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Abstract—Precision agriculture relies on accurate soil
characterization to optimize crop selection and management. This
paper introduces a dual-mode framework for soil analysis,
combining (i) image-based soil classification using advanced
convolutional neural networks (CNNs) and (ii) loT-driven real-time
soil nutrient detection. The primary focus is on the image-based
module, which employs rigorous preprocessing, data augmentation,
and advanced feature extraction techniques to differentiate subtle
variations in soil texture and composition. Experimental results
demonstrate that the proposed system achieves high classification
accuracy, enabling precise and actionable recommendations for
improved plant cultivation. Additionally, the integration of 10T-
based nutrient detection enhances real-time monitoring, ensuring
more adaptive and data-driven agricultural practices. The find-
ings highlight the potential of combining machine learning and loT
technologies to revolutionize soil assessment and decision- making
in precision farming.

Index  Terms—Soil  classification, image  processing,
convolutional neural networks, deep learning, machine learning,
IoT, real-time monitoring, nutrient  detection, crop
recommendation, precision agriculture.

I. INTRODUCTION

Soil is the cornerstone of agriculture, critically influencing
crop yield and quality. Its composition and properties deter-
mine water retention, nutrient availability, and plant health.
Traditional soil testing methods, while accurate, are often labor-
intensive and time-consuming, requiring manual sam- pling and
laboratory analysis. With the advent of machine learning and
image processing techniques, automated soil classification is
now feasible, providing rapid, cost-effective, and non-invasive
analysis. In this work, we propose a dual- mode system that
supports both image-based soil classification and loT-based real-
time nutrient monitoring. By leveraging high-resolution imaging
and pattern recognition, our approach enhances soil evaluation
efficiency. Although both modes are integrated, the primary
emphasis of this paper is on the image- based approach, which
forms the basis for subsequent nutrient estimation and crop
recommendation. This advancement aims to streamline soil
assessment and support precision agriculture, ultimately
improving productivity and sustainability.
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Il. RELATED WORK

Several studies have demonstrated the effectiveness of
CNNs for soil image classification while regression models
have proven valuable for nutrient prediction . Additionally,
crop recommendation systems utilizing soil parame- ters have
yielded promising outcomes contributing to data-driven
agricultural decision-making. Recent advancements in 10T-
based frameworks for soil analysis have further enhanced
precision agriculture by enabling real- time monitoring and
analysis. Building on these foundations, our work integrates
both image-based classification and loT- driven nutrient
assessment into a unified system. While both components play
a crucial role, this study places a particular emphasis on the
image-based module, aligning with the style and level of detail
found in to enhance efficiency and accuracy in soil evaluation.

I11. PROPOSED DUAL-MODE FRAMEWORK

The proposed system integrates two parallel modules to
pro- vide a comprehensive and data-driven soil analysis
framework (see Figure 3):

Image-Based Soil Classification: This module employs
a convolutional neural network (CNN) to extract detailed
textural and compositional features from uploaded soil
images. The model classifies the images into different
soil types such as loamy, sandy, clayey, or silty, enabling
rapid and automated soil characterization. Advanced pre-
processing techniques and data augmentation enhance
the model’s robustness to variations in lighting, moisture,
and environmental conditions.
loT-Based Real-Time Soil Testing: This module
utilizes a network of sensors to capture key
environmental and soil parameters, including moisture
content, pH levels, nitrogen, phosphorus, and potassium
(NPK) concentrations. The collected data is transmitted
to a cloud-based plat- form for real-time analysis,
nutrient prediction, and crop recommendation, enabling
dynamic decision-making for farmers.
While both modules work in tandem to deliver comprehensive
soil assessment and precision farming recommendations, the
remainder of this paper primarily focuses on the image-based
classification module, which serves as the foundation for
subsequent nutrient estimation.
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Table 1: Sample Data Collected from Kaggle Repository

Soil Type Image Count Image Result

Black Soil 37 Cotton , Wheat , Soyabean ,
Jawar , Bajra , Maize , etc

Cinder Soil 30 Pineapple , coffee , Tea,
Grapes , etc

Laterite Soil 30 Tea , Coffee , Coconut ,
Rubber , etc.

Peat Soil 30 Rice , Sugarcane , Cabbage ,
Carrot , Onions , etc.

Yellow Soil 29 Rice , Peanut , Maize , citrus
fruits , etc.

Data Augmentation: To boost the diversity of training

) o data, techniques such as rotation, flipping, zooming, and
A. Image-Based Soil Classification

This module involves several key steps: image prepro- contrast adjustments are applied. These augmentations help
cessing, advanced feature extraction using CNNs, and robust the model generalize across varied lighting and soil
model training. conditions.

1) Image Preprocessing and Data Augmentation: Raw soil 2) CNN Architecture and Feature Extraction: The core of the
images are subject to a series of preprocessing steps: image-based soil classification module is a deep convolutional

Resizing and Normalization: All images are resized to a  neural network (CNN) designed to capture fine- grained visual
uniform dimension (e.g., 224x224 pixels) and pixel values  features that distinguish different soil types. The architecture

are normalized to standardize the input. consists of the following key components:
Noise Reduction: Gaussian or median filtering is applied . Convolutional Layers: Multiple convolutional layers with
to reduce sensor and environmental noise. varied kernel sizes extract diverse low- and high- level
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features such as soil texture, color gradients, edge patterns,
and granularity, enabling precise classification. TABLE |

Pooling Layers: Max-pooling is applied to reduce spatial  gyajyation Metrics for Image based Soil Classification
dimensions while preserving dominant features, enhancing

computational efficiency and robustness to scale variations. Metric | Value
- Advanced Feature Extraction: In addition to standard Accuracy | 93.8%
CNN layers, Wavelet Transforms and Gabor filters are Precision | 92.5%
integrated to capture both spatial and frequency domain Recall | 92.0%
characteristics, improving the model’s ability to
differentiate between visually similar soil types. Regularization techniques such as early stopping and dropout

Fully Connected and Dropout Layers: The extracted help ensure that the model generalizes well to unseen data.

features are passed through fully connected layers to form 4) Experimental Evaluation: The performance of the

high-level representations. Dropout layers are employed to  jmage-based module is evaluated using standard metrics:
prevent overfitting by randomly deactivating neurons Accuracy: 93.8%
. . . 0

during training, ensuring better generalization on unseen ..
g g g g Precision: 92.5%

data.
. . . . Recall: 92.0%
Figure 1 shows an overview of the CNN architecture used in our ) ) )
system. Table | summarizes these results. The high accuracy confirms
3) Training and Hyperparameter Tuning: The CNN is trained that the model successfully differentiates between various soil
using a dataset of over 1,200 soil images: types under diverse conditions.
. Training Details: The model is trained for 60 epochs with ) Discussion on Image-Based Approach: The image-
a batch size of 32 using the Adam optimizer. based module demonstrates the potential of deep learning in
Loss Function: Categorical cross-entropy is used to guide au- tomated soil classification, offering a scalable, efficient,
multi-class classification. and non-invasive alternative to traditional methods. Key

Hyperparameter Tuning: A grid search is employed to advantages include:
determine optimal learning rates, dropout probabilities, and . Robustness: Extensive data augmentation techniques,

filter dimensions. such as rotation, contrast adjustments, and noise addition,
enable the model to handle variations in lighting, scale,
USER INPUT sl and soil conditions, ensuring improved generalization.
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Fig. 1. CNN architecture for soil image classification. Hadicon Layers

Fig. 2. General CNN architecture for soil image classification

Despite its strong performance, there is room fpr improvement. While the image-based module is our primary focus, the
Future work will explore more advanced architectures such as system also includes an 1oT-based component. This module uses
ResNet, Vision Transformers (ViTs), and EfficientNet, which 5 hatwork of sensors (temperature, humidity, moisture, and (pH)
offer_better fga_ture extracti_on and hie_rarchi_cal representation  \vith ESP8266/ESP32-CAM and GPS to capture real- time soil
learning. Additionally, multi-modal fusion with 10T sensor data parameters. Sensor data are uploaded to the cloud and processed

and hyperspectral imaging could further enhance accu- racy,  sing regression models for nutrient estimation. A simplified
making the system even more robust and adaptable to diverse i cuit diagram is shown in Figure 2.

agricultural environments.

) ) ) B. System Integration and Mobile Application
A. loT-Based Real-Time Soil Testing

Both modules are integrated into a cloud-based decision
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engine, which fuses image and sensor data to generate
comprehensive soil health reports and crop recommendations. A
mobile application then displays these results along with
geolocation data. Figure 3 illustrates the overall system
architecture.

|. EXPERIMENTAL SETUP AND RESULTS
A. Dataset and Preprocessing

The dataset comprises over 1,200 high-resolution soil im-
ages collected from multiple regions under diverse environ-
mental conditions, ensuring variability in texture, moisture
content, and composition. To enhance model robustness, each
image undergoes a multi-step preprocessing pipeline. This
includes grayscale conversion (if needed), histogram equaliza-
tion for contrast improvement, and Gaussian filtering to reduce
noise while preserving essential features. Normalization is
applied to scale pixel values between 0 and 1, ensuring
consistent input for the CNN model.

To further improve generalization, data augmentation
techniques are employed. These include random rotation (to
simulate different camera angles), horizontal and vertical
flipping (to account for variations in sample orientation), scaling
and cropping (to focus on different portions of the soil structure),
and brightness adjustments (to handle varying lighting con-
ditions). These steps ensure that the model learns invariant
features, making it more robust to real-world conditions.
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Fig. 4. Web app interface displaying soil analysis results.
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Fig. 3. Overall system architecture integrating image-based and loT-based
soil analysis.

B. Model Training and Evaluation

The CNN model is implemented using TensorFlow and
trained for 60 epochs with a learning rate of 0.001, optimized
using the Adam optimizer. The model architecture consists of
multiple convolutional layers followed by batch normalization
and ReLU activation functions, ensuring efficient feature ex-
traction and reducing vanishing gradient issues. Max-pooling
layers are used to downsample feature maps, preserving im-
portant spatial hierarchies while reducing computational cost.

A fully connected dense layer is applied before the final
classification output, utilizing the softmax activation function
to predict the soil type. The model’s performance is evaluated
using standard metrics These results indicate that the model
effectively distinguishes soil types, demonstrating strong
classification capability and reliable feature extraction.

C. Discussion

The performance of the image-based module highlights the
effectiveness of deep learning in extracting intricate soil
features. The use of CNNs enables the model to capture fine-
grained textural patterns that may not be discernible through
traditional analytical techniques. Proper augmentation and
advanced CNN architectures contribute significantly to model
accuracy and generalization across varying soil conditions.

This approach provides a scalable, non-invasive, and rapid
method for soil classification, which can be seamlessly inte-
grated with loT-based nutrient monitoring for a more
comprehensive and data-driven precision agriculture system.
The combination of real-time loT-based analysis and high-
accuracy image classification ensures optimized soil assessment,
aiding farmers in making informed decisions for crop selection,
fertilization, and sustainable land management.
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V. FUTURE WORK

To further enhance the accuracy, scalability, and real-world
applicability of the proposed system, future research will focus
on the following key areas:

Expanding the soil image dataset by incorporating a broader
range of soil types from different geographic regions,
including variations in moisture levels, mineral
compositions, and seasonal conditions..

Implementing advanced deep learning architectures such as
ResNet, Vision Transformers (ViTs), and EfficientNet to
improve feature extraction and classification accuracy,
particularly for complex soil textures..

- Integrating additional preprocessing techniques, including
adaptive histogram equalization, Fourier transform-based
texture analysis, and wavelet decomposition, to further
enhance image quality and feature representation.

- Exploring multi-modal data fusion by combining image-
based classification with hyperspectral imaging, LiDAR
data, and loT-based sensor inputs for a more holistic and
precise soil analysis.

- Conducting large-scale field trials to validate the system’s
effectiveness under diverse environmental conditions and
optimize its real-world performance in precision farming.

VI. CONCLUSION

This paper presented a dual-mode framework for soil analy-
sis, with a primary focus on image-based soil classification. By
leveraging advanced CNN techniques, extensive data
augmentation, and robust training procedures, the proposed
system achieves high accuracy in soil type classification, making
it a reliable and scalable solution for precision agriculture. The
integration of an loT-based real-time nutrient monitoring
module further enhances the system’s capability, offering
comprehensive, data-driven insights to support informed
decision- making in farming.

The promising experimental results validate the approach,
demonstrating its potential to optimize crop selection, fertil-
ization strategies, and sustainable agricultural practices. Ad-
ditionally, the system’s non-invasive, cost-effective, and rapid
analysis capabilities make it an attractive alternative to
traditional soil testing methods. Future enhancements, including
multimodal data fusion, advanced deep learning architectures,
and real-time mobile application integration, will further im-
prove accuracy, usability, and scalability. Ultimately, this work
contributes to the ongoing transformation of precision farming,
leveraging Al and 10T technologies to promote sustainable and
efficient agricultural practices.
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