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Abstract –  

Soil classification is an emerging field of research in present scenario. It is used to comprehend and evaluate 

a particular soil's performance and determine whether the soil is suitable for agricultural purpose or particular 

engineering applications. The typical methods that are employed by farmers are insufficient to meet the 

rising demands, thus they are forced to impede soil cultivation. There are diverse laboratory and field 

techniques for classifying soil like statistical, rule-based and traditional learning methods, but many have 

drawbacks like time consuming and involves domain expert opinion. However, plans are still lacking in 

providing an accurate classification result. We proposed the novel soil classification technique by pre-

processing different soil images and extracting features using Gabor wavelet transform. Further these 

features are classified using Convolutional Neural Network (CNN) classifier. Recognition rate of 98% has 

been achieved by using the proposed method.  
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I. Introduction 

Soil is made up of organic matter, minerals, living 

organisms, water, and air, which are necessary for 

the growth of plants. All the food we consume 

originates from the soil. So, it is essential to 

identify which crop will yield the highest results 

in specific soil types. This leads to the need for 

soil classification [1]. Examining soil as a 

material can be the start of soil classification. In 

the view of a layman – soil is the dust or detritus 

on the surface of the earth. For a farmer, soil is the 

growing medium of the environment for growing 

plants. The concept of soil as a natural body arose 

from its potential to encourage and support crops.  

Soil properties play an important role in the 

evaluation of various agricultural tasks and 

therefore influence agricultural planning. 

Understanding soil properties could provide 

useful information for more logical and careful 

management planning and use in cultivated areas. 

Biota, geological history, and climate are 

important considerations that influence soil 

chemical and physical properties excessively (at 

continental and regional scales), while the 

dominant factors would be topography and human 

activity regulates soil properties on a smaller 

level. The basic components of the soil are 

discrete fragments (e.g., plant fragments, clay 

minerals, quartz grains) that can be seen broken 

up with an optical microscope. Soil structure is 

directly related to the sharpness, shape, contrast 

frequency, size, voids and spatial arrangement of 

key particles. In addition, many of these functions 

depend on the alignment of the ingredients as well 

as the way they are cut and the magnification 

used. The various types of soils based on 

dominating particle size are clay, peat and sand. 

Different combinations of these soils are taken 

into consideration in this paper. 

 

 
Fig. 1  Different types of soils 

 

Traditionally, there are different methods to 

determine soil texture and color. Many methods 

for use in the laboratory and in the field include 

the pipette method, the elutriation method, the 

decantation method, and the Munsell color chart 

method. The USDA triangle method is also 

available for soil classification. The disadvantage 

of these methods is the laborious and time-

consuming processes. Therefore, soil 

classification has attracted the attention of 

researchers on the use of methods based on 

computer vision and image processing in soil 

classification [2]. 

 

II. Literature Review 
In order to capture and process the color images 

of the soil samples, various algorithms and filters 

are created in [3] article. This algorithm extracts 

the many properties, such as color, texture, etc. 

Here, different soil types including alluvial, clay, 

black and red are taken into consideration. 

Constraint clustering and classification, Vane 

Shear Test (VST), Cone Penetration Test (CPT), 

Pressure Meter Test (PMT) and Standard 

Penetration Test (SPT) are some of the traditional 

methods used to classify soil. Among these [4] 

SPT is simple. In this test, classification is done 

based on the moisture content, visual inspection 

and even penetrates through the dense layers. The 

main drawback is costly, time consuming and 

results from SPT cannot be reproduced. In [5] 

CPT, the main drawback is requirement of domain 

expert for analyzing the segmented signals. In 

strength and compressibility tests like field vane 

shear test – exclusive to find the undrained shear 

strength of firm or soft clays. The other side, it is 

only suitable for clays with undrained strengths 

up to about 100 kPa. In [6] PMT, a large number 

of fundamental soil properties are obtained from a 

single test. To derive these properties no empirical 
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correcting factors are needed. But the instrument 

will not penetrate gravels and clay stones.   

Operating in these sands may need borehole to a 

level one or two meters above the desired test 

locations. In [7] VST, the shear strength of soft 

clay at greater depth can be obtained and is 

relatively quick and easy. Here the main concern 

is test cannot be conducted on the fissured 

specimen of clay. In [8] Constraint Clustering and 

Classification (CONCC) is machine learning 

based automatic classifier with segmentation and 

classification are the two phases. In order to 

resolve the imprecision in the measured data, the 

Cone Penetration Test data is first converted into 

"J" segments from a single series of data, and this 

data is then separated into classes using fuzzy 

logic. Therefore, from the above methods we 

understand different types of soil and which crops 

are suitable for which. We concluded that peat soil 

is more suitable for agriculture. Then we have 

known the conventional techniques to classify the 

soil which are time consuming, more cost and 

needs human effort. So, from this we can say that 

there is a need for automated system which can 

classify soil at low cost in less time. 

 

III. Proposed Method 

Convolutional Neural Networks are different from 

other neural networks by their superior 

performance with speech or audio signal, image 

inputs. The core of CNN is convolutional layer 

where the maximum number of computations 

occur. It requires a few components, which are 

input data, a filter, and a feature map.  In this 

classification of soil types, we considered datasets 

containing different types of soils namely clay, 

Clayey Peat, Clayey Sand, Humus Clay, Peat, 

Sandy Clay and Silty Sand. The flow of the 

proposed model is shown in the Fig. 2 in which 

the given input soil image is first pre-processed to 

enhance the image for further analysis. Followed 

by feature extraction methods like HSV – 

histogram, color moments-mean, standard 

deviation, Gabor features, color auto correlogram 

to extract features of soil. Extracting Gabor 

features from the given image plays a very 

important role. From the extracted features, the 

process of separating the various features from the 

retrieved characteristics is feature data 

preparation. Then, with the aid of the above steps, 

a feature database is created. Finally, Gabor based 

features are classified using CNN classifier(G-

CNN). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Block diagram of proposed model 

 

In this method, the dataset is split into training set 

and testing set. A digital image F(x,y) is 

represented as matrix which consists of MxN 

columns and rows. Intensity (color) and 

Coordinates are the two elements that define 

picture element(pixels). Before model training 

and inference, the steps taken to format images 

are image enhancement, feature extraction and 

HSV histogram. When the foreground and 

backdrop are either bright or dark, this procedure 

is helpful. The histograms of different soil images 

are shown in Fig.3. 
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Fig. 3 a)Slity sand histogram b) peat histogram 

 

Color moment of one image is compared to 

the database of digital images with pre-computed 

features in order to find and retrieve a similar 

Image. Each comparison between images results 

in a similarity score, and lower the score is the 

more identical the two images are supposed to be. 

The first and second color moments are computed 

using equations 1 & 2 respectively. 

 

 

 
 

Where number of pixels are represented as N in 

an image and j-th pixel value in the i-th color 

channel of an image is represented as 

Pij. Mean value for the i-th color channel is 

represented as Ei. The Fig.4 shows the color 

distribution of soil images.  

 
Fig. 4 Color distribution of  a)Humus clay  b) Silty sand 

 

A Gabor filter is a type of linear filter used in 

image processing for texture categorization, 

feature extraction and edge detection. In order to 

extract required features from an image, a 

collection of Gabor filters with various 

frequencies and orientations are applied. 

Depending on the texture of the soil multi scale 

Gabor filters were implemented for further 

analysis. By considering two-dimensional Gabor 

filter with frequency f, σ for changing the size of 

an image for analysis depending on its texture and 

texture orientation is obtained by varying θ in a 

specific direction is given in Eq.3. For a variety of 

dilations and 

 

σx, σy) 
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rotations, these filters have a direct relationship to 

Gabor wavelets. But expansion is typically not 
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used for Gabor wavelets since it requires more 

time to compute bi-orthogonal wavelets. As a 

result, a filter bank with different Gabor filters 

rotations and scales are typically developed. 

Therefore, Gabor space is created  

 

 
Fig. 5 Gabor wavelet of a) Sandy Clay   b) Peat Soil 

 

as a result of the filters being convolved with the 

signal. The Fig. 5 shows the Gabor wavelet output 

of sandy clay and peat soil. 

Image comparison and indexing are done by using 

color correlogram. According to the results, this 

correlogram performs better for picture indexing 

and retrieval than both the conventional histogram 

method and the most recently proposed histogram 

refinement methods. The chance of discovering a 

pixel of color j at a distance of k from a pixel of 

color i in the image is defined by the k-th entry of 

an image color correlogram, which is a table 

indexed by color pairings. Such an image function 

demonstrates its ability to survive significant 

changes in the way the same picture appears as a 

result of sharp form changes caused by camera 

zooming, backdrop changes and changes in 

viewing position etc. The Fig. 6 shows the 

similarity between pixels at a distance. The clayey 

sand output value at some places is zero but in 

clayey peat the value is non zero. 

         
Fig.6 Output waveform of a) Clayey sand  and  b) Clayey peat 

 

The Gabor features obtained from the soil images 

is given to the convolutional neural network for 

further classification. CNN consists of 

convolutional layers that extract a characteristic 

from the input data by acting as a filter. This 

convolutional layer contains many filters that each 

extract a separate feature while being applied in 

the same step. The filter's or kernel's size is 

determined by the anticipated size of a given 

feature. After the convolution, subsampling is 

done by the pooling layer where the pixel with the 

largest intensity value will be transferred into the 

subsampled image. Now training is carried out 

through back propagation to adjust the weights 

correctly. The number of steps and epochs are 

important parts of the training process as it may 

lead to under or overfitting. 

 

F
re

q
u
en

cy
 

Intensity 

Intensity 

F
re

q
u

en
cy

 

Intensity 

F
re

q
u

en
cy

 

F
re

q
u
en

cy
 

Intensity 



An Efficient Classification Of Soil Images Using Gabor – CNN                                                                       Section A-Research Paper 
 

Eur. Chem. Bull. 2023, 12(Special Issue 10), 1584 - 1593   1589 

IV. Results 

In the proposed model, the classification process 

involved a total of 180 samples of different soil 

images, among which 80% samples are used for 

training and 20% samples for testing. In the result 

shown in Fig. 7, First, preprocessing (contrast 

enhancement) is done on the query soil picture, 

features are extracted using Gabor and these 

features are classified using CNN showing the 

given test soil image belongs to clay with 

accuracy of 92.8%. 

 

 
Fig.7 Query Soil  - Clay 

 

In the result shown in Fig. 8, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to clayey peat 

with accuracy of 100%. 

 

 
Fig.8 Query Soil  - clayey peat 

 

In the result shown in Fig. 9, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to clayey sand 

with accuracy of 100%. 
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Fig.9 Query Soil  - clayey sand 

 

In the result shown in Fig. 10, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to Humus clay 

with accuracy of 100%. 

 

 
Fig.10 Query Soil  - Humus clay 

 

In the result shown in Fig. 11, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to peat with 

accuracy of 96.1%. 

 

 

 

 
Fig.11 Query Soil  - Peat 
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In the result shown in Fig. 12, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to sandy clay 

with accuracy of 96.1%. 

 

 
Fig.12 Query Soil  - Sandy clay 

 

In the result shown in Fig. 13, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to silty sand with 

accuracy of 96.1%. 

 

 
Fig.13 Query Soil  - Silty sand 

 

In the result shown in Fig. 14, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to clayey peat 

with accuracy of 100%. 
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Fig.14 Query Soil  - Clayey peat 

 

 
Fig.15 Query Soil  - Silty sand 

 

In the result shown in Fig. 15, First, preprocessing 

(contrast enhancement) is done on the query soil 

picture, features are extracted using Gabor and 

these features are classified using CNN showing 

the given test soil image belongs to silty sand with 

accuracy of 100%. 

 

Table 1. Training accuracy results for different soil types 
SOIL 

SAMPLES 

TOTAL NO OF 

SAMPLES 

ACCURACY 

(Correct samples/total samples) *100 

 Artificial Neural 

Network (ANN) 

K-means 

Clustering (KNN) 

Linear Support 

Vector Machine 

(SVM) 

G-CNN 

(Proposed 

Method) 

Clay 28 90 90.5 91.3 92.8 

Clayey Peat 25 93.2 93.8 98 100 

Clayey Sand 25 94.2 95.7 98 100 

Humus Clay 25 95.2 96.8 98 100 

Peat 26 91.5 92.8 95 96.1 

Sandy Clay 25 96.1 96.8 98 100 

Silty Sand 26 93 92.4 94.8 96.1 

 

The Table 1 shows the accuracy of our proposed 

method. For every soil we have taken 

approximately about 20-25 samples to know how 

much error it contained. We can see that for some 
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soils it was able to give almost all samples correct 

which is superior when compared with the 

existing methods like linear SVM, Fine KNN and 

ANN. Thus, by applying G-CNN for the soil 

classification, we have achieved an overall 

accuracy of 98%.   

 

V. Conclusion 

The soil classification is obtained efficiently with 

the help of Gabor Convolutional Neural 

Networks. In this paper, the task of automation is 

carried out with seven different types of soil 

images. These images are collected, pre-processed 

by using HSV – histogram, color moments and 

further feature extraction by using Gabor filter 

and finally through the CNN classifier. Hence, the 

results obtained by using Gabor CNN classifier 

exhibits high level of accuracy when compared 

with the methods by using ANN and linear SVM. 

Different other features can be extracted for 

further real time soil classification in real time. 
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