, feature extraction, and classification. 

Principally, IoT sensors are used to capture the citrus fruit image. Gaussian 

filtering (GF) technique is applied as a preprocessing technique to extract the 

noise that exists in the input image. Besides, the DLVGG19-FSVM model  
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involves optimal Otsu thresholding technique with a beetle swarm 

optimization (OT-BSO) algorithm for segmentation process. Furthermore,the 

DL based VGG-19 based feature extractor and FSVM based classifier are 

used to compute the proper class labels of the input citrus fruit image. A 

wide-ranging experimental analysis is accomplished on Citrus Disease Image 

Gallery Dataset and the results are investigated in different dimensions. 

 

 

2 Literature Review 
 

Banni and SKSVMACET [9] dedicated the Bi-Level Thresholding 

method for segmenting the disease regions in citrus leaf. Several citrus leaf 

images are gathered from the plant such as orange, grapefruit, and lemon. 

The features are extracted by Gray Level Co-occurrence Matrix (GLCM) 

method and frame Hidden Markov method to categorize the diseases. Behera 

et al. [10] customized the Multiclass SVM to categorize the disease in the 

Orange fruit. The K-means clustering technique is utilized for segmenting 

disease regions whereas features are extracted by the GLCM method. The 

seriousness of the disease is evaluated by Fuzzy logic (FL). 

[11] employed the K-means clustering method for extracting the disease 

region in citrus fruit image whereas the texture, geometric, and color features 

are extracting. Then, the similarity gets decreased by PCA technique. The 

extracted features are provided to SVM approach for categorizing the 

disease. The datasets contain 190 disease citrus fruit instances. The 

efficiency of the presented technique is related to the k-Nearest Neighbor 

(KNN) classification. The ANN and SVM classification is utilized to 

categorize the citrus fruit disease in [12]. The K-means clustering method 

extracts the diseased regions from the leaf image. Ji et al. [13] presented a 

CNN technique with united model to detect grape leaf disease. The united 

model involves the hybridization of ResNet 50 framework and Inception V3 

model for extracting the features of the grape leaf image. The efficiency of 

CNN technique with united Model is related to several CNN frameworks like 

GoogleNet, ResNet, VGGNet, and DenseNet. 

Adeel et al. [14] presented a Canonical Correlation Analysis (CCA) 

method to detect optimum feature from the grape leaf image and multi SVM 

is adjusted to the classifier. During the preprocessing phase, the Local 

Contrast Haze Reduction (LCHR) is utilized to improve the contrast of the 

disease region. The presented technique is tested through the plant village 

datasets. Aravind et al. [15] employed the CNN technique with Alexnet by 

transfer learning method for extracting features from the grape leaves. The 

projected CNN method with Alexnet framework utilizes five Convolution 

layers, 1 softmax layer, two dropout layers, three normalization layers, and 

seven ReLU, for extracting the features. The extracted features are employed 

for the Multi-SVM technique to categorize the diseases. Jaisakthi et al. [16] 
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dedicated the approaches of Random Forest (RF,) SVM and Adaboost to 

detect grape leaf diseases. The background of grape leaf images is extracted 

by graph cut technique. Singh et al. [17] employed SVM, Linear 

Discriminant Analysis (LDA), KNN, and Multi-Layer Perceptron (MLP) 

methods to categorize the citrus leaf diseases. 

 

3 The DLVGG19-FSVM Model 
 

The overall working principle involved in the DLVGG19-FSVM model 

is illustrated in Fig. 1. The figure demonstrates that the presented 

DLVGG19-FSVM model includes the noise removal process by means of 

GF technique which eradicates the noise in the citrus fruit image and thus 

improvises the image quality. Then, the diseased regions in the image are 

recognized by OT-BSO algorithm. At that time, the VGG-19 model gets 

executed to determine the feature vectors and finally, FSVM method is 

implemented to classify the suitable class labels of the applied citrus fruits. 

 

 
                  
     Fig. 1. Overall working process of DLVGG19-FSVM model 
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3.1 Image Pre-processing 
 
 

The citrus fruit images captured by the IoT sensors are preprocessed to 

raise the image quality. The two-dimensional GF is extremely utilized for 

smoothing and noise extraction. The convolutional operators are the 

Gaussian operators and the knowledge of Gaussian smoothing is attained by 

convolutional operation. The Gaussian operator in one-dimensional is 

provided as: 

 

       

   ( )  
 

√   
  (

  

   
)                                              ( ) 

 

 

A better smoothing filter of the images are localized in both spatial as well as 

frequency domains, so, it fulfills the subsequent criteria as follows: 
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The Gaussian operator in two-dimensional space is provided as [18]: 
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where σ represents the SD of Gaussian function. When it takes huge value, 

the image smoothing result is superior. (x,y) refers the Cartesian coordinates 

of an image that illustrate the dimensional of window. 

 

3.2 Image Segmentation using OT-BSO Algorithm 
 

Once the image is pre-processed, the OT-BSO algorithm is applied to 

segment the diseased and non-diseased portions that exist in the citrus fruit 

image. The Otsu is named as the maximal difference among clusters. An  
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image histogram as basis and maximal difference among target as well as 

background chosen condition, this technique attained an optimal threshold in 

several cases. An image whose grayscale ranges are *         + separated 

for target as well as background by threshold  . The probabilities of 

grayscale   are   . The probabilities of target are   ( )  ∑   
 
     The 

probabilities of background are   ( )  ∑   
   
       The mean target is 

  ( )  ∑    
 
       The mean background is   ( )  ∑    

   
          The 

equation of difference among the 2 parts is represented by   ( )  

  ( )  ( )(  ( )    ( ))
 
  An optimal threshold   creates the difference 

maximal value. Thus, the multi‐threshold segmentation can be defined as 

follows: 
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An optimal threshold   
    

      
  generate the entire difference maximal as 

represented in [19]: 
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The Otsu based multi‐threshold segmentation technique can be summarized 

as an optimization issue with the optimal thresholds   
    

      
   

In order to determine the optimal threshold values for Otsu technique, the 

BSO algorithm is employed. In BSO technique, all beetles denote a possible 

solution to the optimized problem, and all beetles corresponding to fitness 

value are determined by a FF. Identical to the PSO technique, the beetle also 

allocates data, but the direction and distance of the beetles are defined by the 

speed and intensity of the data can be identified by longer antennae. 

mathematical expression, it borrowed the concept of PSO technique. The 

population of n beetles can be denoted as X=(X_1,X_2, ,X_n ) in an S  
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dimension searching space, in which i th beetle denotes S dimensional vector 

X_i=(x_i1,x_i2, ,x_iS )^T, indicates the position of i th beetle in S 

dimension searching space, and denotes a possible solution to the problem. 

Based on the target function, the fitness value of every beetle location is 

estimated. The speed of i th beetle is indicated as    (             )
 . 

The separate extremity of the beetle is denoted as 

   (             )
      group extreme value of population is indicated 

as    (             )
 

. The mathematical method to simulate its 

performance is represented by: 

    
   
       

      
  (   )   

                             ( ) 
 

where                          represents the present iteration 

count.    denotes speed of beetle, and    _is indicates raise in beetle location 

motion. λ denotes positive constant. Later, the speed equation is given by: 
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 )      (   
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where   and c_2 represents 2 positive constants, and r_1 and r_2 indicates 2 

random functions in the range [0, 1]. ω denotes inertia weight. In the 

standard PSO technique, ω represents fixed constant, however with moderate 

enhancement of the technique, several researchers have presented an 

alternate inertia factor approach. It accepts the approach of reducing inertia 

weight, and the equation is given by: 
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Where      and     correspondingly denotes minimal and maximal 

values of ω. k and K represent present and maximal iteration count. The 

maximal value of ω is fixed into 0.9, and minimal value is fixed into 0.4, thus 

the technique can search a higher range at the starting of evolution and detect 

optimum solution areas without delay. Since ω decreases gradually, the 

beetle speed also reduces and later arrives local search. The ξ function that 

determines estimation the incremental function: 
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In this phase, it expands to a maximum dimension and δ represents step size. 

The search performance of the right and left antenna are correspondingly 

given by: 
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To denote the search path more visibly, it utilized a smaller population 

size and displayed the position variation task of 10 iterations in three-

dimensional space. Due to this factor like step length and inertial weight 

coefficient are reducing in the iterative process, the technique would not 

convergent to the targeted point very fast, therefore it avoids the group falls 

into local optimal. The BSO technique has initiated a set of arbitrary 

solutions. At every iteration, the search agent upgrades its position depending 

upon its individual search method and currently available optimum solution. 

The integration of these two portions cannot accelerate the population 

iterations speed, however, it also decreases the possibility of population falls 

into the local optimal that exhibit maximum stability when handling higher 

dimension problems. In this concept, the BSO technique involves 

exploitation and exploration capabilities, therefore it is belonging to global 

optimization. Moreover, the linear integration of speed and beetle search 

improves the quickness and accuracy of the population optimization and it 

exhibits maximum stability. 

 

 
3.3 Feature Extraction 
 

In this stage, the feature vectors of the pre-processed citrus fruit image 

are extracted by the use of VGG-19 model. VGG-19 network [20] accepts 

the concept of modular design and develops a „„5 + 3‟‟ form, that involves 

five convolution components and three FC layers. The initial and secondary 

convolution of all components comprises 1 pooling and 2 convolution layers 

including 5 convolutional modules and 3 FC layers. Every convolutional 

layer is linked to the ReLU activation function. The architecture of VGG-19 

is display in Fig. 2. 
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                      Fig. 2. Architecture of VGG-19 model 

 

 

3.4 Image Classification 
 

The deep feature vectors extracted by the VGG19 model are fed as input 

to FSVM model to detect and classify the fruit diseases. The classical SVM 

has assumed every data point with equivalent significance and allocated the 

identical penal variable in the objective function. But the real word data (i.e., 

sample point) comprises noisy elements or outlier points which might not be 

properly allocated to any of the classes. For addressing this issue, the concept 

of FSVM is designed [21]. The fuzzy membership to all sample points is 

presented in such a way that the distinct samples offer distinct contributions 

to the decision surface. Let the training sample points are defined by 

 

    
  *(        )        +                                  (  ) 

 

 

where     
  indicates the  -dimensional sample points,    

*     + denotes the classes, and   (       ) is a fuzzy membership 

that fulfills the        with a satisfactorily small constant     .  Re-

quadratic optimization issue for classification can be represented as: 
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where   is a normal vector of the separating hyperplane,   is a bias element, 

and   is a variable which has to be computed earlier for managing the  
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tradeoff among the classification margin and the misclassification error. As 

  is the attitude of the equivalent point      in the direction of 1-class and the 

slack variable   are error metric and the component        is determined as an 

error metric with distinct weights. When the value of    is high, the 

respective point is considerably handled and vice versa. So, the FSVM model 

determines an effective hyperplane by the maximization of the margin by 

allowing few misclassifications of low significant points. 

For solving the FSM optimal issue, Eq. (12) is converted into a dual 

problem through the use of Lagrangian multiplier   : 
      

    ∑  

 

   

 
 

 
∑∑  

 

   

 

   

                                                 (  ) 

 

         

    ∑  

 

   

                       

 

 

By resolving the dual issue given in (12) for optimum      and   can be 

achieved as same as classical SVM.   

 

4 Performance Validation 
 

The presented DLVGG19-FSVM model is simulated using Python 3.4.5 

tool and the results are examined under Plant Village dataset. Few sample 

citrus fruit images are depicted in Fig. 3.  
                              
 

 
 

 

 

 

 

 

 

 

    

   

                                 Fig. 3. Sample Images 
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The most common disease identified by the domain experts and 

researchers are Greening, Black spot, Canker, Scab. This dataset holds a set 

of 150 images of healthy and unhealthy citrus fruits. 

Fig. 4 visualizes the sample pre-processed results of the citrus fruit 

image. Fig. 4a illustrates the sample citrus fruit test image and its pre-

processed version is shown in Fig. 4b. 

 

 

                 
                        

                      Fig. 4. (a) Original Image (b) Preprocessed Image 

 

Fig. 5 demonstrates the confusion matrix generated by the DLVGG19-

FSVM model on the classification of different citrus fruit images. The figure 

portrayed that the DLVGG19-FSVM model has identified a set of 18 images 

under Blackspot, 76 images under Canker, 14 images under Greening, 20 

images under Healthy, and 14 images under Scab. The values in the 

confusion matrix are manipulated in the form of TP, TN, FP, and FN in 

Table 1. 
            Table 1 Manipulations from Confusion Matrix of Proposed DLVGG19-

FSVM 

Labels  Blackspot Canker Greening Healthy Scab 

TP 18 76 14 20 14 

FN 1 2 2 2 1 

FP 2 1 1 1 3 

TN 129 71 133 127 132 
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                   Fig. 5. Confusion Matrix of Proposed DLVGG19-FSVM 

 

 

 

Table 2 and Fig. 6 examine the classification result analysis of the 

DLVGG19-FSVM model on the applied dataset. The DLVGG19-FSVM 

model has classified the blackspot disease with a sensitivity of 0.947, 

specificity of 0.985, precision of 0.9, accuracy of 0.980, and F-score of 

0.923. Besides, the DLVGG19-FSVM method has classified the canker 

disease with a sensitivity of 0.974, specificity of 0.986, precision of 0.987, 

accuracy of 0.980, and F-score of 0.981. 

 
Table 2 Performance on distinct classes of citrus fruits for presented DLVGG19-

FSVM Model 

Measures Blackspot Canker Greening Healthy Scab Average 

Sensitivity 0.947 0.974 0.875 0.909 0.933 0.928 

Specificity 0.985 0.986 0.993 0.992 0.978 0.987 

Precision 0.900 0.987 0.933 0.952 0.824 0.919 

Accuracy 0.980 0.980 0.980 0.980 0.973 0.979 

F-score 0.923 0.981 0.903 0.930 0.875 0.922 
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         Fig. 6. Result analysis of DLVGG19-FSVM model 

 

Along with that, the DLVGG19-FSVM technique has classified the 

Greening disease with a sensitivity of 0.875, specificity of 0.993, precision of 

0.933, accuracy of 0.980, and F-score of 0.903. Likewise, the DLVGG19-

FSVM approach has classified the healthy disease with a sensitivity of 0.909, 

specificity of 0.992, precision of 0.952, accuracy of 0.980, and F-score of 

0.930. Moreover, the DLVGG19-FSVM methodology has classified the scab 

disease with a sensitivity of 0.933, specificity of 0.978, precision of 0.824, 

accuracy of 0.973, and F-score of 0.875. 

A brief comparative results analysis of the DLVGG19-FSVM model 

with other existing methods take place in Table 3 and Fig. 7. The 

experimental values stated that the LDA model has offered lower 

classification accuracy of 93.50%. Likewise, the W-KNN approach has 

resulted in a somewhat increased accuracy of 93.80%. 

 
Table 3 Results analysis of proposed DLVGG19-FSVM with existing methods 

 

Methods Accuracy 

DLVGG19-FSVM 97.90 

M-SVM 95.80 

W-KNN 93.80 

EBT 94.50 

DT 94.50 

LDA 93.50 
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Fig. 7. Accuracy analysis of DLVGG19-FSVM model with existing techniques 

 

 

Meanwhile, the EBT and DT techniques have exhibited equivalent 

accuracy of 94.50%. Eventually, the M-SVM method has demonstrated 

reasonable accuracy of 95.8%. At last, the DLVGG19-FSVM algorithm has 

surpassed all the other methods by offering a maximum accuracy of 97.90%. 

 

5 Conclusions 
 

This paper has devised an effective DLVGG19-FSVM model for 

detecting and classifying citrus fruit diseases. The IoT devices are used for 

the acquisition of citrus fruit images. The presented DLVGG19-FSVM 

model incorporates the noise removal process using GF technique which 

removes the noise in the citrus fruit image and thereby improvises the image 

quality. Followed by, the infected regions in the image are identified by the 

use of OT-BSO algorithm. Then, the VGG-19 model gets executed to 

determine the feature vectors and finally, FSVM method is applied for 

identifying the appropriate class labels of the applied citrus fruits. A detailed 

simulation analysis on the applied Plant Village dataset portrayed the 

improved detection performance of the DLVGG19-FSVM model interms of 

different aspects. In future, the detection efficacy can be further improvised 

by the use of advanced DL architectures with hyperparameter optimization 

techniques. 
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