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Abstract — Deep Learning has gained massive attention in 

the academia for their trans-formative ability in creating a 

self- learning AI process in the fields of computer vision, 

trend prediction and natural-language-processing by utilizing 

neural networks which have been inspired by observing the 

workings of the human brain. Developed nations witness a 

trend shift where populations employed in agriculture drops 

from 60% to under 25% because of modernization. India is 

currently observing this trend of reduced agricultural 

participation from its population, a natural occurrence from 

when a country moves from a developing to a developed 

state. According to a report from the Ministry of Agriculture 

& Farmers Welfare. Since 2001, over 7.7 million farmers 

have quit farming and have shifted to urban occupations. 

From the latest consensus data on average, over 2,000 farmers 

quit the status of “Main Cultivator” every single day in India. 

This project aims to create a convolutional neural network 

capable of identifying plant types and the state of the plant 

i.e. its accompanying affliction if any which may negatively 

impact its yield, utilizing the recent and effective techniques 

acknowledged and published in the academia as a mean to 

assist the inexperienced workforce in an attempt to upend the 

lack of generational farming knowledge passed down through 

the centuries between farmers, reduce workforce training 

time and prevent catastrophic agricultural and financial 

failures. Utilizing dense net connections, convolution, and 

pooling; this project has created and trained a neural network 

model for over 50 epoch cycles until satisfactory to reach 

over 90% levels of accuracy with validation data. 

Keywords: CNN, Data Augmentation, Dense Net, Image 

Classification, Plant Disease 

I. INTRODUCTION 

Early plant disease detection plays a significant role in 

efficient crop yield. Diseases such as black measles, rot, 

blight, bacterial spot, etc. affect the growth and crop quality 

of plants. Even if a yield was attained with some losses, the 

ultimate amount capable of satisfying the AGMARK 

(Agricultural  

 Mark) standards of Indian DMI (Directorate of 

Marketing and Inspection) is negatively impacted thus 

reducing the maximum marketable quota causing decrease of 

supply in the economy. To avoid the impact of these diseases, 

expensive approaches such as the use of pesticides and 

insecticides are implemented as a solution. The use of 

environmentally persistent and water-soluble chemicals also 

means that damages may be unintentionally caused to the 

surrounding environment and ecosystems through chemical 

seepage into the nearby water and food eco-systems in 

addition to increasing the cost of production and monetary 

loss via increasing operating costs for a loan-dependent 

farmers living near the poverty line who are hard pressed to 

turn a profit. Early discovery of diseases is the most important 

aspect for efficient disease management allowing one to 

administer proper medicinal aid in time or perform damage 

minimization procedures with crop isolation and disposal to 

prevent spread. 

 Disease detection is done manually through a 

limited number of highly skilled experts to identify and 

recognize diseases which is the current norm in agriculture. 

This is a slow and inefficient process. Hoping to remedy this, 

in this project, the possibility of detection of plant diseases is 

demonstrated via various image classification techniques by 

utilizing the recent advancements and improvements in 

research and technology in the current field of artificial 

intelligence in the subset of deep learning. 

A. Aim of the Project 

To develop a deep learning neural network model that can 

reliably classify between healthy and diseased plants as well 

as identify the disease with decent accuracy to assist in 

damage mitigation of negative impacts in agricultural yields. 

B. Scope of the Project 

The following has been set as our scope goals: 

 The model must be capable of recognizing at least 4 

different economy essential Indian agricultural crops 

such as rice, cotton, black pepper, and wheat having their 

own set of diseases. 

 The model must be capable of discerning high-level 

differences such as the change in plant species as well as 

low level differences such as discoloration or 

malformation due to the presence of a specific disease. 

 The model must accurately classify pictures containing 

huge variances in the surrounding environment having 

no relation to the images present in the training datasets 

as such would be an accurate representation of the actual 

working environment. 

II. RELATED WORK 

In [1] Dr. P. Nancy, et al proposed experimenting with use of 

Gaussian Elimination, Segmentation and Edge map for 

improvement of legacy CNN performance. SVM achieved 

the best results with accuracy of 88%. [2] Y. Zhao, et al 

utilized a double GAN technique of utilizing DC-GAN and 

SRGAN adversarial networks to augment their model dataset 

and demonstrated the improvement in accuracy from before 

and af- ter augmentation with the use of DenseNet 121, 

ResNet50 and VGG16 neural network techniques with 

DenseNet121 showing the best performance of 98.8 to 

100.0% with DoubleGAN augmentation providing a 

significant 2-5% boost compared to flip and rotate 

augmentation. [3] Sajitha N, et at, explores the performance 

of legacy CNN and notes the improvement with the use of 

regression coefficient and ANOVA (Analysis of Variance) 

techniques. [4] Heri Adrianto, et al, have utilized VGG 16 

convolutional neural network model with ensemble learning 
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techniques (such as bagging and boosting) to improve 

performance, demonstrated with the use of F1 score metric. 

 [5] S. K. Noon, et al, presents multiple methods 

which can be utilized to prevent the issue of overfitting of the 

dataset. Some of their presented methods are reactive model 

learning rate algorithms, dataset transformation and dataset 

rotation for augmentation. They have utilized DenseNet121 

to validate and present their findings. [5] S. K. Noon, et al, 

presents multiple methods which can be utilized to prevent 

the issue of overfitting of the dataset. Some of their presented 

methods are reactive model learning rate algorithms, dataset 

transformation and dataset rotation for augmentation. They 

have utilized DenseNet121 to validate and present their 

findings. [6] R. Gandhi, et al have created a model utilizing 

GAN for data augmentation while using MobileNet which is 

being compared with Inceptionv3 Net CNN. Inception Net 

achieved an accu- racy of 88.6% while the MobileNet 

achieved an accuracy of 92% with testing dataset. This is also 

impressive considering 25% of the total dataset had been 

allocated for testing data. [7] 

 R. K. Lakshmi, et al presents novel interactive deep 

learning framework utilizing Transfer Learning and different 

state-of- art model architectures with BiFPN as the feature 

network. The optimized EfficientDet-D2 achieved the best 

precision, recall, and F1-Scores at 88.13%, 94.06% and 

90.99% re-spectively. [8] D Radovanovic et al presents a 

comparison of legacy Deep Learning algorithm CNN and 

FCNN with classical Machine Learning Algorithms SVM 

and K-Nearest. The F1 score metric for the four algorithms 

respectively are 89.4%, 72.7%, 89.2% and 99.0%. [9] M. A. 

Jasim et al designed a standalone application program for 

classification of plant leaves using MATLAB software 

application. Their legacy CNN model was able to reach 

testing dataset overall accuracy of 98.029%. [10] A. KP et al 

proposed creating a model utilizing transfer learning for 

improved training rate for VGG19, ResNet-152v2 and 

DenseNet models. Amongst them, DenseNet model achieved 

the highest accuracy of 98.27%. This is impressive 

considering that all the tested models had only undergone 

training for a total of 20 epochs. [11] S. 

 U. Habiba et al created a model utilizing transfer 

learning and VGG16 model for classification of tomato plant 

disease classifications of a total of 10 different classes gaining 

an average accuracy of 95.3%. [12] P. Juyal et al proposes the 

detection of the infectious area in the image dataset during 

feature extraction through the utilization of mask R-CNN and 

segmentation edge map. Their model was able to draw a clear 

outline of the infected segment of the leaf image with a mean 

average precision of 82%. [13] J. C. Valdoria et al designed 

an android mobile application software named iDahon which 

uses CNN and ensemble learning techniques such as bagging 

and boosting along with F1 score metric testing method. They 

managed to achieve an accuracy rate of 80% but an F1 score 

of 96.7%. [14] S. Divakar et al proposed the self-coined 

SMOTE technique as a means of augmenting the dataset to 

prevent data oversampling and imbalance. They have 

managed to reduce the number of false predictions with the 

EfficientNetB7 model having the best F1 score of 91.9%. [15] 

P. Rubini et al performed a comparative performance review 

of VGG-16 and DenseNet-121 models for classifying tomato 

plant leaves. They concluded that VGG-16 which achieved 

an accuracy of 92.0% is cumbersome due to its fully 

connected nature in comparison to DenseNet-121 which had 

an accuracy of 98.3% due to its node connection 

diversification. 15] P. Rubini et al performed a comparative 

performance review of VGG-16 and DenseNet-121 models 

for classifying tomato plant leaves. They concluded that 

VGG-16 which achieved an accuracy of 92.0% is 

cumbersome due to its fully connected nature in comparison 

to DenseNet-121 which had an accuracy of 98.3% due to its 

node connection diversification. [16] L. Ale et al proposed a 

DenseNet transfer learning model as the backbone followed 

by two fully connected layers on DenseNet121 with 4 dense 

blocks. Their model managed to achieve an accuracy of 

between 70-90% with different input sizes. With the input of 

32x32 size - 72%, 128x128 size - 86% and with 512x512 size 

- 90%. [17] S. V. Militante et al designed a legacy CNN 

model to detect and classify 32 different plant varieties and 

their respective diseases from the Plant Village dataset which 

was carried out successfully with the final claimed accuracy 

of 96.5%. [18] Ullah N. et al proposes a novel, efficient and 

lightweight model known as DeepPlantNet DL-based 

architecture. It contains 28 learned layers consisting of 25 

convolutional layers and 3 fully connected layers. They have 

claimed superiority of their proposed framework over 

contemporary techniques by demonstration of average 

accuracy of 97.89% for classification of 8 classes. [19] C. 

Zhang et al presents the objective comparison and differences 

between ResNet and DenseNet architectures. Denoting both 

the respective flaws of ResNet and DenseNet, proposed and 

implemented a new model self-termed as Dense Shortcut Net 

which utilizes the Dense Shortcut connections with allowed 

sharing of preceding convolution parameters with the ResNet 

as the network backbone. This combines the different 

strengths of both ResNet and DenseNet regarding their 

computation speed and optimal training parameters. [20] P. 

Maski et al have utilized a YOLO CNN for classification of 

papaya plant dataset as well as a comparative study of 

different variants of YOLO models. The highest mean 

average precision of 99.9% was achieved through tiny-

YOLOv4 amongst YOLOv4, tiny- YOLOv4, MobileNetV2-

YOLOv3 and YOLO-Fastest. It was also noted that although 

lightweight variants of YOLO may be poorer in performance 

compared to other non-lightweight variants of YOLO, they 

are more simplified reducing their memory requirement 

allowing them to be used in embedded mobile platform 

devices such as aerial drones or ground robots. 

III. EXISTING METHODOLOGY 

Most currently existing systems utilize legacy neural net- 

work architectures such as utilization of k-mean, nearest 

neighbor, random forest, ensemble learning etc. Or otherwise, 

they will have utilized models which are newer than the 

legacy techniques such as VGG [25] (Visual Geometry 

Group) intro- duced in the year 2014 and ResNet [26] 

(Residual Network) introduced in the year 2015 but older in 

comparison to Dense Net [27] introduced in year 2017. 

 While they have massive advantages over the more 

traditional machine learning algorithms such as Random 

Forest, SVM (Simple Vector Machine), K-Means, etc. such 

as they are more straight forward, simpler to train, has less 
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strict data formatting requirement and their simpler 

architecture design means it is easier to tune with good level 

of predictably and low ambiguity both of which is a necessary 

attribute when working and collaborating in teams. 

 However, they are not without their own set of 

problems. For example, in VGG (Visual Geometry Group) 

model, it encounters the vanishing gradient problem which 

was solved with the design of the ResNet model. However, 

the ResNet model introduced its own new problem as well 

which is known as the degradation problem where, it suffers 

from degradation problem where when the model becomes 

more and more ”deeper”, it is more difficult for the layers to 

propagate the information from shallow layers and the 

information is lost. This means as we increase the number of 

layers or classes for training, both training error and testing 

error go up as well. 

 
Fig. 1: Network Representation of VGG, ResNet & 

DenseNet 

IV. PROPOSED METHODOLOGY 

This paper has proposed and utilized a system using Dense 

Net architecture which was introduced in 2016 architecture, 

a more recent development than both VGG (Visual Geometry 

Group) and ResNet (Residual Network) neural network 

architectures. Dense Net also requires less parameters and can 

be trained more efficiently than the previous architectures. 

A. Advantages of Dense Net system: 

 Improved accuracy and performance. 

 Less training parameters. 

 Unified Perspective. 

 No Vanishing Gradient Descent Problem. 

 No Degradation Problem. 

B. Hardware Specification 

1) Laptop Workstation:    

 Intel-Core-i5-8250U 

 8 GB RAM 

 Intel® UHD Graphics 620 

 1 TB HDD 

2) Google Collab Python 3 Google Compute Engine 

backend: 

 Intel® Xeon® Gold 6268CL Processor 

 System RAM: 3.4/12 GB utilized. 

 Disk: 26.3/107.7 GB utilized. 

V. METHODOLOGY 

A. Architecture Diagram 

As you can see in figure 2, at the crux of our neural network 

model engine, the most important component is the input data 

which is to be fed to it for the sake of training and object 

recognition. 

 Once the model undergoes training and confirmed 

with validation data. We will check the training data accuracy 

and loss along with validation data accuracy and loss to check 

if they were unto our expected satisfactory levels. To reach 

this level of satisfaction, they may have to be trained for at 

least over 50 epochs of training. When all the training data 

has been utilized to train the model once, this is known as one 

epoch. After this point, the training image batches revolve 

back to the very first batch to allow for the second round of 

training utilizing the same data. This is the second epoch. 

 
Fig. 2: Architecture diagram 

 Once the satisfactory levels of performance have 

been con- firmed. We will deploy the model which will allow 

them to accept image inputs from the user which will be 

processed by the model to identify and output the plant and 

plant disease type. 

B. Data Acquisition 

 
Fig. 3: Training Dataset 
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 The image of plant leaves both healthy and 

unhealthy which have already been classified along with their 

disease type have been procured through various repositories 

available from the online machine learning and data science 

resources website known as Kaggle [21], [22], [23] and [24]. 

 Through Kaggle, we have procured images of 

multiple plants along with their diseased leaves such as Rice, 

Wheat, Cotton and Black Pepper. We have chosen mainly 

these four plants as they are the most economically important 

plants falling under top 10 in India according to various 

Indian Governmental sites and the Botanical Survey of India. 

Including the healthy class, each plant has around 3-4 different 

classes amounting to a total of 14 different classes. As such, 

the neural network has to be capable of handling multiple 

plant species at high level layer and multiple disease classes 

at the low-level layer of the neural network. 

 For pre-processing, we have resized the image to 

256x256 pix- els for faster processing as well as augmentation 

by randomly flipping and rotating the batches of images. 

Dataset Class Images 

Cotton Aphid 80 

Cotton Blight 80 

Cotton Healthy 80 

Cotton Mildew 80 

Pepper Blight 80 

Pepper Healthy 80 

Pepper Mottle Virus 80 

Rice Blight 80 

Rice Brown Spot 80 

Rice Blast 80 

Rice Healthy 80 

Wheat Healthy 80 

Wheat Septoria 80 

Wheat Stripe Rust 80 

Wheat Brown Rust 80 

Total 1200 

Table I: Dataset Overview 

C. CNN Model Structure 

As stated above, the project utilizes Dense Net neural 

network architecture which has been highly observed to be 

a very effective methodology in the field of computer vision. 

Dense Net neural network architecture creates dense 

connections of a feed-forward nature that links each layer 

to every other layer. Thus, they can capture more complex 

patterns in data by allowing each neuron to interact with 

all the neurons in the previous layers. Not only does this 

allow the architecture to be an effective choice for our 

purpose, due to having 15 classes in the prototype stage 

alone. Since it does not have vanishing gradient and 

degradation problems, if we chose to expand the total number 

of classes in the future this choice would be suitable as well. 

 Amongst other things, Dense Net also has skip 

connections all over its layers which allows the layer 

processes to skip certain layers to retain a healthy neural 

pattern which allows much efficient training of this 

architecture. 

 
Fig. 4: Summary of involved layers in CNN model 

 The component of the model consists of sequential 

dataset which contains the   images   which   had been   

augmented. It is followed with a pair of 2D convolution and 

max pooling operations to extract the feature with the former 

and downscale the dimensions of the kernel neurons with the 

latter until we reach the final size of 14x14. This is then 

followed up with a flatten layer to overlay the convoluted 

images and then it is connected to the dense connections 

which will compare the neural imprint with the trained 

weights of the training images until finally the fully 

connected layer of the SoftMax function compares and 

outputs the class which has the greatest probability of 

likeliness. Please reference Figure 3 which contains the 

summary of all the layers which have been utilized. 

VI. EXPERIMENT RESULTS 

After training the model with training dataset given in Fig.4 

and with validation dataset for 50-100 epochs until level of 

accuracy was to be deemed satisfactory. Fig. 5 shows us the 

level of accuracy as well as the loss rate of the model utilizing 

both the training and validation datasets. Adam Optimizer 

algorithm was also utilized to adjust the learning rate in order 

to boost the overall training speed of the project. 

 We have managed to attain a mean average accuracy 

of 92% across 4 plant species, 15 classes and 1200 total 

images amongst which 320 are healthy plant images and the 

remaining all diseased. To prevent oversampling, we have 

limited all class images to the same number, which is 80. 

However, that is not the end of the training data per class as 

we have augmented the training dataset by incorporating a 

random horizontal and vertical flip per image batch as well as 

a random rotation value of ’0.2’. So, during every epoch, the 

same image batch will have different orientation and thus 

different tensor neuron values thus through the perspective of 

a neural network, a completely new and a different image. 
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Please keep in mind that the model utilizes the final 

resolution. 

 
Fig. 5: Training and Validation Accuracy & Loss 

 We have managed to attain a mean average accuracy 

of 92% across 4 plant species, 15 classes and 1200 total 

images amongst which 320 are healthy plant images and the 

remaining all diseased. To prevent oversampling, we have 

limited all class images to the same number, which is 80. 

However, that is  

 
Fig. 6: Test Dataset Output with Confidence % 

Authors 

(Year) 
Ref Model Classes Accuracy 

Yafeng Zhao 

et al. 

(2021) 

[2] 
DenseNet 

121 
10 0.99 

Heri 

Andrianto et 

al. 

(2020) 

[4] VGG-16 4 0.60 

Serosh 

Karim Noon 

et al. 

(2020) 

[5] 
DenseNet 

121 
15 0.98 

Ritu Gandhi 

et al. 

(2018) 

[6] 

Inception 

Net 

Mobile Net 

38 
0.89 

0.92 

R Kavitha 

Lakshmi et 

al. 

(2021) 

[7] 
Efficient 

Net-D2 
8 0.74 

Akshai KP 

et al. 

(2021) 

[10] 

VGG19 

ResNet-

152v2 

DenseNet 

4 

0.95 

0.97 

0.98 

Sultana 

Umme 

Habiba et al. 

(2021) 

[11] VGG16 10 0.95 

Table II: Comparison with Related Work 

 of 14x14 via max pooling to increase computation 

speed. Thus, if computation speed is not a high priority, then 

with the removal of some max pooling layers, we can increase 

the resolutions of the kernels for improved accuracy at the 

cost of speed. 

 Since we have utilized the Keras module version 

v.3.2.1 in Python v.3.7, although it would be better to have 

used the F1 score for the evaluation metrics instead of mean 

average accuracy. However, the Keras team has removed 

some global metrics such as F1 score starting Keras 2.0.0 

because of an issue where the metrics are approximated 

batch-wise which does not result in a good nor infer-able 

metric scores. 

VII. FUTURE ENHANCEMENTS 

There are several potential areas for future improvement of 

the proposed plant disease detection and classification model: 

 Having trained our model utilizing the plant dataset from 

Kaggle, most of which are sourced from plant farms of 

Italy and the United States of America. It is not entirely 

clear if the model might have issues in identifying 

pictures of plants taken in India. 

 Whether due to differences in plant sub-species between 

the continents, the atmospheric pollution and differences 

in camera exposure color resulting from the sun bloom, 

orientation, and ambiance. The model may be 

confounded when being applied across different 

continents. 

 Due to the lack of availability and easy access to 

neighboring commercial farms, the compilation of 

testing dataset had to be resorted to relying upon pictures 

from Kaggle to be used as our testing dataset instead of 

physically taking pictures of plants. 

 To attempt to expand the total amount of available 

disease classes in the model to see its impact upon the 

accuracy of the overall model. Since the model must be 

capable at both high layers and low layers to identify 

different species of plants and identify the disease class 

of each plant. 
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 Increase the total number of plants involved in the model 

from the current four plants: cotton, rice, wheat, and 

black pepper. 

 Implementation of transfer learning techniques to see the 

change in model training time, computation, and 

accuracy    output. 

 To enhance the interpretability and explainability of the 

model through post-hoc analysis techniques. 

 Improvement of the output user interface and experience 

to make it more user friendly and easy to navigate. 

VIII. CONCLUSION 

Using dense net neural network architecture, we can get high 

accuracy and confidence. Our implementation producing 

overall accuracy of 92.%. Although the DenseNet model 

requires lots of parameters with increased memory usage, it 

can also be argued that due to the presence of skip 

connections the model can avoid relearning similar features 

over and over resulting in improved parameter training speed 

and efficiency. Since at the core of the argument is versatility 

and the classification of high number of different classes of 

plants using DenseNet model. Using the superior accuracy of 

other models containing only 8 or lesser classes cannot be 

used as a good argumentative comparison due to our 

implementation containing 15 different classes with the 

assumption of future up-scaling to even greater number of 

classes. This is unsuitable for VGG or ResNet backbone 

models containing vanishing gradients or degradation issues. 
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