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Abstract: Urea is the most common fertilizer used by the farmers. In this study, the variation of mid-infrared transmittance spectra with addition of urea in soil was studied for five different concentrations of urea. 150 gm of soil is taken and dried in a hot air oven for 5 h at 80°C and then samples are prepared by adding urea and water to it. The spectral signature of soil with urea is obtained by using an Infrared Spectrometer that reads the spectra in the mid infra-red region. The analysis is done using Partial Least Square Regression and Support Vector Machine algorithms by applying Savitzky Golay filter and Gaussian filter. The score plot, prediction and reference plots are used in the analysis using PLSR. RMSE and R-squared value are obtained from the analysis. It is evident that the detection accuracy was appropriate for Gaussian filter compared to Golay filter for both the PLSR and SVM models. The RMSE for PLSR is 0.8% and for SVM is 16%. The results show that Support vector machine model has higher accuracy compared to Partial least square regression model considering the prediction for which R square value is 0.99 with and without filters. SVM model gives better prediction without filters.

Keywords: Infrared spectroscopy; soil; partial least square regression; support vector machine

1  Introduction

Soil is an important source of nutrients, minerals and several other constituents that is required for plant growth and for decomposing the dead matters. The essential macronutrients for plants present in the soil naturally are Nitrogen (N), Phosphorus (P) and Potassium (K). The NPK level in the soil will decide which plant is suitable for their land. NPK may be present in their form or different form i.e., the nitrogen may be in ammonia form. The nitrogen present in the soil may get evaporated. Several fertilisers are used to improve NPK content in soil. Soil nitrogen is an important component that enriches the plant growth. The most common fertilizer to improve the nitrogen content in soil is urea. The excess use of urea can also damage the crops. It is therefore essential to analyse the urea content in soil and thereby estimate the amount of nitrogen in soil. The standard methods are costly when a large number of samples is needed for analysis. Therefore, rapid and low-cost technique is needed for precision farming. Mid Infra-red (MIR) spectroscopy method shown to be fast, simple, convenient, accurate and able to analyse more nutrients at the same time.

Near Infra-red (NIR) spectroscopy is used to find chemical and physical properties of the samples which samples are measured using NIR spectroscopy. In this method 165 samples were collected from a particular area in different places, 135 spectra samples were used during analysis of nutrient content and calibration. They have used principle component analysis (PCA) and partial least square algorithm (PLS). This method is expensive when a high number of samples are used for testing [1–4]. In imaging spectroscopy, the main parameters discussed are soil erosion, deposition, soil genesis and formation, soil contamination, salinity, soil mapping and classification, soil swelling and soil water content [5]. Using the electrical properties of the plant tissues, it is easy to find the Nitrogen statues of plants [6]. The sensing methods are used to supervise soil carbon effectively, and it is critical to implementing best agronomic practices that require carbon sequestration and greenhouse gas (GHG) emission reduction [7]. The sensing will help to better articulate the carbon sufficient level will be known and it will fulfil the need of carbon in food, fibre, environmental and climate adaptation [8]. The impact of drying and sieving the soil samples while determining the total nitrogen, phosphorus and potassium contents in a soil sample, by using Vis-Near Infrared Spectroscopy and Mid-Infrared spectroscopy shows that the high prediction error can limit the applicability of spectroscopy to direct the use of the variable-rate application offer within the scope of precision farming [9]. The effect of two digestion methods like standard Kjeldahls and salicylic acid modification were analysed on plant nutrients [10]. For characterizing the mesenchymal stem cells growth this paper suggests using electrode based electrical impedance spectroscopy chips by eliminating the use of chemical marker [11]. The leaf epidermal chlorophyll and polyphenol content were measured by Dualex, SPAD and SPAD/Dualex ratio methods and compare the result. From the experiment result it shows that the SPAD/Dualex ratio and Dualex are the more hopeful method for Nitrogen measurement [12]. The method used for measuring Crop Nitrogen Status (CNS) were concentration tests of petiole sap nitrate and leaf chlorophyll then the final one is crop light reflectance test. It also covers most recent CNS assess methods [13].

The understanding of soil organic and moisture content is responsible for the plant growth and health. The ability of predicting these components using a Near Infrared Sensor was examined. The different pre-processing techniques to remove outliers were detailed. The Standard error technique was used to validate the NIR sensor prediction of organic matter and moisture level [14]. A partial least squares (PLS) model for determining the contamination level of zinc (Zn) and cadmium (Cd) in soil were proposed [15]. The comparison of the four methods like salicylic acid modification, combustion using LECO FP-428, phenyl acetate addition and NO3-N to NH4-N reduction with standard Kjeldahl nitrogen digestion method were done. The nitrogen content was measured on soil, water and body and plant tissue. This analysis helps to choose the correct method based on the requirement [16]. The three calibration methods like partial least squares regression (PLSR), principal component regression (PCR) and back propagation neural network (BPNN) were taken and analysed to estimate Sodium (Na), Potassium (K), Phosphorous (P) and Magnesium (Mg) content of soil [17]. The soil sample is collected from the ground and soil spectral data collected from the lab and satellite sensor [Remote sensing data]. By using the soil sample the attributes like sand, clay, were calculated by the laboratory analyses method. The multiple regression method is used to estimate the soil attributes. The estimated soil attribute from Remote Sensing data and calculated soil attributes from field soil samples were evaluated using R-squared (R2) value [18].

The canonical discriminant analysis, principal component analysis and depth of band analysis were done for examining an iron content and organic matter. From the analysis result it is clear that the spectral shape is affected by the iron and organic matter [19]. The N content calculated by the two wavelength [690 nm and 730 nm] ratio. And it also details the advantages of statistical methods by comparing it with reflectance-based measurements [20]. Soil water content is determined by developing the model called Soil Moisture Gaussian Model using Gaussian function [21]. The hyperspectral index of a single leaf is not that much sensitive to N content when the nitrogen fertilization is high. But the proposed method using a modified simple ratio of leaf positional difference is highly correlated to all levels of Nitrogen fertilization [22]. The soil properties are measured using visible and short wave near infrared spectroscopy and it is found that least square support vector machine outperformed the partial least square model [23]. Soil organic matter and pH is studied using vis-NIR spectra and it is found that extreme learning machines provide accurate results when used with genetic algorithm [24]. Soil total nitrogen content is studied using deep learning models [25]. The literature study shows that all the existing methods are laboratory based and consumes lot of time to study the soil major nutrients. Also, all the methods involve high cost analytical instruments for measurement and analysis. The proposed method is an approach to implement machine learning algorithm into a handheld spectrometer using the MIR (5.5 μm to 12.5 μm) data for identifying the soil nutrients more precisely and accurately. In this project work, the data is mainly analysed for the variation in urea content in soil as it is the most commonly used fertilizer to enrich the nitrogen fixation in soil. The entire analysis is done using Unscrambler (Evaluation version) tool.

2  Materials and Methods

The land is prepared (548 × 640 cm area) in an Agricultural plot, Bannari Amman Institute of Technology College, Sathyamangalam, and Tamilnadu. Soil samples were collected from the prepared plot. Soil samples were transferred to air tight plastic bags. By sieving process, grass, stones and other external objects were removed from the soil samples. Here the sieving is done using 2 mm sieve.

2.1 Soil Sample Preparation

150 gm of soil is taken and dried in a hot air oven for 5 h at 80°C. It was split into 6 samples, each sample containing 20 gm of soil. Urea is added with each 20 gm soil as 0, 0.5, 1, 2, 3 and 4 gm respectively. Then, the soil sample is mixed with 10 ml of water and kept for one day is mixed with 25 ml of water and stirred. Next the mixed soil sample is filtered, and water sample collected in beaker. Then finally filtered with help of filter paper and collected in the sample tubes for MIR spectroscopy analysis.

2.2 Mid-Infrared Spectroscopy

Mid-infrared spectroscopy is a very essential and generally used sample analytical method. It detects the fundamental vibrations of minerals and organic matter, which have strong absorptions. MIR is used in chemical composition of materials. MIR spectroscopy is mostly used in the pharmaceutical industry because of high informational content of the spectra. The spectral range of the MIR spectroscopy is 400 cm−1– 4000 cm−1 (2500 – 25000 nm). Electromagnetic radiation is passed through the sample, the sample absorbs and reflects the radiation, with help of the absorption and reflection, the spectra is created. The resulting spectral signature shows how much energy was absorbed at each wavelength. It also responds to mineral composition and soil organic. The absorption reveals the molecular structure of the sample and quality of the sample. MIR is low cost, to detect the soil without chemical components and easy to work.

The Beer-Lambert law gives the relationship between the light attenuation and the same substance’s properties. The relationship can be exp


A = ϵcl
(1)

where,

A is absorbance (no units)

Ɛ - Molar absorptivity (L mol−1 cm−1)

l - Sample’s path length (cm)

c - Compound concentration (mol L−1)

Attenuated Total Reflection (ATR) is a wave which is penetrating the electromagnetic field whose intensity decays quickly as it moves away from that source. The beam interacts and absorbs energy from the sample. So, the reflected wave’s intensity which reaches the detector is reduced. An Attenuated Total Reflection is the most essential technique used in laboratories for sampling, allowing for quick analysis of liquid and solid materials. MIR spectra are a powerful technique to identify the unknown chemicals. ATR generally allows little or no preparation of samples which greatly accelerates sample analysis. It allows the IR beam to penetrate into the sample in very thin path length and depth. It is useful for samples which are too thick to be examined during transmission and those which absorb radiation strongly.

Absorbance is a measure of the amount of light with a defined wavelength which prevents a given material from going through it. The transmittance is described as the ratio of the transmitted intensity over the light intensity.


T=II0
(2)

where,

T - Transmittance (No unit)

I - Intensity of incident light (candela)

I0 - Intensity of reference light (candela).

2.3 Data Collection from Mid-Infrared Spectroscopy

In order to measure a sample in a spectrometer, a reference sample is required for performing computations. In the proposed method, the sample is analysed in the Mid Infra-red region of the spectrum. Here, water sample is used as reference as the soil samples are prepared using water. Once the sample is placed on the spectrometer, it starts scanning the sample and the intensity of the sample under test is recorded for the wavelength from 5.5 μm to 12.5 μm (wavenumber 1800 cm−1 to 800 cm−1) with a sample interval of 0.04 μm. Hence, for a single sample, 128 intensity data are recorded for the wavelength from 5.5 μm to 12.5 μm in Comma Separated Value (CSV) format and the readings can be visualised as a graph between intensity and wavelength on the interface software of the spectrometer. First, the water sample is to be analysed in MIR spectroscopy. Then the soil samples are intensity spectra is recorded as it is done for the water sample. Each soil samples are subject for recording 30 spectral data in order to train the model developed using Partial Least Square Regression (PLSR) and Support Vector Machine (SVM). This is the initial procedure for collecting the data. This process is repeated for the remaining five soil samples. Finally, 6 types of sample data are collected in six different folders. Each data folder contains 33 data sets, which contains 3 water samples data and 30 soil samples data. The folders’ names are indicated as Pure Soil, Soil Urea 0.5 gm, Soil Urea 1 gm, Soil Urea 2u gm, Soil Urea 3 gm, Soil Urea 4 gm. All folders are consolidated with the help of python program.

2.4 Partial Least Square Regression

Partial least squares regression is a popular numerical method. The basic principle of PLSR is finding the correlation between the sample and variable. The sample data is plotted and decomposed into latent structure after several iterations. Then the T vector was found which shows most variation in sample data. The same plotting and decomposition were done for variable data also. The most variation in variables was represented by the U vector.

The plotting of u and t will give the relationship between variable and sample. The underlying model of PLSR is given as


X=TPT+E
(3)


Y=UQT+F
(4)

where

Y - Sample matrix

X - Variable matrix

U and T - Projection of Y and X matrices

P and Q - Orthogonal matrices

E and F - Errors

Using the projection [U, T] and orthogonal matrices [P, Q] were able to construct the regression model between X and Y. The regression equation is given as


Y=Xβ+ϵ
(5)


Y=ThCh′+ϵh=XWh(Ph′Wh)−1Ch′+ϵh
(6)


Y=Xβ+ϵ
(7)

where


β=Wh(Ph′Wh)−1Ch′
(8)

Y - Sample matrix

X - Variable matrix

Th, Ch, Wh, Ph - Matrix generated by PLSR algorithm

ε_h - Residual matrix

2.5 Support Vector Machine

Support vector machine was used for multi class classification. The number of SVM models used for multi classification was equal to the number of classifications. The SVM model is given below


12(ωm)Tωm+C∑i=1l⁡ξim
(9)


(ωm)Tϕ(xi)+bm≥1−ξim,ifyi=m
(10)


(ωm)Tϕ(xi)+bm≤1−ξim,ifyi≠m
(11)

where,

ξim≥0,i=1,…..,l
xi - Training data

ϕ, C - Penalty parameter

For minimizing 
12(ωm)Tωm
, maximize the margin between two data groups.


2||ωm||
(12)

The k decision function is given below


(ω1)Tϕ(xi)+b1, (ω2)Tϕ(xi)+ b2,……….(ωk)Tϕ(xi)+bk
(13)

The variable x belongs to which class is depended on the k decision function

Class of variable x,


argmaxm=1,…k((ωm)Tϕ(xi)+bm)
(14)

3  Results and Discussion

The soil divided into 6 parts and in each part, urea was mixed at different concentrations. The 6 soil samples were analysed using MIR spectroscopy. First the raw data was used to develop the PLSR and SVM model for soil classification based on urea content. Then the data was pre-processed using Savitzky-Golay filter (zero order) and Gaussian filter (window size 7). Again, the PLSR and SVM model was developed for pre-processed data. After that all the two models with and without filtered data were compared for finding the best method. All the spectral analysis, pre-processing and model evaluation techniques are done using the Unscrambler (Evaluation version) tool and is discussed in the following sections. It is observed that results show that Root Mean Square Error (RMSE) is very minimum using PLSR model compared to SVM model as indicated in Tab. 1. Though PLSR model has the RMSE value of 0.8% when compared to SVM model which has RMSE value of 16%, the prediction accuracy is decided by the R2 value. From Tab. 1 it is evident that SVM model gives better prediction compared to the PLSR model as its R2 value is 0.99.
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3.1 Soil Spectral Analysis Without Filter Using Partial Least Square Regression

The 6 types of soil samples with various urea concentration are analysed using the MIR spectroscopy. The spectra of standard urea solution using FTIR has peaks that can be observed in the range from 1500 cm−1 to 1800 cm−1 and from 3500 cm−1 to 3800 cm−1 [7]. The line graph plot for the entire raw spectroscopy data is shown in Fig. 1a. In this graph, the x-axis is the wavenumber in cm−1 of spectrum and y-axis represent the transmittance value in percentage. For classifying the different concentrations of urea in the soil spectra, spectrum data between wavenumber 1300 cm−1 and 1850 cm−1 as shown in Fig. 1b is taken for further analysis. From Fig. 1, it can be clearly observed that the variation in soil spectra for different concentrations of urea is seen at wavenumber 1560 cm−1.

[image: images]

Figure 1: Soil urea transmittance spectra plotted using the recorded mid infrared spectrometer data. The recorded intensity is converted into transmittance and plotted against the wavenumber in cm−1 (a) entire spectra (b) spectra between wavenumber 1300 cm−1 and 1750 cm−1

The PLSR model was developed for the soil spectra dataset between wavenumber 1300 cm−1 and 1850 cm−1. For model valuation the score plot was used and it is shown in Fig. 2a. It shows the details of the classification of soil based on the projection of data. For finding the outliers the Hoteling’s T2 was used which is represented as an eclipse. The data at the outside of eclipse are considered as outliers. The factor 1 in the X-axis shows that 87% of X variation tells 87% of Y variation and similarly factor 2 gives the details of X and variation. These factor details are important for model evaluation.
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Figure 2: PLSR evaluation plot for soil transmittance spectra without filter [for wavenumber between 1300 cm−1 and 1850 cm−1] (a) Score Plot - shows the details of the classification of soil based on the projection of data. (b) The predicted and reference sample of calibration and validation dataset

The predicted and reference sample of calibration and validation dataset were shown in Fig. 2b. It provides the slope and offset value of the regression equation used for calibration and validation model. Then for evaluating the designed model Root Mean Square Error and R-squared values were used.

The R-squared value i.e., the coefficient of determination is calculated using the formula


R2=1−SumofSquaresofResiduals(RSS)TotalSumofSquares(TSS)
(15)

The Root Mean Square Error (RMSE) is the standard deviation of the residuals i.e., the prediction errors and is obtained by squaring the residuals, find the average of the squared residuals and finally taking the square root of the results. The RMSE shows how far the data points are closer to the regression line. It is given by


RMSE=∑i=1N⁡(xi−xi^)2N
(16)

where

xi - Actual observations


xi^
- Predicted value

N – Number of non-missing data points

i – variable index

3.2 Soil Spectral Analysis Without Filter Using Support Vector Machine

The spectrum data with wavelength 1300 cm−1 and 1850 cm−1 was taken and developed using SVM. The SVM classifies the urea content in soil based on the hyperplane. The number of hyperplanes depends on the number of samples needed to be classified. The classification of soil using SVM based on urea content is shown in the Fig. 3. The designed calibration and validation model were evaluated using Root Mean Square Error and R-squared values.
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Figure 3: SVM evaluation plot for soil transmittance data without filter [between 1300 cm−1 and 1850 cm−1 wavenumber] shows the urea content in soil based on the hyperplane

3.3 Soil Spectral Analysis with Savitzky-Golay Filter Using Partial Least Square Regression

The Savitzky-Golay filter is applied to the spectrum data for smoothing the signal. It is used to reduce the presence of tiny noise signals. The concepts behind this filter are convolution and polynomial approximation. The polynomial coefficients are linear to the raw data values. If the smoothing window size is N*N and the polynomial order is k. The general filter equation for smoothing is


gx,y=∑j=−nn⁡∑i=−nn⁡Ci,jfx+i,y+j
(17)

where,

n = (N−1)/2

C = Convolution matrix

fxy = Original/raw data


f(xi,yi)=a00+a10xi+a01yi+a20xi2+a11xiyi+a02yi2+…+a0kyik
(18)

For fitting the polynomial in the raw data equation, the coefficient has to find by solving the least square


A.a=f
(19)

where

A is Polynomial coefficient vector


a=(a00a01a10…aok)T
(20)

Coefficient matrix compute by


(AT.A).a=(AT.f)
(21)


a=(AT.A)−1.(AT.f)
(22)

Because of linearity fitting to the data, the coefficient should be calculated independently. For that the unit vector replaces the f in the equation. Then the coefficient matrix converted as follows


C=(AT.A)−1AT
(23)

The 1st coefficient was used to smooth the spectrum data. The other coefficients were used to compute derivatives. The Golay filtered data with wavenumber 1300 cm−1 and 1850 cm−1 after was considered for urea content classification. The PLSR model was developed using the new dataset. The same steps and plots discussed in 3.1 were used to evaluate the PLSR model. The evaluation plot of the developed PLSR model after applying Golay filter is shown in Fig. 4. The score plot displayed Fig. 4a shows that the 90% of X variation gives information about 90% of Y variation. It seems that when compared to no filter method, the Golay filter method gives more correlation between the samples and variables. This pre-processing technique gives acceptable Root Mean Square Error and R-squared values which is seen in the bottom of Fig. 4b.
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Figure 4: PLSR evaluation plot for soil transmittance spectra with savitzky golay filter [for wavenumber between 1300 cm−1 and 1850 cm−1] (a) Score plot - shows the details of the classification of soil based on the projection of data. (b) The predicted and reference sample of calibration and validation dataset

3.4 Soil Spectral Analysis with Savitzky-Golay Filter Using Support Vector Machine

The spectrum data after applying Golay filter with wavelength 1300 cm−1 and 1850 cm−1 was taken and developed using SVM. The classification of soil based on urea content is shown in the Fig. 5. The same parameters as no filter were used to evaluate the model. By comparing the Golay filter and no filter result. It seems that the no filter gives good Root Mean Square Error and R-squared values.
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Figure 5: SVM evaluation plot for soil transmittance data with savitzky golay filter [between 1300 cm−1 and 1850 cm−1 wavenumber] shows the urea content in soil based on the hyperplane

3.5 Soil Spectral Analysis with Gaussian Filter Using Partial Least Square Regression

The Gaussian filter is based on 2-D convolution and it is used to smoothening the data by removing the noise. It is somewhat similar to the mean filter, but the kernel used in this filter varies. A Gaussian filter alters the input data by convolution with the help of Gaussian function. In 1D, the Gaussian function is given as


G(x)=12πσe−x22σ2
(24)

where σ - Standard deviation

The Gaussian function of 2D is given as


G(x,y)=12πσ2e−x2+y22σ2
(25)

where σ - Standard deviation

The Gaussian filter was applied to the raw spectrum data to smoothening the signal. After pre-processing by Gaussian filter the spectrum data with wavelength 1300 cm−1 and 1850 cm−1 was taken. The PLSR model was developed for this new dataset. The PLSR score plot of Gaussian filter data is shown in Fig. 6a which tells that the 91% of X variation gives information about 91% of Y variation. This filter data gives 1% extra correlation between the samples and variables than the Golay filter data. The bottom of the Fig. 6b shows the predicted and reference data plot and it clears that this type of filter gives better Root Mean Square Error and R-squared values compared to the Golay filter.
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Figure 6: PLSR evaluation plot for soil transmittance spectra with gaussian filter [for wavenumber between 1300 cm−1 and 1850 cm−1] (a) Score plot - shows the details of the classification of soil based on the projection of data. (b) The predicted and reference sample of calibration and validation dataset

3.6 Soil Spectral Analysis with Gaussian Filter Using Support Vector Machine

The spectrum data after applying Gaussian filter with wavelength 1300 cm−1 and 1850 cm−1 was taken and developed using SVM. The classification of soil based on urea content is shown in the Fig. 7. It can be observed that the predicted and reference are associated close to each other.
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Figure 7: SVM evaluation plot for soil transmittance data with gaussian filter data [between 1300 cm−1 and 1850 cm−1 wavenumber] shows the urea content in soil based on the hyperplane

The Tab. 1 shows the comparison of the calibration and validation of PLSR and SVM model developed using data without filter, with Golay Savitzky filter data and with Gaussian filter data. From the Tab. 1 it clarifies that the SVM gives better R-squared values in all the cases compared to the PLSR method. Also, it can be observed that spectral analysis with Gaussian filter provides 99% accuracy which is the highest compared to the spectral data analysis without filter and with Golay Savitzky filter for both the methods. Since, SVM shows better performance with and without filter and hence it is proposed to use SVM compared to PLSR for implementation.

4  Conclusion

Soil urea detection based on Mid Infrared spectroscopy and machine learning has become more feasible but the performance of prediction is based on the algorithms implemented. The result of this work indicates that the pre-processing technique is much important for increasing the accuracy of soil urea detection. The best pre-processing technique is assessed by comparison. This comparison shows that the Gaussian filter is better than the Savitzky-Golay filter. RMSE is 0.8% for PLSR model and 0.16% for SVM model without filter and is further reduced when pre-processing is used with Golay and Gaussian filter. Though RMSE is very low for PLSR, R square value decides the prediction of results and the results shows that SVM has better R square values with and without filter. The R-squared parameters values shows that Support Vector Machine model has higher accuracy compared to Partial Least Square Regression model with a factor of 0.99. In future, a portable handheld device will be designed in by incorporating this model. This device definitely will revolutionize the agricultural field. The farmer can use this device for protecting their crops from excess and lack of urea content. It helps them to increase their productivity.
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Table 1: Comparison of PLSR and SVM without applying a filter, with golay savitzky filter and with gaussian
filter based on the root mean square error (RMSE) value and R-square value
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