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Abstract: A deep neural network is very successful for image classification problems. In this project, we show how a neural 

network can be used for leaf disease detection in the context of image classification. We have used publicly available Plant 

leaves with our dataset which has different classes of diseases. Hence, the problem that we have addressed is a multi-class 

classification problem. We are using the Inception V3 architecture and Convolutional Neural Network (CNN) algorithm as 

a base with Transfer Learning for image processing. With the help of Transfer Learning, we reduce a large amount of time 

we required for data training and also it increases the accuracy of image recognition 
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INTRODUCTION   

1] This project aims to identify the diseased and healthy leaves of distinct plants by extracting features from input images using the 

CNN algorithm. 

2] These features extracted help in identifying the most relevant class for images from the datasets. 

MOTIVATION  

It is very important to get an accurate diagnosis of plant diseases for global health and wellbeing. In this ever-changing environment, 

identifying the disease including early prevention is important to avoid problems that we might face otherwise. Some of these 

problems could have devastating impacts on humanity including a global shortage of food. It is crucial to prevent unnecessary waste 

of financial resources achieving a healthier lifestyle, by addressing climate change from an ecological perspective. It is difficult for 

the naked eye of a human being to catch all sorts of problems with plant diseases. Also doing this time and time again is laborious 

and unproductive work. To achieve accurate plant disease detection, a plant pathologist should possess good observation skills so 

that one can identify characteristic symptoms. An automated system designed to help identify plant diseases by the plant’s 

appearance and visual symptoms could be of great help. This can be deployed in agricultural fields to automate the whole pipeline. 

This would lead to better efficiency as machines could perform better than humans in these redundant tasks and improve the 

productivity of the farm. Our work solves the above-mentioned problem of automating plant disease classification using deep 

learning and computer vision techniques 

LITERATURE SURVEY 

An Overview of the Research on Plant Leaves Disease detection using Image Processing Techniques 

Studied: The present paper reviews and summarizes image processing techniques for several plant species that have been used for 

recognizing plant diseases. The major techniques for the detection of plant diseases are BPNN, SVM, K-means clustering, and 

SGDM. These techniques are used to analyze the healthy and diseased plants’ leaves. Some of the challenges in these techniques 

viz. effect of background data in the resulting image, optimization of the technique for specific plant leaf diseases, and automation 

of the technique for continuous automated monitoring of plant leaf diseases under real-world field conditions. The review suggests 

that this disease detection technique shows good potential with an ability to detect plant leaf diseases and some limitations. 

Therefore, there is a fore for improvement in the existing research 

Plant diseases and pests detection based on deep learning: a review  

Studied: Plant diseases and pests are important factors determining the yield and quality of plants. Plant diseases and pests 

identification can be carried out using digital image processing. In recent years, deep learning has made breakthroughs in the field 

of digital image processing, far superior to traditional methods. How to use deep learning technology to study plant diseases and 

pests identification has become a research issue of great concern to researchers. This review defines plant diseases and pest detection 

problems forward a comparison with traditional plant diseases and pests detection methods. 

Detection of plant leaf diseases using image segmentation and soft computing techniques 

Studied: This paper presents the survey on different disease classification techniques used for plant leaf disease detection and an 

algorithm for image segmentation technique that can be used for automatic detection as well as classification of plant leaf diseases 

later. Banana, beans, jackfruit, lemon, mango, potato, tomato, and sapota are some of those ten species on which the proposed 

algorithm is tested. Therefore, related diseases for these plants were taken for identification. With very less computational effort 
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the optimum results were obtained, which also shows the efficiency of the proposed algorithm in the recognition and classification 

of the leaf diseases. Another advantage of using this method is that plant diseases can be identified at an early stage or the initial 

stage. To improve the recognition rate in the classification process Artificial Neural Network, Bayes classifier, Fuzzy Logic, and 

hybrid algorithms can also be used 

Plant Disease Identification Based on Deep Learning Algorithm in Smart Farming  

Studied: is paper proposes a mathematical model of plant disease detection and recognition based on deep learning, which improves 

accuracy, generality, and training efficiency. Firstly, the region proposal network (RPN) is utilized to recognize and localize the 

leaves in complex surroundings. en, images segmented based on the results of the RPN algorithm contain the feature of symptoms 

through Chan–Vese (CV) algorithm. Finally, the segmented leaves are input into the transfer learning model and trained by the 

dataset of diseased leaves under simple background. Furthermore, the model is examined with black rot, bacterial plaque, and rust 

diseases. e results show that the accuracy of the method is 83.57, which is better than the traditional method, thus reducing the 

influence of disease on agricultural production and being favorable to the sustainable development of agriculture. Therefore, the 

deep learning algorithm proposed in the paper is of great significance in intelligent agriculture, ecological protection, and 

agricultural production. 

LIMITATIONS OF EXISTING SYSTEM 

 Lot of time is required for dataset training. 

 Accuracy is low.  

 

EXPERIMENTAL SETUP 

   PyCharm is an integrated development environment (IDE) used in computer programming, specifically for the Python 

programming language. It is developed by the Czech company JetBrains (formerly known as IntelliJ).[5] It provides code analysis, 

a graphical debugger, an integrated unit tester, integration with version control systems (VCSes), and supports web development 

with Django as well as data science with Anaconda. PyCharm is cross-platform, with Windows, macOS, and Linux versions. The 

Community Edition is released under the Apache License,[7] and there is also an educational version, as well as a Professional 

Edition with extra features (released under a subscription-funded proprietary license) 

Firebase evolved from Envolve, a prior startup founded by James Tamplin and Andrew Lee in 2011. Envolve provided developers 

with an API that enables the integration of online chat functionality into their websites. After releasing the chat service, Tamplin 

and Lee found that it was being used to pass application data that were not chat messages. Developers were using Envolve to sync 

application data such as the game state in real-time across their users. Tamplin and Lee decided to separate the chat system and the 

real-time architecture that powered it.[2] They founded Firebase as a separate company in 2011 and it launched to the public in 

April 2012.[3] Firebase's first product was the Firebase Real-time Database, an API that synchronizes application data across iOS, 

Android, and Web devices, and stores it on Firebase's cloud. The product assists software developers in building real-time, 

collaborative applications. 

SCOPE:  

In this project, it automatically detects the important features without any human supervision. Given many pictures of leaves, it 

learns distinctive features for each class by itself. CNN is also computationally efficient. 

PROBLEM STATEMENT:  

This project aims to identify the diseased and healthy leaves of distinct plants by extracting features from input images using 

Inception V3 architecture with the Transfer Learning method. These features extracted help in identifying the most relevant class 

for images from the datasets. 
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SYSTEM ARCHITECTURE 

  

Fig -1: System Architecture Diagram  

Image Data set: In this process, we are creating the dataset of leaf diseases where we are maintaining a folder of different types of 

leaves. 

Trained Data set: Here we are training the data set that we created earlier. 

Input Leaf Image: Here we are creating an input field for the user where the user will upload the image. 

Processing: Here section like features extraction, Classification, and leaf disease detection are used, when leaf input is given system 

extracts the features from the image and classify them with the dataset, and gives a prediction. 

 CNN ARCHITECTURE 

Inception-v3 is a convolutional neural network architecture from the Inception family that makes several improvements including 

using Label Smoothing, Factorized 7 x 7 convolutions, and the use of an auxiliary classifier to propagate label information lower 

down the network (along with the use of batch normalization for layers in the side head).  

 

Fig -2: CNN Architecture Diagram  

ADVANTAGES 

1.  It has higher efficiency  

2. It has a deeper network compared to the Inception V1 and V2 models, but its ' speed isn’t compromised.  

3. It is computationally less expensive.  

4. It uses auxiliary Classifiers as regularizes. 

 

LIMITATIONS 

 

1. Internet connection is necessary  

2.   Proper Dataset 

 

APPLICATION:  

1. Easy to use 

2. Monitoring controlling user leaf disease detection 
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METHODOLOGY 

Transfer Learning  

Transfer learning for machine learning is when existing models are reused to solve a new challenge or problem. Transfer learning 

is not a distinct type of machine learning algorithm, instead, it’s a technique or method used whilst training models. The knowledge 

developed from previous training is recycled to help perform a new task. The new task will be related in some way to the previously 

trained task, which could be to categorize objects in a specific file type. The original trained model usually requires a high level of 

generalization to adapt to the new unseen data 

 

CONCLUSION  
Diseases in plants are a major problem to the food supply. This project demonstrates the technical feasibility of deep learning 

using a convolutional neural network approach to enable automatic disease diagnosis through image classification. Using a public 

dataset with our dataset of diseased and healthy plant leaves, a deep convolutional neural network is trained to classify crop 

species and disease status of 38 different classes containing 13 plant species and 38 diseases, achieving an accuracy of 83.5 percent 

with residual network architecture. In this project, a new approach of using deep learning methods was explored to automatically 

classify and detect plant diseases from leaf images. The developed model was able to distinguish between healthy leaves and 

different diseases, which can be visually diagnosed. The complete procedure was described, respectively, from collecting the 

images used for training and validation to image augmentation and finally the procedure of training the deep CNN and fine-tuning. 

With this research, we concluded that by using Inception V3 time required to train the dataset is less than the other and it also has 

good accuracy for identifying more plant sicknesses. 

REFERENCES  

1. 2017 International Conference on Innovations in Information, Embedded and Communication Systems (ICIIECS) 

”Detection of Leaf Diseases and Classification using Digital Image Processing ”R.Meena Prakash, G.P.Saraswathy, 

G.Ramalakshmi  

2. 2021 IEEE 6th International Conference on Intelligent Computing and Signal Processing (ICSP 2021) ”A Novel Method 

of Plant Leaf Disease Detection Based on Deep Learning and Convolutional Neural Network” Xulang Guan*  

3. S. J. G. A. Barbedo, “A new automatic method for disease symptom segmentation in digital photographs of plant leaves,” 

European Journal of Plant Pathology, vol. 147, no. 2, pp. 349–364, 2016.  

4. J. Pang, Z.-Y. Bai, J.-C. Lai, and S.-K. Li, “Automatic segmentation of crop leaf spot disease images by integrating local 

threshold and seeded region growing,” 2011 International Conference on Image Analysis and Signal Processing, 2011.  

5. V. Singh and A. Misra, “Detection of plant leaf diseases using image segmentation and soft computing techniques,” 

Information Processing in Agriculture, 2016.  

6. S. Prasad, S. K. Peddoju, and D. Ghosh, “Unsupervised resolution independent based natural plant leaf disease 

segmentation approach for mobile devices,” Proceedings of the 5th IBM Collaborative Academia Research Exchange Workshop 

on - I-CARE ’13, 2013.  

7. M. G. Du and S. W. Zhang, “Crop Disease Leaf Image Segmentation Based on Genetic Algorithm and Maximum Entropy,” 

Applied Mechanics and Materials, vol. 713-715, pp. 1670–1674, 2015.  

8. B. Dhaygude P.Kumbhar, “Agricultural plant Leaf Disease Detection Using Image Processing”, International Journal of 

Advanced Research in Electrical, Electronics and Instrumentation Engineering, vol. 2, no. 1, 2013, pp. 599-602.  

9. Martinelli F, Scalenghe R, Davino S et al. Advanced methods of plant disease detection. A review. Agron Sustain Dev. 

2014;35(1):1-25. doi:10.1007/s13593-014- 0246-1  

10. Sladojevic S, Arsenovic M, Anderla A, Culibrk D, Stefanovic D. Deep Neural Networks Based Recognition of Plant 

Diseases by Leaf Image Classification. Comput Intell Neurosci. 2016;2016:1-11. doi:10.1155/2016/3289801  

11. Hawkins D. The Problem of Overfitting. J Chem Inf Comput Sci. 2004;44(1):1-12. doi:10.1021/ci0342472 

12. n Using Transfer Learning K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for image recognition. In 

Proceedings of the IEEE conference on computer vision and pattern recognition, pages 770 –778, 2016a 

13. K. He, X. Zhang, S. Ren, and J. Sun. Identity mappings in deep residual networks. In European conference on computer 

vision, pages 630 –645. Springer, 2016b.  

14. G. Huang, Y. Sun, Z. Liu, D. Sedra, and K. . Weinberger. Deep net Q works with stochastic depth. In European conference 

on computer vision, pages 646 –661. Springer, 2016.  

15. G. Huang, Z. Liu, L. Van Der Maaten, and K. . Weinberger. Q Densely connected convolutional networks. In Proceedings 

of the IEEE conference on computer vision and pattern recognition, pages 4700–4708, 2017.  

16. D. P. Kingma and J. Ba. Adam: A method for stochastic optimi ation. z arXiv preprint arXiv:1412.6980, 2014.  

17. A. Kri hevsky z , I. Sutskever, and G. E. Hinton. Imagenet classification with deep convolutional neural networks. In 

Advances in neural information processing systems, pages 1097 –1105, 2012.  

18. S. Phadikar and J. Sil. Rice disease identification using pattern recognition techniques. In 2008 11 th International 

Conference on Computer and Information Technology, pages 420 –423. IEEE, 2008.  

19. P. Revathi and M. Hemalatha. Classification of cotton leaf spot diseases using image processing edge detection techniques. 

In 2012 International Conference on Emerging Trends in Science, Engineering and Technology (INCOSET), pages 169 – 173. 

IEEE, 2012.  

http://www.ijsdr.org/


ISSN: 2455-2631                                                        May 2022 IJSDR | Volume 7 Issue 5 

IJSDR2205011 www.ijsdr.orgInternational Journal of Scientific Development and Research (IJSDR)  63 

 

20. P. Revathi and M. Hemalatha. Identification of cotton diseases base d on cross information gain deep forward neural 

network classifier w ith pso feature selection. International Journal of Engineering and Technology, 5(6):4637 –4642, 2014.  

21. A. K. Reyes, J. C. Caicedo, and J. E. Camargo. Fine- tuning deep c onvolutional networks for plant recognition. CLEF 

(Working Notes), 1391:467 –475, 2015.  

22. N. z Srivastava, G. Hinton, A. Kri hevsky, I. Sutskever, and R. Salakhutdinov. Dropout: a simple way to prevent neural 

networks from overfitting. The journal of machine learning research, 15(1): 1929–1958, 2014.  

23. C. S egedy, W. Liu, Y. Jia, P. Sermanet, S. Reed z , D. Anguel ov, D. Erhan, V. Vanhoucke, and A. Rabinovich. Going 

deeper with convolutions. In Proceedin gs of the IEEE conference on computer vision and pattern recognition, pages 1 –9, 2015.  

24. C. S egedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna. Reth z inking the inception architecture for computer vision. 

In Proceedings of the IEEE conference on computer vision and pattern recognition, pages 2818 –2826, 2016.  

25. A. Veit, M. J. Wilber, and S. Belongie. Residual networks behave like ensembles of relatively shallow networks. In 

Advances in neural information processing systems, pages 550 –558, 2016. 

http://www.ijsdr.org/

