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Featured Application: Rapidly and quantitatively determine soil water-soluble nitrogen based
on surface-enhanced Raman spectroscopy.

Abstract: An accurate and rapid determination of soil water-soluble nitrogen is conducive
to scientific fertilization in precision agriculture. Surface-enhanced Raman spectroscopy (SERS)
is a highly sensitive fingerprint with the advantages of simple operation and high detection
efficiency. In this paper, partial least squares (PLS), principal components analysis (PCA), and least
squares supports vector machine (LS-SVM) were applied to analyze the relationship between
soil water-soluble nitrogen concentration and SERS. The results showed that the SERS-enhancing
effect based on Opto Trace Raman 202 (OTR 202) was better than that of silver nanosubstrate and
gold nanosubstrate. In addition, the prediction accuracy of soil water-soluble nitrogen in PLS
was the highest (R2

p = 0.91, RMSEp = 8.76 mg/L, RPD = 3.00) when the original spectra were
preprocessed with first-derivative. Moreover, 1028, 1370, 1436, and 1636 cm−1 could be determined as
characteristic peaks of soil water-soluble nitrogen, the association between soil water-soluble nitrogen
concentration and a SERS intensity of 1370 cm−1 was the highest (R2

p = 0.94), and the regression
equation was y = 93.491x + 1771.5. Beyond that, the prediction accuracy of distinguishing between
a low soil water-soluble nitrogen concentration (22.7–63.7 mg/L) and a high soil water-soluble
nitrogen concentration (70.5–118.3 mg/L) based on PCA and LS-LVM was 86.67%. In conclusion,
soil water-soluble nitrogen could be detected rapidly and quantitatively using SERS, which was
beneficial to provide a rapid, accurate, and reliable scheme for scientific and precise fertilization.

Keywords: soil water-soluble nitrogen; Surface-enhanced Raman spectroscopy (SERS); PLS; PCA;
LS-SVM; precise fertilization

1. Introduction

Soil nitrogen is the key parameter supporting plant growth and development. There are many
forms of nitrogen in soil, with soil water-soluble nitrogen being one of the more important substances
that plants can absorb directly [1]. However, the content of water-soluble nitrogen in soil is low.
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Therefore, it is necessary to accurately determine soil water-soluble nitrogen, so as to provide a scientific
basis for rational fertilization [2]. The acid hydrolysis [3], the alkali hydrolysis diffusion [4], and the
alkaline hydrolysis distillation [5] methods are the traditional chemical methods for the determination
of soil water-soluble nitrogen. Although these methods are highly sensitive, the disadvantages of
tedious measurement, long detection time, and expensive reagent limit their development [6]. In recent
years, spectral technology has been widely applied to soil nitrogen detection, among which near
infrared spectroscopy has certain advantages and application prospects [7,8]. However, near infrared
spectroscopy cannot overcome the effect of moisture on soil nitrogen detection, which limits its
practical application in nitrogen detection to a certain extent, especially the detection of water soluble
and hydrolytic nitrogen [9,10].

Surface-enhanced Raman spectroscopy (SERS) has attracted wide attention in recent years.
The principle is that the molecular signals in the chemical compound can be enhanced when the
detected materials surface adsorb some nanoscale rough metals (such as gold, silver, and copper) [11].
Beside this, SERS also has the advantages of simple pretreatment, convenient equipment, and fast
detection speed, which makes it suitable for the rapid screening of complex compounds [12].
Some researchers have applied SERS to nitrogen molecular analysis. El Torres et al. [13] successfully
applied SERS based on silver colloids to trace the determination of nitrogen-containing drugs.
Li et al. [14] monitored nitrogen assimilation at the levels of large cells and single cells by SERS
combined with the stable isotope detection technique. The results indicated that the nondestructive
approach could identify active nitrogen assimilation cells for genomic analysis and provide a theoretical
basis for further comprehending the nitrogen metabolism of environmental microorganisms.
Vlasov et al. [15] found that the first and second order Raman spectroscopy (RS) of disordered
graphite and polyacetylene could be applied to detect and analyze different nitrogen content
using 514.5 and 413.1 nm laser excitation. Furthermore, the adsorption and orientation of nitrogen
compounds on the surface of iron in an acidic solution by SERS was studied and discussed in Uehara’s
research [16].

In the study of soil water-soluble nitrogen in agriculture, many domestic and foreign scholars
have carried out relevant research. However, there are few studies on the application of SERS
in the determination of soil water-soluble nitrogen. In this paper, the purpose of this study is to
apply the SERS technique to detect soil water-soluble nitrogen quickly and accurately. Moreover,
the enhancing effects of silver colloid, gold colloid, and Opto Trace Raman 202 (OTR 202) were
compared. As a result, we established the regression equation between SERS characteristic peaks
intensity and soil water-soluble nitrogen, which helped to improve the efficiency of soil water-soluble
nitrogen detection and provide a scientific guidance for urea fertilization.

2. Materials and Methods

2.1. Experimental Materials and Sample Preparation

The experimental soil samples were acidic red soil which was collected from the Qingyuan
county, Zhejiang province, China (N 34◦44′, E 127◦45′). Urea is the main source of soil water-soluble
nitrogen in agriculture. In this experiment, the process of specific sample preparation was as follows.
First, soil samples were air-dried and sieved through 80 mesh sifters (0.18 mm). Second, 15 samples
(each sample weighing 5 g) were accurately weighed, mixed with 5 mL urea solutions respectively,
and stirred adequately. Third, each soil sample was placed in a 40 ◦C oven for 48 h and then mixed
with 100 mL distilled water and stirred. Fourth, all soil samples were placed in a 20 ◦C environment
for 24 h. Finally, soil sample solutions were filtered through 0.22 µm organic membranes and the
supernatant was obtained. The final soil water-soluble nitrogen concentrations were 22.7, 29.6, 36.4,
43.2, 50, 56.7, 63.7, 70.5, 77.3, 84.1, 91, 97.8, 104.6, 111.4, and 118.3 mg/L. There were eight samples for
each concentration and 120 samples in total.
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2.2. Nano-Sol Substrate Preparation

The preparation of silver colloid was established on the basis of the Lee–Meisel trisodium citrate
heating reduction method [17]. The process of silver nanosubstrate preparation was as follows.
First, a silver nitrate solution (180 mg/L) was heated at a high temperature on a constant-temperature
magnetic stirrer. Second, 1% trisodium citrate solution was dropwise added into silver nitrate solution
and then stirred at 200 rpm. Third, heating and stirring was stopped when the solution turned
grey-green within 25 min. Fourth, when the heating temperature dropped, the silver nitrate solution
was poured into a centrifuge tube and stored in the dark at 4 ◦C after repeating purification.

In this experiment, we have made a slight improvement on the preparation of nanogold through
the heating reduction of trisodium citrate [18]. The preparation process of gold nanosubstrate was as
follows. First, the chloroauric acid solution (50 mg/L) was heated to 120 ◦C in a constant-temperature
magnetic stirrer; then, 4 mL citric acid trisodium sodium solution (5 mg/mL) was added to the above
solution. Second, the solution was stirred at 100 rpm until the color of gold sol turned wine red.
Third, when the heating temperature dropped, the gold nitrate solution was poured into a centrifuge
tube and stored in the dark at 4 ◦C after repeating purification.

In addition, in this paper, the OTR 202 nanomaterials produced by OptoTrace Technologies, Inc.
(Suzhou, China) was also used in this paper. It has the advantages of an obvious enhancement effect,
uniform nanoparticles, and low cost.

2.3. Experimental Instrument

The experimental instruments mainly used in this study are as follows: (1) RmTracer-200-HS
portable Raman spectrometer, combined with a 785 nm excitation wavelength diode-stabilized
stimulator (Opto Trace Technologies, Inc., Silicon Valley, CA, USA); (2) FA1004B electronic
balance (Shanghai Shangping Instrument Co., Ltd., Shanghai, China), whose accuracy is 0.1 mg;
(3) JW-1024 low-speed centrifuge (Anhui Jia Instrument and Equipment Co., Ltd., Hefei, Anhui,
China), whose maximal speed is 4500 r/min; (4) Vortex-Genie 2/2T vortex mixer (Shanghai Ling
Early Environmental Protection Instrument Co., Ltd., Shanghai, China); (5) Agilent 1290 Ultra
Performance Liquid Chromatography Combined Photodiode Array Detector (Agilent Technologies,
Santa Clara, CA, USA); (6) the column, Agilent ZORBAX SB-C18, 150 mm × 2.1 mm, 3.5 µm
(Agilent Technologies, Santa Clara, CA, USA); (7) the FEI Tecnai G2 F20 S-TWIN transmission electron
microscope (TEM, USA FEI Corporation, Santa Clara, CA, USA), which was used to observe the
morphology of the substrates; and (8) 80-mesh sieve (Shanghai Yan Kam screen processing plant,
Shanghai, China).

2.4. Raman Spectra Acquisition

Before RS data acquisition, the instrument was calibrated using a 785 nm excitation wavelength.
The parameters were set as follows: a power of 200 mw, a scanning range of 200–3300 cm−1, an optical
resolution of 2 cm−1, an integration time of 10 s, and an average spectral value of three times. The solid
urea RS collection involved urea powder in a quartz plate with flattened glass slides, and the spectra
were acquired with a matching microscope platform. The SERS collection method involved 500 µL
OTR 202 (silver nanosubstrate or gold nanosubstrate), 100 µL detection solution, and 100 µL sodium
chloride, which were then added into a 2 mL quartz bottle and placed in a liquid sample pool.

2.5. Spectral Preprocessing Methods

The noise caused by the equipment and the interference of the fluorescence background in the
Raman signal could affect the detection results. Therefore, five pretreatment methods were applied to
preprocessing the original Raman spectra in this paper [19]. Among them, the Savitzky–Golay (S–G)
smoothing algorithm uses a weighted average method to quantify the data in the moving window by
polynomial least squares fitting, which emphasizes the central role of the center point [20]. The basic
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idea of the multiplicative scatter correction (MSC) algorithm is to use an ideal spectrum to represent
the spectrum of all samples and to correct the original spectra with the slope and intercept of linear
equations [21]. The principle of the standard normal variation (SNV) algorithm is that the scattering
intensity values of each wavelength point satisfies a certain distribution in each spectrum, and the
spectral correction was carried out according to this assumption [22]. The idea of the de-trending (DT)
algorithm is that the spectral absorbance and wavelength are first fitted into a trend line d according
to the polynomial; then, the trend line d is subtracted from the original spectra x to achieve the effect
of this trend [23]. The first-derivative can eliminate the interference from other backgrounds and
distinguish the overlapping peaks in the spectrum, which improves spectral resolution, sensitivity,
and the signal-to-noise ratio of the spectra to a certain extent [24].

2.6. Modeling Methods

Partial least squares (PLS) is the most widely used regression modeling method in spectral data
analysis due to its flexibility and reliability in dealing with redundant spectral data. In the PLS model,
the spectral matrix is decomposed first, and the main principal component variables are obtained;
then, the contribution rate of each principal component is calculated. The flexibility of PLS makes
it possible to establish a regression model in the case where the number of samples is less than the
number of variables. In this study, the PLS model was established with the spectral data as X and the
measured soil water-solution content as Y, whose best principal factor was determined by the root
mean square error of cross validation (RMSECV) [25].

Principal component analysis (PCA) is a statistical method based on the principle of maximum
variance, which adopts low dimensional variables instead of the original high dimensional variables
so as to achieve the purpose of reducing data dimension. The principal components of the PCA are
independent of each other, which effectively eliminates the redundant information in the original data.
In general, the first few principal component variables existed with large deviations, which can be
used to sample and discriminate between clusters of species instead of all the variables [26].

Least squares support vector machines (LS-SVM) is a supervised learning model, whose main
purpose is to find an optimal classification hyperplane to satisfy the classification requirements.
The LS-SVM first maps the nonlinear training data to a higher dimensional feature space
(Hilbert space), and then finds a hyperplane between positive and negative values in the high
dimensional feature space. The application of LS-SVM can effectively solve the problems of a traditional
neural network, such as the local minimum and overfitting. It provides an impressive performance for
small samples, nonlinear high dimensional data such as machine learning problems, which has been
widely used in pattern recognition; data mining, and other fields [27].

All data analysis was based on MATAB R2014a (The Math-Works, Natick, MA, USA) and OMNIC
v8.2 (Infrared spectrum processing software, Thermo Fisher Scientific, Waltham, MA, USA).

2.7. Model Evaluation Index

In this experiment, the modeling effect is evaluated by the coefficient of determination (R2),
the root mean square error (RMSE), and the residual predictive deviation (RPD). The coefficient of
determination R2 reflects the level of intimacy between variables, the RMSE reflects the accuracy of
the model, and RPD reflects the predictive ability of the model. The higher the RPD, the lower the
RMSE, and the closer the R2 is to 1, the better the performance of the prediction model. In this paper,
R2

c and R2
p represent the coefficient of the determination of the calibration set and the prediction set

respectively, while RMSEc and RMSEp represent the root mean square error of the calibration set and
the prediction set respectively. In addition, the RPD was suggested to be at least three for agriculture
applications; while 2 < RPD <3 indicated a model with a good predictive ability; 1.4 < RPD < 2 was
an intermediate model needing some improvement; and RPD < 1.4 indicated that the model had a
poor predictive ability [28].
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3. Results and Discussion

3.1. The Urea SERS

In this experiment, the water-soluble nitrogen in soil mainly came from urea. Therefore, analyzing
the urea molecule and finding the assignment of Raman peaks of the urea molecule were conducive to
current knowledge on the vibration forms of soil water-soluble nitrogen. Urea (molecular formula:
CO(NH2)2), is mainly composed of C–N, C–H and NH2 groups with a relative molecular mass of
60.06. The urea molecular space structure and planar structure are shown in Figure 1. In order to
further understand the speciation of water-soluble nitrogen, the 100 mg/L standard urea solution RS
(solution-RS), 100 mg/L standard urea solution SERS, and solid RS (solid-RS) were collected. Figure 2
displays the spectral curves of solution-RS, SERS, and solid-RS.
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spectroscopy), and solid-RS: (a) solution-RS; (b) SERS; (c) solid-RS. RS: Raman spectroscopy;
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The assignment of SERS peaks can be concluded with Figure 2 and Table 1. According to Figure 2,
there were no characteristic peaks in the solution-RS curve. However, there were some significant
characteristic peaks when nanoenhancers (OTR 202) were added, which suggested that nano-enhancers
could improve the signal of nitrogen detection. Among them, 544 cm−1 belonged to the C–N in-plane
bending, 995 cm−1 belonged to the N–H stretching vibration, 1008 and 1027 cm−1 were the C–N
stretching vibration, 1182 cm−1 was the N–H in-plane bending, 1370 cm−1 was the N–H stretching
vibration, 1540 and 1555 cm−1 were the C=O stretching vibration, 1630 cm−1 belonged to the N–H
stretching vibration, and 1650 cm−1 was the NH2 in-plane swaying vibration. Similar results can be
found in studies by Rousseau [29], Wang [30] and Duncan [31].
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Table 1. The proposed assignment of Raman peaks of urea molecules.

Solid-RS (cm−1) SERS (cm−1) Assignment

544 (s) - δ(C–N)
- 995 (m) υ (N–H)

1008 (vs) 1027(m) υ(C–N)
1182 (m) 1182 (m) ρ (NH2)

- 1370 (vs) υ (N–H)
- - δ(N–H)

1540 (m) 1555 (s) υ (C=O)
- 1630 (s) υ (N–H)

1650 (m) - δ (NH2)

Note: vs = very strong; s = strong; m = medium; w = weak; υ = stretching; δ = in-plane bending; ρ = in-plane
swaying vibration. RS: Raman spectroscopy; SERS: Surface-enhanced Raman spectroscopy.

It can be seen that the solid-RS had obvious characteristic peaks at 544, 1008, 1176, 1540,
and 1650 cm−1. The characteristic peaks at 544, 1008, and 1650 cm−1 were the special molecular
vibrations in the solid. As for the SERS, the characteristic peaks at 1370 cm−1 occurred but they
did not appear in solid-RS. The reason might be that the NH2 group transformed to N–H when the
solid urea dissolved in water. With the exception of 1555 cm−1 (the stretching vibration of the C=O),
the vibrations of the other bonds were all related to N, and their characteristic peaks in order of
intensity strength were 1370, 1027, 1630, and 995 cm−1. Furthermore, the intensity strength was the
highest at 1008 cm−1 in solid-RS. The reason was that the quantity of C–N in the urea molecule was
the largest, and the vibration of the molecule was the greatest. In addition, the absorption intensity
which was caused by the vibration of N–H at 1370 cm−1 was the strongest in SERS.

3.2. The Comparation of Three Nanoenhancers

To investigate and find the optimal nanoenhancer, the enhancement effects of OTR 202
nanosubstrate, silver nanosubstrate, and gold nanosubstrate were compared and analyzed in this
study. The structure diameter of OTR 202 nanoparticles, silver nanoparticles, and gold nanoparticles
were characterized by Transmission Electron Microscopy (TEM) in Figure 3a–c respectively.

Appl. Sci. 2018, 8, x FOR PEER REVIEW  6 of 13 

1008 (vs) 1027(m) υ(C–N) 
1182 (m) 1182 (m) ρ (NH2) 

- 1370 (vs) υ (N–H) 
- - δ(N–H) 

1540 (m) 1555 (s) υ (C=O) 
- 1630 (s) υ (N–H) 

1650 (m) - δ (NH2) 
Note: vs = very strong; s = strong; m = medium; w = weak; υ = stretching; δ = in-plane bending; ρ = 
in-plane swaying vibration. RS: Raman spectroscopy; SERS: Surface-enhanced Raman spectroscopy. 

It can be seen that the solid-RS had obvious characteristic peaks at 544, 1008, 1176, 1540, and 
1650 cm−1. The characteristic peaks at 544, 1008, and 1650 cm−1 were the special molecular vibrations 
in the solid. As for the SERS, the characteristic peaks at 1370 cm−1 occurred but they did not appear 
in solid-RS. The reason might be that the NH2 group transformed to N–H when the solid urea 
dissolved in water. With the exception of 1555 cm−1 (the stretching vibration of the C=O), the 
vibrations of the other bonds were all related to N, and their characteristic peaks in order of 
intensity strength were 1370, 1027, 1630, and 995 cm−1. Furthermore, the intensity strength was the 
highest at 1008 cm−1 in solid-RS. The reason was that the quantity of C–N in the urea molecule was 
the largest, and the vibration of the molecule was the greatest. In addition, the absorption intensity 
which was caused by the vibration of N–H at 1370 cm−1 was the strongest in SERS. 

3.2. The Comparation of Three Nanoenhancers 

To investigate and find the optimal nanoenhancer, the enhancement effects of OTR 202 
nanosubstrate, silver nanosubstrate, and gold nanosubstrate were compared and analyzed in this 
study. The structure diameter of OTR 202 nanoparticles, silver nanoparticles, and gold nanoparticles 
were characterized by Transmission Electron Microscopy (TEM) in Figure 3a–c respectively. 

 
Figure 3. The structure of Opto Trace Raman 202 (OTR 202), silver, and gold substrate were 
characterized by transmission electron microscopy: (a) OTR 202; (b) silver nanoparticle; (c) gold 
nanoparticle. 

As can be seen in Figure 3, the nanoparticle sizes of OTR 202, silver substrate, and gold 
substrate were uniform. Moreover, the gold nanoparticle size was bigger than that of the OTR 202 
and the silver nanoparticle, while the nanoparticle size of OTR 202 was the smallest. The SERS 
values based on the OTR 202 nanosubstrate, the silver nano-substrate, and the gold nanosubstrate 
are shown in Figure 4a–c respectively. According to these values, the enhancement performance of 
the Raman peaks of OTR 202 nanosubstrate at 994, 1028, 1370, 1554, and 1636 cm−1 were superior to 
that of the gold substrate. In addition, the Raman peaks of 1555 and 1630 cm−1 appeared when OTR 
202 was used while those two Raman peaks did not appear in the SERS combined with the gold 
substrate, which indicated that the enhancement of OTR 202 was better than that of the gold 
substrate. The reason might be that the ultraviolet characteristic absorption peaks of urea and OTR 
202 nanoparticles were more similar. Thus, the surface plasmon resonance of OTR 202 can be 
stimulated more easily, resulting in a higher detection sensitivity [32]. As for silver nanosubstrate, 
although there were seven stronger Raman peaks (465, 616, 939, 1107, 1266, 1410, and 1449 cm−1) in 

Figure 3. The structure of Opto Trace Raman 202 (OTR 202), silver, and gold substrate
were characterized by transmission electron microscopy: (a) OTR 202; (b) silver nanoparticle;
(c) gold nanoparticle.

As can be seen in Figure 3, the nanoparticle sizes of OTR 202, silver substrate, and gold substrate
were uniform. Moreover, the gold nanoparticle size was bigger than that of the OTR 202 and the silver
nanoparticle, while the nanoparticle size of OTR 202 was the smallest. The SERS values based on the
OTR 202 nanosubstrate, the silver nano-substrate, and the gold nanosubstrate are shown in Figure 4a–c
respectively. According to these values, the enhancement performance of the Raman peaks of OTR
202 nanosubstrate at 994, 1028, 1370, 1554, and 1636 cm−1 were superior to that of the gold substrate.
In addition, the Raman peaks of 1555 and 1630 cm−1 appeared when OTR 202 was used while those
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two Raman peaks did not appear in the SERS combined with the gold substrate, which indicated that
the enhancement of OTR 202 was better than that of the gold substrate. The reason might be that
the ultraviolet characteristic absorption peaks of urea and OTR 202 nanoparticles were more similar.
Thus, the surface plasmon resonance of OTR 202 can be stimulated more easily, resulting in a higher
detection sensitivity [32]. As for silver nanosubstrate, although there were seven stronger Raman peaks
(465, 616, 939, 1107, 1266, 1410, and 1449 cm−1) in the SERS, these peaks also occurred in the SERS of
soil extract without urea (Figure 4d).This might be because the peak signals of other substances in the
soil extract were amplified, which covered up the molecular vibration of soil water-soluble nitrogen.
Therefore, the OTR 202 nanoparticle was selected as the enhancer in the following study.
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3.3. 400–1800 cm−1 Soil SERS Analysis

In this experiment, SERS data for 120 soil samples were collected. Figure 5 shows the
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According to Figures 5 and 6, the SERS absorbance intensity decreased gradually with the decrease
in soil water-soluble nitrogen concentration at the characteristic peaks of 994, 1028, 1370, 1436, 1554,
and 1636 cm−1. It is indicated that those peaks could be determined as water-soluble nitrogen Raman
characteristic peaks, and the SERS absorbance intensity and soil water-soluble nitrogen concentration
was positively correlated.

3.4. Model Analysis

In order to eliminate spectral noise in SERS and to improve detection accuracy, 400–1800 cm−1

SERS was pretreated with four spectral preprocessing methods; then, it was modeled by PLS. In PLS,
the sample set portioning based on the joint x-y distance (SPXY) method [33] was used to divide the
samples into two groups, among which 80 samples were calibrated and 40 samples were predicted.
Table 2 presents the modeling results of the calibration set and the prediction set with different spectral
pretreatments and algorithms.

Table 2. The modeling performance with partial least squares (PLS) and different preprocessing
methods. RMSEc: root mean square error of the calibration set; RMSEp: root mean square error of
the predictive set; RPD: residual predictive deviation. RAW: raw spectra; MSC: multiplicative scatter
correction; SNV: standard normal variation; DT: de-trending.

Preprocessing Principal Components
Calibration Set Prediction Set

R2
c RMSEc (mg/L) R2

p RMSEp (mg/L) RPD

RAW 5 0.90 9.16 0.90 9.36 3.10
S-G 5 0.91 9.17 0.90 9.17 3.00

MSC 5 0.90 9.28 0.90 8.98 3.03
SNV 5 0.91 9.19 0.88 9.16 3.24
DT 5 0.90 9.21 0.90 9.18 3.08

1st-der 5 0.87 9.40 0.91 8.76 3.34

On the one hand, the prediction accuracy of soil water-soluble nitrogen (0.88 < R2
p < 0.91,

8.76 mg/L < RMSEp < 9.36 mg/L, 3.00 < RPD < 3.34) was similar when SERS was processed with
those methods. Among them, the R2

p of 1st-der was the highest. The reason might be that the
first-order method could distinguish between the overlapping peaks and eliminate interference from
other backgrounds, which improved the spectral resolution and separated the main characteristic peaks
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for quantitative analysis [34]. On the other hand, no matter which algorithm was used, the prediction
accuracy of soil water-soluble nitrogen varied in a small range, indicating that the experimental results
were highly reliable. All the R2

p values reached above 0.88, and the all the RPD values were more than
3, which indicated that the determination of water-soluble nitrogen in soil using SERS was effective.

3.5. SERS Characteristic Peaks Model Analysis

Based on the above analysis, 994, 1028, 1370, 1436, and 1636 cm−1 were preliminarily selected as
characteristic peaks of soil water-soluble nitrogen. The selected characteristic peaks were modeled and
analyzed by PLS, whose model performances are shown in Table 3. Also, the calibration set and the
prediction set was divided according to the ratio of 2:1 using the SPXY method.

Table 3. Model performance of five characteristic peaks.

Calibration Set Prediction Set
Wavenumber (cm−1)

R2
c RMSEc (mg/L) R2

p RMSEp (mg/L) RPD

0.84 12.27 0.87 11.03 2.56 994, 1028, 1370, 1436,
1636

0.78 13.57 0.77 13.07 1.73 994
0.81 13.42 0.81 12.61 2.16 1028
0.88 10.82 0.86 10.41 2.52 1370
0.86 12.11 0.86 11.50 2.51 1436
0.87 11.21 0.85 11.54 2.44 1636

The PLS models predicted by five characteristic peaks together achieved good results (R2
p = 0.87,

RMSEp = 11.03 mg/L, RPD = 2.56), which indicated that 994, 1028, 1370, 1436, and 1636 cm−1 could
be integrated together to predict soil water-soluble nitrogen content accurately. However, the R2

p of
single characteristic peaks was lower than the five characteristic peaks combined. The maximal R2

p was
0.86 using 1370 cm−1

, and the corresponding RMSEp and RPD were 10.41 mg/L and 2.52 respectively.
Meanwhile, the prediction result (R2

p = 0.77, RMSEp = 13.07 mg/L, RPD = 1.73) was poor when
modeled with the characteristic peak 994 cm−1, which was consistent with the relationship between
the SERS absorption peak intensity and water-soluble nitrogen content. Moreover, the R2

p and RPD
at 1028, 1436, and 1636 cm−1 all reached more than 0.80 and 2 respectively. Thus, 1028, 1370, 1436,
and 1636 cm−1 could be selected as characteristic peaks of soil water-soluble nitrogen in further studies.

Based on the analysis, the regression equation between the characteristic peaks (1028, 1370, 1436,
and 1636 cm−1) and the soil water-soluble nitrogen concentration was established. The fifteen point
in each figure was the average SERS of fifteen different soil water-soluble nitrogen concentrations,
the abscissa was the soil water-soluble nitrogen concentration, and the ordinate was the SERS intensity.
The regression results are shown in Figure 7.

Figure 7a–d display the linear regression relation at 1028, 1370, 1436, and 1636 cm−1 respectively,
where the coefficient of determination (R2 = 0.94) at 1370 cm−1 was the highest and the regression
equation was y = 93.491x + 1771.5, which was related to the SRES peaks intensity in different Raman
peak positions. The coefficient a of x was from 57.862 to 93.791, the constants b ranged from 1017.8 to
1771.5, and the standard error was from 378.94 to 539.41. The R2 of all linear regression equations was
higher than 0.9, which indicated that the soil water-soluble nitrogen could be detected by those SERS
characteristic peak intensities.

Given the division standard of soil water-soluble nitrogen in China [35] and the combination
with the soil water-soluble nitrogen concentration in this experiment, the soil water-soluble
nitrogen concentration was divided into low concentration (22.7–63.7 mg/L) and high concentration
(70.5–118.3 mg/L) to analyze. PCA was used to cluster the samples, and LS-SVM was applied for
classification based on two principal components and four characteristics peaks. The total number of
samples was 120, and the ratio between the calibration set and the prediction set was 5:3 using SPXY.
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Figure 8 presents the schematic diagram principal component analysis, and the LS-SVM predictive
results are shown in Table 4.
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soil water-soluble nitrogen: (a) 1028 cm−1; (b) 1370 cm−1; (c) 1436 cm−1; (d) 1636 cm−1.

Table 4. The least squares supports vector machine (LS-SVM) results based on two principal
components and five characteristics peaks.

Category
Calibration Set Prediction Set

Number Identification Number Accuracy Number Identification Number Accuracy

all 75 75 100% 45 39 86.67%
low 35 35 100% 21 19 90.48%
high 40 40 100% 24 20 83.33%

It can be seen from Figure 8 that when the soil water-soluble nitrogen concentrations were divided
into two categories, the principal components 1 (PC-1) and the principal component 2 (PC-2) were
accumulated to express 98% of the original information. The results of clustering were good, where
the accuracy rate of the calibration set for identifying low concentrations and high concentrations was
100%, and the accuracy of the prediction set was 86.67%. It indicated that SERS could distinguish the
level of soil water-soluble nitrogen concentrations well. Among them, the accuracy of identifying low
soil water-soluble nitrogen concentrations and high soil water-soluble nitrogen concentrations were
90.48% and 83.33% respectively. The reason might be that the concentration gap between 63.7 mg/L
and 70.5 mg/L was relatively small, which may lead to the misjudgment.
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4. Conclusions

In this paper, SERS was initially applied to detect soil water-soluble nitrogen. The conclusions
were as follows: (1) soil water-soluble nitrogen could effectively be determined using SERS based
on OTR 202; (2) 1028, 1370, 1436, and 1636 cm−1 could be determined as characteristic peaks of soil
water-soluble nitrogen, with the best relevance occurring at 1370 cm−1 and the regression equation
being y = 93.491x + 1771.5; (3) SERS could sufficiently distinguish the level of soil water-soluble
nitrogen concentration, and the accuracy was 86.67%, which was helpful in improving the efficiency of
soil water-soluble nitrogen detection and providing a scientific guidance for urea fertilization.
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