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ABSTRACT:

The agricultural sector plays a major role in a country within the economy of the nation. In recent years, many
innovations have also been introduced in the field of the agricultural industry. Serious research is happening all
over the world, with the invention of IoT, Big Data Technology, and Machine learning how the farmers and even the
Govt. Entities will help improve this sector with rising demand for agricultural products worldwide. Various soil
properties like ph level, total nitrogen, phosphorus, potassium, carbon contents in soil impacts on crop production
in the agriculture sector. Methods for rapid and accurate soil tests are needed for detecting levels of above index
properties of soil attributes which help the farmer to take correct decision for crop production. Mid- Infrared
Spectroscopy (MIR) is one such technique used to identify the classes and properties of soils with high precision.
In this research work, we are using machine learning model for analysis and prediction of Potassium property by
using Mid-infrared spectroscopy dataset collected from a various sample of California state in the United States.
Our results show that the decision tree regression and random forest regression model gives better accuracy and
through that, we can predict the Potassium level of the soil for helping the farmer for getting right kind of crop in
that soil sample.
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investigation of soil spatial variability
properties, as well as the features and growth
of farm crops.

Infrared (IR) spectroscopy can, at present, be
summarized as spectra, which are interlinked
by means afterwards, Models of calibration
based on the behaviour of the Interest
properties in samples and with the data
obtained and a mathematical model is created
that is used for

The prediction of the characteristics of the
specimens which were not used for model
calibration purposes[6].

This technique is a non-destructive, fast one.
One spectrum only Enables the simultaneous
establishment of several physical properties of
crops and biochemical properties of Soils[7]. It
is also less costly. As opposed to conventional
laboratory analyses, particularly when it is a
large number of samples need to be analysed
about the IR [8][9]. The additional benefit of
the technique is the ability to use Spectral
data as an indicator of the integration of The
quality of the soil and, therefore, can be used
as a tool for the evaluation of the soil
conditions.

Mid-infrared (MIR) spectroscopy is one of the
most important analytical tools used to obtain
real-time information on the qualitative and
quantitative dimensions of analytic[10]. The
wavelength range is 400 to 4,000 cm-1, which
is equal to a wavelength of 2.5 to 25 nm. This
selection is highly important because it offers
direct knowledge of the components of a
sample and its distinctive molecular structure
[11]. While NIR is used more widely, due to the
specificity of the absorption bands in this
spectral range, MIR spectroscopy is becoming
more general [12].Linker demonstrated that
mid-infrared spectroscopy can be wused to
distinguish agricultural soil types consistent

with soil characteristics (for example, calcium
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carbonate minerals, clay, and organic
components)[13]. This identification of soil
types aims to dramatically improve the
determination of nitrate bases in the
soil[13].Different experiments have shown how
data models of MIR sensors outperform those
that use vis-NIR. This can be explained by the
fact that the basic molecular vibrations of soil
components exist in the MIR range, while the
VIS-NIR range senses only their overtones and
variations [8]. Consequently, the MIR
multivariate calibrations are more stable,
which makes sense since the key constituents
of soils are organic carbon and clay minerals
and have well-defined absorption regions,
especially in the MIR range. The present
research aimed to evaluate the potential of
mid-infrared reflectance (MIR) spectroscopy for
the analysis and prediction of Potassium in
various agriculture soil samples in California
state of United State of America (USA).
MATERIAL & METHODS:

1.1 Database for model development

For this research study, we had obtained the
data from The USDA NSSC-KSSL soil spectral
library and associated SCD (as of June 2018).
This actual data contains more than 50,000
spectral data of various soils across the
different states of the United State of America
(USA). Diffuse MIR reflectance spectrometers
were acquired using a Bruker Vertex 70 FTIR
spectrometer with a high-performance HTS-XS
Diffuse Reflectance accessory for air-dried,
seven (2 mm) and ball-milled soil samples[14].
Each sample of soil was quadruplicate
screened and the spectra were combined to
provide a representative spectrum for each
sample of soil. For the experimental purpose,
we had taken data for analysing Potassium
property from the soil sample of California

state. Total of 416 soil samples and their

Page 74



[JRBAT,Issue (IX), Vol. I, Jan 2021: 73-77

A Double-Blind Peer Reviewed & Refereed Journal

measured value of potassium is available in

this dataset.

1.2 Model Selection

Several machine learning algorithms under the
supervised category are available for analysing
and checking the model performance on this
numerical dataset available for potassium. We
had considered only the Soil Id i.e. soil sample
and its measured potassium value from the
available dataset for simplicity. The train test
split is kept as a 70-30% ratio, so that model
will learn from more data. We had applied all
possible regression model of machine learning
which includes decision tree, random
forest[15], linear regression|[15], support vector
machine regression and compared this model
on different parameter Root mean square error
(RMSE)and accuracy score for training and
testing dataset.

After analysing above soil spectra, as the
spectroscopy range increases the observed
values of potassium property is getting
diminished. The potassium property values are
better observed when the value of reflectance
is between 1750 — 750 nm. The best or pick
value is observed at an approx. value of 847
nm reflectance of spectroscopy.

RESULT & DISCUSSION:

3.2 Model Performance

After applying several machine learning
models on the available dataset, the
comparative analysis of performance is shown
in below table 1.

From table 2 it is analysed after performing
several machine learning algorithms on an
available dataset of potassium soil property
that Decision Tree and Random Forest
algorithm perform better compared to another

algorithm. The RMSE values for decision tree
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for training and the testing dataset are 0.00
and 4.70 respectively whereas for random
forest algorithm it is 2.76 and 4.43 for training
and testing dataset respectively. Hence by
observing all values we can conclude that the
random forest algorithm performs better for
analysing and predicting potassium soil
property in the state of California.
CONCLUSION:

With the help of MIR Infrared spectroscopy,
various soil properties were demonstrated in
related spectral regions, but with the
dissimilar level of spectroscopy reflectance
range.

Through this research and results drawn after
applying Machine Learning models, by using
mid-infrared (MIR) reflectance spectroscopy, a
large number of soil samples to identify
various properties like potassium, carbon,
nitrogen can be identified. Although we had
analysed potassium property in this work and
found that random forest gives Dbetter
performance on this soil sample from
California state, but in future, we would like to
perform various calibration and testing of
different properties on multiple soil samples
from the different state of USA. We would also
like to focus on MIR Spectroscopy range for

different soil properties as future work.
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Figure 1: Soil Spectra

Table 1: Calibration and validation results on potassium soil properties

Model Accuracy(train) | Accuracy(test) | RMSE(train) RMSE(test)
- 100.0 85.15 0.00 4.70
Decision Tree
Random Forest 98.56 88.23 2.76 4.43
. . 19.60 18.69 7.94 7.61
Linear Regression
Support Vector 1.525 8.61 8.01 7.73
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