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ABSTRACT 

Plant diseases affect the development of every species, henceforth early location is basic. Many AI (ML) models 

have been utilized to recognize and arrange plant ailments, yet advancements in profound learning (DL), a subset of ML; 

have worked on the precision of this field of research. It seems promising. To detect and classify plant disease symptoms, 

various types of DL architectures are developed/modified, as well as different imaging techniques used. In addition, these 

architectures/techniques are evaluated using different performance criteria. This study gives an exhaustive portrayal of the 

DL models that are utilized to describe various plant diseases. In addition, several research gaps are highlighted, whereby 

better transparency can be achieved for the identification of plant diseases, even before the onset of symptoms. 
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1. INTRODUCTION 

Deep Learning (DL) is a subclass of Machine 

Learning (ML), which began in 1943 with the use of 

threshold logic to develop a computer model that closely 

resembled a human biological path. This research topic is 

still evolving, and it can be divided into two time periods: 

1943–2006 and 2012–present. Several improvements, such 

as the backpropagation chain rule and handwritten text 

recognition, were made during the first phase (LeNET 

architecture) [1], It was observed that and solves the 

training problem [2]. However, in the second phase, 

cutting-edge algorithms and structures were created for a 

variety of applications, including self-driving cars, the 

healthcare sector, text recognition, earthquake forecasts, 

marketing, finance, and image recognition. AlexNet, 

which won the ImageNet Large Scale Image Identification 

Challenge (ILSVRC) for object recognition in 2012, is 

regarded as a milestone in the field of deep learning. 

Following that, numerous architectures were developed to 

address the previously identified flaws. Various 

performance metrics have been used to evaluate these 

algorithms/architectures. Top1%/top5% error, accuracy 

and recall, F1 score, training/validation accuracy and loss, 

and classification accuracy are the most important factors 

among these measures. Several phases are necessary for 

the development of DL models, ranging from dataset 

gathering to visualization mappings. 

After the launch of AlexNet, many modern DL 

models/architectures for image detection, segmentation, 

and classification emerged. This section details the work 

that has been done to identify and classify plant diseases 

using well-known DL architectures. In addition, new 

visualization approaches and modified/improved versions 

of the DL architecture have been developed in a number of 

related works to produce better results. The PlantVillage 

collection, which comprises 54,306 photos of 14 distinct 

crops with 26 plant diseases, has been the most commonly 

used of them all. They also employed a variety of 

performance criteria to assess the selected DL models, 

which are listed below. 

 

2. MODELS USED FOR TRAINING AND TESTING 
As indicated by different research articles, 

new/altered DL structures were introduced to get better 

plant illness location/straightforwardness, for example, 

GoogLeNet and Cifar10 further developed models, and 

their exhibition contrasted with AlexNet and VGG. 

Further developed renditions of these state-of-the-art 

models were found to have a striking precision of 98.9%. 

In contrast with GoogLeNet, SVM, VGG-16, AlexNet, 

ResNet-20, and models, a clever DL model was 

acquainted with getting the better precise ID of plant 

infections. For diagnosing apple plant infections, our 

model had a 97.62 percent precision rate. The dataset is 

likewise extended in 13 alternate ways (90°, 180°, 270° 

revolutions, reflecting balance (even balance), and 

adjusting differentiation, sharpness, and splendor). 

Besides, the dataset was blessed to receive both Gaussian 

and PCA clamor. 

Besides, diagrams were utilized to explain the 

dataset determination and to show the significance of 

extending the dataset. As far as exactness, CNN's LeafNet, 

a clever tea leaf sickness order model, outperforms 

Support Vector Machine (SVM) and MultiLayer 

Perceptron models (MLP). Two DL models have been 

created: altered MobileNet and decreased MobileNet, the 

two of which perform much the same way as the VGG 

model. The diminished MobileNet model accomplishes 

order precision of 98.34% and has fewer boundaries than 

VGG, saving time while preparing the model. Crop 

illnesses offer a high-level DL model that is shockingly 

reasonable for the mind-boggling climate of an agrarian 

locale. A cutting-edge CNN model known as the VGG 

origin design was utilized to a group and distinguish five 

kinds of apple infections in [3]. It beat different DL 

structures, including AlexNet, GoogLeNet, numerous 
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forms of ResNet, and VGG. It likewise has highlighted for 

bury object/class ID and enactment perception, as well as 

a reasonable image of plant infections. 

 

Table-1. Comparing modern deep learning models. 
 

DL Models Parameters Key Features and Pros/Cons 

LeNet 60k 
The CNN model is the first. In comparison to other CNN models, 

there are fewer parameters. Calculation power is limited. 

AlexNet 60M 

The first CNN in the modern era. At the time, it had the best picture 

recognition performance. ReLU was used to improve performance. 

To avoid overfitting, the dropout approach was applied. 

VGG 133M-144M 

More non-linearity functions were examined in 3X 3 receptive 

fields, making decision functions discriminative. Due to the 

enormous number of parameters, the model is computationally 

demanding. 

GoogLeNet 7M 
There are fewer parameters than in the AlexNet model. It was more 

accurate at the time. 

ResNet 25.5M 
The problem of vanishing gradients was addressed. VGG and 

GoogLeNet models are more accurate. 

DenseNet 7.1M 
There are a lot of links between the levels. The number of 

parameters has been reduced, and the precision has improved. 

SqueezeNet 1.25M 

With 50 times less parameters, AlexNet achieves similar accuracy. 

Instead of 3 X3 filters, consider 1 X1 filters. The number of input 

channels has been reduced. Convolution layer activation maps with 

a lot of detail 

MobileNet 4.2M 

Consider the concept of depth-wise separable convolution. 

Parameters were drastically reduced. Accuracy comparable to VGG 

and GoogLeNet 

Modified/Reduced 

MobileNet 
0.5/0.54M 

In comparison to MobileNet, there are less parameters. When 

compared to MobileNet, the accuracy is comparable. 

  

3. IMPLEMENTATION OF TRAINING AND  

    TESTING THE DATASET 
In [4,] CNN was used to classify illnesses in 

maize, and the relevance of the model was demonstrated 

using the histogram technique. [5] Employed basic CNN 

architectures such as GoogLeNet,ResNet, and AlexNet to 

diagnose tomato leaf diseases. The training/validation 

accuracy was displayed to indicate the model's 

performance; ResNet was deemed the best of the CNN 

architectures. LeNet architecture was used to detect 

diseases on banana leaves, CA and F1score were used to 

evaluate the model in Color and Grayscale mode [6]. [7] 

Used five CNN architectures: the AlexNet, AlexNeWtron, 

GoogLeNet, Overfeat, and VGG designs, VGG 

outperformed all others. The Super-Resolution 

Convolutional Neural Network (SRCNN) was used to 

replace the old plant disease recognition and classification 

approach in [8]. The AlexNet and SqueezeNet v1.1 

models were employed to classify tomato plant disease, 

with AlexNet proving to be the more accurate DL model. 

[9]. [10] presented a comparative analysis to determine the 

optimum DL design for detecting plant illnesses. 

Furthermore, six tomato plant illnesses were diagnosed 

using AlexNet and VGG-16 DL architectures in [11], and 

classification accuracy was used to offer a detailed 

comparison. No visualization tool was used in the above 

procedures to detect disease symptoms in the plants. 
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Approaches follow used DL models/architectures 

as well as visualization tools to gain better knowledge of 

plant diseases. Similarly, [12] used the publicly available 

PlantVillage dataset to trainAlexNet and GoogLeNet CNN 

architectures. The whole exhibition was surveyed utilizing 

accuracy (P), F1 score, review (R), and normal accuracy. 

The consideration of 3 situations (shading, grayscale, and 

divided) for perusing generally speaking execution gauges 

and assessing the 2 notable CNN designs made these 

compositions stick out. GoogLeNet outperformed 

AlexNet, according to the results. In addition, activating 

visualization in the initial layers clearly shows diseased 

areas. To detect olive plant illnesses, a modified LeNet 

model was employed in [13]. The diseased plants were 

identified using segmentation and edges maps. [14] tested 

the accuracy of Random Forest, Assistant Machine, and 

AlexNet models in detecting four diseases in cucumbers. 

In addition, image segmentation methods have been 

applied to visualize disease symptoms on crops. 

 

 
 

In [15], a new DL model called the 

teacher/student network was introduced, along with a 

unique visualization method for identifying plant disease 

areas. In [16], three CNN models (ResNet50, InceptionV2, 

and MobileNetV1) with Faster RCNN and SSD detectors 

were used to identify banana leaf diseases and pests. 

According to [17], several CNN combinations were used, 

and heat maps were used as input to the photographs of the 

damaged plants, as well as the likelihood of a given illness 

happening. The ROC curve also evaluates the model's 

performance. In addition, the research included feature 

maps for rice disease. [18] used the LeNet model to detect 

and categorize illnesses in soybean plants.[19] compared 

the designs of AlexNet and GoogLeNet for tomato plant 

ailments, and GoogLeNet outperformed AlexNet while 

also including occlusion tactics to differentiate disease 

zones.[20] implemented VGGFCN and VGG CNN models 

to identify cassava diseases and display the characteristics 

of each block. The VGGCNN model was used to identify 

Fusarium wilt on turnips in [21], and the K Means 

clustering method was used to represent the lesions. To 

detect the illness in cucumbers, CNN presented a semantic 

segmentation approach [22]. In [23], relationship 

coefficient and DL models, for example, AlexNet and 

VGG16 designs were proposed as a high-level 

representation procedure. 

 

RESULTS AND DISCUSSIONS 

Leaf disease detection was done with several pre-

trained models. These models give accuracy more but out 

of those models AlexNet gave more accurate results. The 

performance of the models on the plant village dataset has 

shown in the below table. 
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Table-2. Comparison of several DL approaches on different performance measures. 
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The accuracy and loss have changes in every 

model's performance; the below graphs show the variation 

in the train and validation data. Based on the architecture 

of various convolutional models. 

 

 
 

Figure-1. Resnet18 accuracy and loss. 
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Figure-2. Resnet50 accuracy and loss. 

 

 
 

Figure-3. Alexie accuracy and loss. 

 

 
 

Figure-4. Google net accuracy and loss. 

 

 

 

 

 
 

Figure-5. VGG16 accuracy and loss. 

 

 
 

Figure-6. Densenet121 accuracy and loss. 

 

4. CONCLUSIONS 
This review explains DL approaches to plant 

disease detection. In addition, several 

visualization/mapping strategies for recognizing disease 

symptoms have been summarised. In spite of colossal 

improvement throughout the last three to four years, there 

are still research gaps as recorded underneath: 
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In most of the examinations, the Plant Village 

dataset was utilized to survey the exactness and execution 

of the pertinent DL models/designs (as nitty-gritty in past 

segments). This dataset has a plain/simple background, 

despite the fact that it contains several photographs of their 

damaged plants. However, in order to create a realistic 

situation, the actual environment must be taken into 

account. Super near/multifocal imaging is a new technique 

that has been employed in a variety of studies. 

Accordingly, it ought to be joined with productive DL 

designs to recognize plant sicknesses even before side 

effects show up. Costs can be saved by avoiding the 

unnecessary use of fungicides/pesticides/herbicides, so 

more efficient methods for visualizing plant lesions need 

to be introduced. Because plant disease severity varies 

over time, the DL model must be enhanced or updated to 

allow for disease detection and categorization during the 

development cycle. The DL model/design should be viable 

in an assortment of lighting conditions, consequently, the 

dataset ought to contain photos gathered in an assortment 

of field situations notwithstanding the real scene. To get 

the components that impact the ID of plant diseases, for 

example, dataset type and size, learning rate, and lighting, 

more research is required. 
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