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ABSTRACT 

Soil structure affects agricultural productivity by affecting water retention, distribution of nutrients, and general crop 

health. Methods for traditional soil classification, which depend on laboratory analysis, are often slow and impractical 

for large-scale agriculture. To remove these boundaries, appoint our project Convolutional Neural Network (CNN) to 

classify the soil structure from the images taken in the uncontrolled Field Conditions (UFC), such as accounting for 

environmental variations such as light, background and moisture level. The approach involves shaping the 48 × 48 pixels 

and preparing ground images by training a CNN model to distinguish between different soil types, including black, red, 

clay, peat, yellow, and cinder. In addition, an integrated crop recommendation system detects the most appropriate crops 

based on the soil type. The model's performance is evaluated using accuracy, precision, recall and F1 score, which 

ensures high reliability in classification results. For ease of use, the system is distributed through a Django-based 

network interface so that users can upload soil images for real-time classification and crop recommendations. This 

solution provides a scalable and cost-effective alternative for traditional soil testing and reduces the difference between 

laboratory analysis and practical agricultural applications. 

Keywords: Soil Classification, Agriculture, CNN [Convolutional Neural Networks], UFC [Uncontrolled Field 

Conditions], Crop Recommendation. 

1. INTRODUCTION 

Soil structure is fundamental when it comes to determining the properties of the soil and affecting important properties 

such as Water-holding capacity, nutrients and air flow, which are crucial for agriculture. Traditional cutting methods, 

such as collecting soil samples and testing them in a laboratory, taking a lot of time and effort, It is difficult to use them 

on a large scale. New ways that use images can help but they typically required controlled conditions, such as proper 

lighting and pure background, which is not feasible in real-world settings. This project introduces a simple and scalable 

way such as classifying the soil structure of the state of the Uncontrolled Field Conditions (UFC) using image processing 

and Deep Learning. Uncontrolled situations include open areas of sunlight, shade, plants in the background, and different 

moisture levels in the soil. Using Convolutional Neural Network (CNNS), our method can work in these challenging 

environments where it can improve classification of accuracy and soil to make fast, easy and more useful for 

growing large scale. 

2. LITERATURE REVIEW 

The entire literature survey with an ideological basis for this project is briefly mentioned here. 

Traditional soil texture analysis 

Manual methods such as hydrometer and pipe techniques have been widely used for classifying soil texture. These 

methods produce reliable results, but are often time-consuming, labor-intensive and accuracy requires controlled 

conditions. Despite their efficiency, they are impractical for mass applications and lacks adaptation capacity to 

automated systems [1,2]. 

Image-based land classification 

Progress in imaging has enabled classification of soil texture using RGB images. Studies have shown that color and 

texture functions obtained from earth images can be used to effectively classify soil properties. However, these methods 

are very dependent on environmental conditions, light variations and image resolution, making them less reliable in 

uncontrolled field settings [3.4]. 

Machine learning approach 

Machine learning techniques, especially fixed nervous networks (CNN), have improved accuracy for soil texture 

classification. These methods benefit from large datasets to extract complex patterns from earth images. However, the 

CNN model requires sufficient computational power, well -labeled datasets and strong training methods for 

generalization in different soil types and environmental conditions [5.6]. 
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Digital and spectral analysis 

Spectroscopy-based techniques such as close -concentrated (NIR) and perfect spectroscopy provide accurate soil 

classification by analyzing spectroscopy spectral signatures. While these methods increase accuracy, they require 

expensive equipment, calibration and competence for implementation. High costs and dependence on specific 

circumstances restrict their wide. 

3. AIMS AND OBJECTIVES 

• Develop an image-based system for classifying the soil structure accurately using advanced image processing 

techniques. 

• Use a future indication model to recommend the most appropriate crops depending on the type of soil identified. 

• Make sure the system works effectively under real conditions, including individual lighting and environmental 

factors. 

• Design a user-friendly Django-based GUI for uploading uninterrupted image, soil classification and 

crop recommendation. 

4. SYSTEM ARCHITECTURE 

 

The classification of many types of soil prediction, architecture (from reference [10]), the image depicts a Convolutional 

neural network (CNN) architecture designed for soil classification in the image. The network size begins with an input 

layer of 48 × 48 × 3, where the dimensions correspond to an RGB image input. The first conversion blocks consist of 

two conference teams, each with 64 filters with size 3 × 3, followed by a maximum wave layer, which reduces spatial 

dimensions to 24 × 24 × 64. Subsequent blocks follow a similar pattern, with filter size (128, 25 and 58 and 51) 312 

respectively.  

The network infections through four main conversion blocks, with each block having 2 or 4 affects layers, and their 

filter grows to increase the function extraction. After fixing and merging layers, the network infections are perfectly 

connected. The exit from the final interdisciplinary block is flat in a 

1024 size vector. Raising is used here to prevent overheating, and add a non-linearity to ReLU activation function. 

Finally, the model ends with a soft-max activation layer, which provides opportunities for three soil classes, effectively 

classifies the entrance picture. This hierarchy architecturally prisoners effectively spatial and structured based functions 

from soil images for strong classification. 

5. ALGORITHM 

1) Image collection and pre processing 

• Catch or upload soil images from the area. 

• Change the shape of images for a certain dimension (32x32 pixels). 

• Standardize pixel values of a limit of [0,1] for better model performance. 

• Store the preprocessed image in the dataset. 

• Input: Soil image 

• Output: Processed picture 

2) Functional recovery and data text 

• Remove properties related to texture such as color, opposite and grain structure. 

• Save extracted functions for model training. 

• Input: Processed picture 

• Output: Dataset The improved image 
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3) Soil classification using CNN 

• Load the foremost CNN model using label data sets. 

• Pass the processed image through CNN for functional learning and classification. 

• Make soil types from predetermined categories (eg: black soil, clay, red soil, etc.) 

• Input: Features taken from pictures 

• Output: Soil Type Predicted 

4) Crop recommendation system 

• Map classified soil type for appropriate crops based on predefined agricultural knowledge. 

• Retrieve and show the recommendations from the crop for the type of soil identified. 

• Input: Classified soil type 

• Output: Recommended crops 

5) Graphical User Interface (GUI) Implementation 

• Design a Django-based web interface for user interaction. 

• Let users upload photos and get classification results. 

• Show the detected soil type and recommended crops. 

• Input: User -uploaded soil image 

• Output: GUI-based classification and crop recommendation 

6) Show evaluation and adaptation 

• Evaluate model performance by using accuracy, precision, recall and F1 score. 

6. USED TECHNOLOGY 

• Hypertext Markup Language (HTML): It provides the structure and material on a web page. 

• Cascading Style Sheet (CSS): It controls the presentation and style of elements. 

• Java-script (JS): A website adds interaction and dynamic behavior. 

• Django (Python Framework): A backend framework for creating web applications when using Python. 

7. MODULES AND RESULTS 

1) Command Prompt 

 

This image suggests that when you reach http: //127.0.1: 8000/, it rejuvenates you Web page. 
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2) Main Page 

 

This image suggests that the main page allows users to register for a new account or log in to what exists. From here 

they can use their personal materials and functions. 

3) Registration Page 

 

This image shows that the registration page allows new users to create an account by providing details such as name, e-

mail and password. When registered, they can log in and access the site's features. 

4) Login Screen 

This image suggests that the login screen allows users to enter the e -mail and password to reach their accounts. If they 

have no account, they can navigate the registration page to register. 
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5) Welcome Page 

 

This image suggests that the site after logging the welcome page provides an observation of the features and navigation 

options. This acts as the first point for their experience. 

6) Soil Detection 

This image suggests that the upload page allows users to upload the ground image. The system then analyzes the image 

and identifies the soil type. 

 

7) Soil Detection Output along with Crop Recommendation 

 

This image shows that the production of soil detection shows the type of land identified with recommended crop suitable 

for that soil. 
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8) Performance Analysis 

The result analysis presents greater assessment matrix, including accuracy, accurate, recall and F1 score. These matrices 

help to assess the effectiveness of the soil detection models by identifying the soil types correctly. 

 

 

Therefore, the accuracy is 98.7363100252738 for overall module before testing. 

After testing the accuracy for the above test image is 98.65206402695873. 

8. CONCLUSION 

The project presents a skilled soil texture classification and crop recommendation system. By integrating RGB imaging 

with CNN, it enables real-time soil analysis, eliminating the need for traditional expensive and time-consuming 

laboratory tests. The system includes an image processing module, a CNN-based classification module and a 

recommended crop module, available through a Django-based interface. The results show high accuracy, but the 

challenges include light variation, moisture effects, data set diversity and internet addiction. Despite these limitations, 

the system offers a sharp, scalable and cost-effective alternative for traditional soil testing methods. 
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