
Citation: Lu, B.; Wang, X.; Hu, C.; Li,

X. Rapid and High-Performance

Analysis of Total Nitrogen in

Coco-Peat Substrate by Coupling

Laser-Induced Breakdown

Spectroscopy with

Multi-Chemometrics. Agriculture 2024,

14, 946. https://doi.org/10.3390/

agriculture14060946

Academic Editor: Matteo Perini

Received: 7 May 2024

Revised: 11 June 2024

Accepted: 15 June 2024

Published: 17 June 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

agriculture

Article

Rapid and High-Performance Analysis of Total Nitrogen in
Coco-Peat Substrate by Coupling Laser-Induced Breakdown
Spectroscopy with Multi-Chemometrics
Bing Lu 1, Xufeng Wang 2, Can Hu 2 and Xiangyou Li 1,*

1 Wuhan National Laboratory for Optoelectronics (WNLO), Huazhong University of Science and
Technology (HUST), Wuhan 430074, China; 2021509011@hust.edu.cn

2 College of Mechanical and Electrical Engineering, Tarim University, Alar 843300, China;
wxf@taru.edu.cn (X.W.); 120140004@taru.edu.cn (C.H.)

* Correspondence: xyli@mail.hust.edu.cn

Abstract: Nitrogen is an important nutrient element for crop growth. Rapid and accurate acquisition
of nitrogen content in cultivation substrate is the key to precise fertilization. In this study, laser-
induced breakdown spectroscopy (LIBS) was used to detect the total nitrogen (TN) of coco-peat
substrate. A LIBS spectrum acquisition system was established to collect the spectral line signal of
samples with wavelengths ranging from 200 nm to 860 nm. Synergy interval partial least squares (Si-
PLS) algorithm and elimination of uninformative variables (UVE) algorithm were used to select the
spectral data of TN characteristic lines in coco-peat substrate. Univariate calibration curve and partial
least squares regression (PLSR) were used to build mathematical models for the relationship between
the spectral data of univariate characteristic spectral lines, full variables and screened multi-variable
characteristic spectral lines of samples and reference measurement values of TN. By comparing
the detection performance of calibration curves and multivariate spectral prediction models, it was
concluded that UVE was used to simplify the number of spectral input variables for the model and
PLSR was applied to construct the simplest multivariate model for the measurement of TN in the
substrate samples. The model provided the best measurement performance, with the calibration set
determination coefficient (R2

C) and calibration set root mean square error (RMSEC) values of 0.9944
and 0.0382%, respectively; the prediction set determination coefficient (R2

P) and prediction set root
mean square error (RMSEP) had values of 0.9902 and 0.0513%, respectively. These results indicated
that the combination of UVE and PLSR could make full use of the variable information related to
TN detection in the LIBS spectrum and realize the rapid and high-performance measurement of TN
in coco-peat substrate. It would provide a reference for the rapid and quantitative assessment of
nutrient elements in other substrate and soil.

Keywords: coco-peat substrate; total nitrogen; laser-induced breakdown spectroscopy; synergy
interval partial least squares; uninformative variables elimination

1. Introduction

Substrate culture is a soilless culture technology that uses solid media instead of soil
to fix plant roots and provide nutrients through the substrate [1]. This technology can
achieve high-quality and high-yield planting through the scientific management of water
and fertilizer and precise environmental regulation [2]. Substrate cultivation can realize
three-dimensional planting, which has the advantages of saving water, fertilizer and space,
and has developed rapidly in urban agriculture in China in recent years [3]. Coco-peat
substrate, as a renewable cultivation matrix formed by coconut shell processing, has many
advantages [4,5]. It is widely used in soilless cultivation of fruits, vegetables and flowers in
China. The precise control of water and fertilizer is crucial for substrate culture [6]. The
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acquisition of substrate nutrients and water information is an important prerequisite for
accurate management of water and fertilizer.

The nutrient requirement of nitrogen is very large during crop growth. Nitrogen is
also the main component of protein, closely related to crop stem and leaf growth and fruit
development, and is also an important nutrient element that directly affects crop yield and
quality [7,8]. Total nitrogen (TN) is an important indicator to comprehensively reflect the
nitrogen level in the growing environment. The application of nitrogen-containing chemical
fertilizers can increase the soil/substrate nitrogen level [9]. Because it is difficult to rapidly
and accurately grasp the TN content of the sample, it is impossible to evaluate the TN level
of coco-peat substrate quickly. At present, the application of nitrogen fertilizer is often based
on planting experience, which makes it difficult to achieve an accurate control of nitrogen
fertilizer, resulting in excessive or insufficient application of nitrogen fertilizer. Excessive
use of nitrogen fertilizer not only causes a large amount of waste of chemical fertilizer,
but also easily produces serious environmental pollution [10]. Insufficient application of
nitrogen fertilizer will lead to the failure to achieve the expected yield target and will affect
the growth quality of crops.

To realize the precise management of nutrient elements in the process of planting, a
soil testing formula is often used to guide scientific fertilization in practice. At present, the
soil formulation is mainly determined by the traditional chemical analysis method to test
the reference values of various nutrient elements in soil. This method cannot achieve the
mass detection of samples and has poor real-time detection performance, which makes
it difficult to quickly obtain large-scale farmland soil formulation data [11,12]. Due to
the limitations of traditional methods, they cannot meet the real-time requirements of
production management in modern facility agriculture. In addition, traditional chemical
analysis methods require the generation of complex chemical reactions, which has some
disadvantages such as strong operation professionalism, a time-consuming testing process
and unfriendly environment [13]. Therefore, the rapid assessment of TN level in coco-
peat substrate by advanced photoelectric detection technology is conducive to achieving
accurate nitrogen control in soilless cultivation in facility agriculture, improving crop yield
and quality, and protecting the environment.

Laser-induced breakdown spectroscopy (LIBS) is a widely used spectral analysis
technique for the detection of atoms, ions and molecules [14]. It uses a focusing mirror
to focus a pulse laser on the surface layer of the sample; the focused large-energy density
laser ablates the sample to form plasma, and then a spectrometer is applied to analyze
the collected plasma spectral signals [15]. The LIBS detection model of the component
to be measured was established by constructing the mathematical relationship between
the plasma spectral signals of the correction set samples and the reference value of the
concentration of the component to be measured. The sample concentration information of
the component to be measured could be obtained quickly by substituting the LIBS spectral
data of the sample to be measured into the established LIBS detection model. LIBS was
widely applied in the field of agriculture due to its advantages of simple sample preparation,
fast detection speed, remote detection, in situ detection and multi-element simultaneous
detection [16]. Xu et al. [17] realized the rapid identification of citrus huanglongbing (HLB)
by combining LIBS with near-infrared spectroscopy. Lin et al. [18] used deep learning to
assist LIBS in identifying the geographical origin of crops so as to achieve food traceability.
Sun et al. [19] used LIBS combined with a machine learning algorithm to identify the
original source of Angelica dahurica medicinal herbs. Borduchi et al. [20] used calibration-
free LIBS and one-point calibration to quantitatively detect Ga, Mg and Fe content in
soybean leaf. Zhang et al. [21] measured the magnesium content in citrus leaves by LIBS
to achieve an indirect measurement of soluble solid content. Li et al. [22] realized rapid
identification of seed varieties by combining LIBS with convolutional neural network. At
present, many works have also been carried out using LIBS in the rapid detection of soil
elements, but there is little research on the detection of cultivation substrate components.
For example, Tavares et al. [23] used a spectral variable screening algorithm to screen
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the LIBS characteristics of soil nutrients, and then constructed soil nutrient prediction
models by comparing the performance of different modeling algorithms so as to obtain
the best model for soil nutrient LIBS detection; Hossen et al. [24] used a combination
of unmanned aerial vehicles multispectral imaging, LIBS, and artificial intelligence to
achieve a rapid and efficient assessment of soil TN; Khoso et al. [25] used calibration-free
LIBS to rapidly detect heavy metals in soils planted with different crops; Erler et al. [26]
applied a portable LIBS detection device and the constructed multiple regression model
to rapidly detect multiple nutrient elements in soil; and Ding et al. [27] enhanced the
detection accuracy of heavy metals in oily soil through the combination of interval partial
least squares and LIBS. In summary, LIBS had good feasibility in the rapid detection
of agricultural substrate elements, and it would provide data support for the decision-
making of precision agriculture fertilization. However, the matrix effect caused by complex
matrix composition and the interference caused by atmospheric nitrogen on the TN content
detection of samples had become a big challenge for the rapid and stable LIBS detection of
coco-peat substrate TN content. The stability of a conventional univariate calibration curve
in the actual detection of soil nutrient elements by LIBS was poor. A multivariate model
could effectively overcome the influence of the matrix effect and significantly improve the
measurement performance and stability of LIBS [28]. Vacuum environment measurement
and injection gas isolation measurement were effective ways to solve the influence of
atmospheric nitrogen on the LIBS detection of sample nitrogen elements. Compared with
the vacuum environment measurement needed to provide complex equipment assistance,
the inert gas isolation measurement had more advantages.

The selection of spectral line variables was very important for the establishment of
a stable and reliable multivariate model [29]. Conventional univariate calibration curves
usually selected the univariate strong spectral line characteristics of the elements to be
measured based on the National Institute of Standards and Technology (NIST) database.
This univariate model was greatly influenced by spectral line interference and matrix
difference, and its detection accuracy and robustness were poor [30]. The multivariate
discrete spectral line features and continuous spectral line feature sub-intervals of the
element to be measured could be selected by a statistical method so as to obtain the
comprehensive spectral signal of the detected element [31]. Then, the spectral information
of multi-spectral line variables was fully utilized by multivariate modeling method to
enhance the measurement performance of the spectral model. Moreover, the composition
of coco-peat substrate was obviously disparate from that of soil, and the existing LIBS
detection model of soil elements could not be applied for rapid analysis of the substrate
elements. According to the relevant literature, the influence of the matrix effect on spectral
detection could also be effectively eliminated by multivariate selection combined with a
multivariate model [32–34].

To solve the influence of the matrix effect and atmospheric nitrogen on the detection
of TN in coco-peat substrate, argon injection, variable screening and multivariate modeling
were combined to achieve rapid and high-performance detection of TN in coco-peat sub-
strate, thus providing a basis for scientific fertilization decision-making. The specific works
were as follows: (1) The optimal argon flow rate for the LIBS detection of TN content in
coco-peat substrate was determined. (2) Spectral detection model of coco-peat substrate
TN based on univariate calibration curve was established, and PLSR was used to construct
the LIBS detection model of TN in coco-peat substrate based on full variable spectral
data. (3) Synergy interval partial least squares (Si-PLS) and elimination of uninformative
variables (UVE) were used to select the continuous and discrete characteristic variables,
and the PLSR measurement model of TN in coco-peat substrate was established based on
the selected variables. (4) An optimal LIBS model for the measurement of TN value of
coco-peat substrate was determined by comparing the actual performance of the spectral
models based on full variables, a single variable and screening multi-variables.
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2. Materials and Methods
2.1. Preparation of Samples

Coco-peat substrate bricks manufactured by Galuku Pty Ltd. (Rose Bay, Australia)
were selected for sample preparation in this experiment. Coco-peat substrate brick was
quickly turned into a loose state by soaking in water, and the solid and liquid separation
of sample and soaked water was achieved through screen filtration. Then, the substrate
samples of various particle sizes were obtained by natural air-drying. To prepare exper-
imental samples with various concentration gradients, different concentrations of urea
(SCR, Sinopharm Chemical Reagent Co., Ltd., Ningbo, China) solution were added to
the air-dried samples through simulated fertilization. After adding the nutrient solution,
the samples were adsorbed for 24 h, and the samples were dried after adsorption so as
to prepare experimental samples with different TN content. The prepared samples with
different concentrations were crushed separately by using a pulverizer (Hangtai Multi-
functional pulverizer, Hangtai Electronic Technology Co., Ltd., Hangzhou, China), and
then the crushed samples were screened with a 0.5 mm mesh. Four high-concentration
samples and eight low-concentration samples were prepared, respectively. The high- and
low-concentration sample were selected from prepared samples, and the two samples were
taken by electronic balance (FA-2004B, Shanghai Youke Instrument Co., Ltd., Shanghai,
China) according to different mass ratios. Then, the weighed powder samples were placed
in a 10 mL centrifuge tube for mixing, and the centrifuge tube was treated with a vortex
mixer (NP-30S, Changzhou Empei Instrument Manufacturing Co., Ltd., Changzhou, China)
for 6 min at maximum power to achieve uniform mixing of samples so as to prepare the
substrate samples with various concentrations. Then, 1 g of mixed substrate sample and 9 g
of boric acid (SCR, Sinopharm Chemical Reagent Co., Ltd., Ningbo, China) powder were
weighed. Then, the compressed column samples were prepared by using an automatic
tablet press (ZYP-40TS, Shanghai Xinnuo Instrument Equipment Co., Ltd., Shanghai, China)
in the form of a boric acid inlay base. The sample preparation compression pressure and
compression time of the automatic tablet press were set to 25 Mpa and 60 s, respectively [35].
A total of 84 cylindrical compressed samples with diameters of 40 mm and different TN
contents were prepared.

2.2. Sample Spectral Data Acquisition

In this experiment, the spectral data of samples ranging from 200 nm to 860 nm
were obtained by the self-built multi-functional LIBS spectrum acquisition system, and
the structure of the system is shown in Figure 1. A Q-switched Nd: YAG laser (Quantel
Brilliant B, Quantel, Newbury, UK); laser wavelength: 1064 nm; repetition frequency:
10 Hz; pulse duration: 5 ns) was chosen as the excitation light source of plasma. The
laser produced a horizontal laser beam with a diameter of 9 mm, which was reflected by
a dichroic mirror arranged at 45 degrees to be vertically transmitted, and the vertically
transmitted laser beam was focused through a plano-convex mirror (f = 150 mm) to ablate
the sample. To avoid the plasma shielding effect caused by the laser breakdown of air, the
laser focus was set 2 mm below the upper surface of the compressed sample by moving
the displacement platform. Plasma emission signals generated by laser ablation of the
coco-peat substrate were acquired by the collection head and coupled into the fiber. The
collected spectral signals were transmitted to a spectrometer equipped with ICCD (iStar
DH-334T, Oxford Instruments, Abingdon, UK) through an optical fiber. The inert gas argon
was used for gas isolation to eliminate the interference of atmospheric nitrogen on the
LIBS detection of TN content of coco-peat substrate. The protective gas was continuously
supplied by compressed argon in the gas cylinder, and the flow rate of the supplied argon
was accurately controlled by a gas flowmeter. In the process of signal acquisition, the
collecting key parameters such as ablation laser energy, acquisition delay and acquisition
gate width were set to 50 mJ, 1 µs and 4 µs, respectively. Each spectrum was obtained by
accumulating 50 pulses, and each measurement was repeated five times.
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Figure 1. Diagram of LIBS spectrum detection system.

2.3. Determination of Sample TN Reference Value

The reference value of TN content in the substrate was determined by the China
agricultural industry standard (NY/T 1121.24-2012) [36]. Some main steps of this method
include the following: (1) samples were despoiled in a despoiling furnace; (2) an automatic
nitrogen determinator was used to distill the boiled sample; (3) the nitrogen in the sample
was converted into NH3 by distillation, and then the boric acid solution with acid-base
indicator was used to absorb NH3; and (4) an acid standard solution was applied to titrate
the boric acid solution that absorbed NH3. TN values could be calculated by hydrochloric
acid consumption, and the calculation formula is as shown in (1).

ω =
(V − V0)× CH × 0.014

m(1 − f )
× 100% (1)

where ω is the TN content of sample (%); CH is the actual concentration of HCl solution
(mol/L); V is the amount of HCl solution consumed by the sample (mL); V0 is the amount of
HCl solution consumed by the blank sample (mL); 0.014 is the molar mass of N (kg/mol); m
is the mass of air-dried sample (g); and f is the moisture content of the substrate sample (%).

2.4. Selection of Spectral Features

LIBS data collected in this experiment contained spectral information of a variety
of elements in the sample, and there were several spectral characteristic signals for the
same element in the sample. A large number of variables unrelated to the elements
to be tested would inevitably interfere with the detection accuracy to a certain extent
when the TN modeling analysis was carried out applying the full variable spectral data.
Although multi-variable modeling methods such as principal component analysis could
reduce the interference of irrelevant variables by assigning different weight coefficients to
each variable, these still increased the complexity of the model and affected the detection
efficiency. Therefore, it was essential to select characteristic variables closely related to the
analysis of the element to be detected for modeling analysis.

In LIBS detection, variables were often selected according to the characteristics of
strong emission lines in NIST, and the calibration curve was established by using the
selected univariate characteristics of elements to be detected. Due to the large variation
in the actual sample matrix, the univariate calibration curve had problems such as poor
anti-interference and unstable accuracy. To simplify the model and enhance the compre-
hensive measurement performance of the model, we proposed to construct a multivariate
measurement model for a sample TN value by screening multivariate variables from the
full variable spectrum. Therefore, Si-PLS and UVE were proposed to select continuous
variable sub-intervals and discrete feature variables, respectively. The main idea of Si-PLS
was to separate the full variable spectral data into several sub-intervals, establish a partial
least squares model based on the continuous feature data of each sub-interval, and com-
bine the corresponding sub-interval spectral data of several models with better prediction
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performance by comparison so as to realize the selection of the optimal continuous feature
variable sub-interval [37]. Si-PLS mainly included the following steps: (1) the partial least
squares model of global variables was established; (2) the global variable was divided
into 20 sub-intervals, and the regression models of spectral data in each sub-interval were
established; (3) the results of steps (1) and (2) were compared, and the sub-interval with
the best result was taken as the selection sub-interval; (4) the sub-interval selected in
step (3) was taken as the central interval, and the variable region was expanded to both
sides; and (5) four sub-intervals with better detection performance in the same partition
were combined to complete the screening of synergy sub-intervals. UVE was a variable
screening algorithm based on the analysis of a partial least squares regression coefficient,
which mainly eliminated the variables that could not provide useful information [38]. The
main principle of UVE was to combine the artificially generated noise matrix with the
spectral matrix and TN reference value matrix to form a new matrix, through which the
useless information threshold could be obtained, and then the useful information variables
could be screened by comparing the stability of the regression coefficient with the decision
threshold [39]. Some main steps of UVE were as follows: (1) a randomly generated noise
matrix S and the spectral matrix X were combined to form the new matrix XR; (2) the
matrix XR and the concentration matrix Y were analyzed by partial least squares modeling,
one sample was eliminated each time, and a number of partial least squares regression
(PLSR) coefficients were obtained to form matrix B; (3) the standard deviation s and the
mean vector me of matrix B were calculated by column, and then the threshold h = me/s
was calculated; and (4) irrelevant signals were removed according to the signal threshold h.
The two variable selection algorithms were implemented in Matlab R2017 (Mathworks Inc.,
Natick, MA, USA).

2.5. Establishment and Evaluation of Model

Univariate calibration curve and PLSR were selected to construct the mathematical
relationship between the spectral data of samples and the TN reference measurement
value of the sample. The calibration curve was mainly to build the function relationship
between univariate spectral data and physical and chemical reference values by linear
and nonlinear fitting. PLSR was a statistical method that integrated the advantages of
many typical regression algorithms. This algorithm spatially transformed the predictor
and observed variables so that a line regression model was obtained [40]. PLSR was very
suitable to handle multicollinearity between spectral data [41]. In this study, PLSR was
applied to establish function models based on full variables, Si-PLS and UVE selected
feature variables’ data, and the calibration curve was used to construct the measurement
model for univariate strong spectral line features screened based on NIST. PLSR is a classical
multivariate modeling algorithm, and its modeling process is mainly completed by the
relevant modeling modules in the Matlab toolbox. In the PLSR modeling process, the
selection of the number of potential variables (LVs) was very important; too small a number
of LVs would lead to poor model performance; and too large the number of LVs might
lead to overfitting of the model. Therefore, the optimal number of LVs was determined
by the minimizing predicted residual sum of squares, and the predicted residual sum of
squares was calculated according to the method of leave-one-out cross-validation [42]. The
model performance was mainly estimated by the determination coefficients (R2) and the
root mean square errors (RMSE) [43].

3. Results and Discussion
3.1. Statistics of Reference Value of TN in Coco-Peat Substrate Samples

To build the function relationship between the LIBS data of the substrate samples and
the TN reference measurement value of the samples, the TN measurement values of four
high-concentration samples (the sample number was 9–12) and eight low-concentration
samples (The sample number was 1–8) were determined by the method specified in the
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China agricultural industry standard (NY/T 1121.24-2012) before preparing the mixed
samples, and the measurement values are shown in Table 1.

Table 1. Measurement results of TN content in high- and low-concentration sample groups by China
national standard method.

Sample
Number

TN Content
(%)

Sample
Number

TN Content
(%)

Sample
Number

TN Content
(%)

Sample
Number

TN Content
(%)

1 0.394 4 0.333 7 0.354 10 1.494
2 0.410 5 0.382 8 0.324 11 1.990
3 0.361 6 0.345 9 0.964 12 2.404

In the process of mixing different concentration samples to prepare samples with
various TN contents, the TN content of the prepared mixed samples could be calculated
according to the mixing mass ratio of the two samples and the actual measured data
in Table 1. According to the TN content of the prepared mixed samples, 84 samples
were divided into two sets by the concentration gradient method at a ratio of 3:1. The
distribution statistical characteristics of the reference measurement values of TN in the
two sets of samples are shown in Table 2. The calibration dataset was used to train the
spectral prediction model, and the other dataset was applied to test the performance of the
measurement model.

Table 2. Statistics on distribution characteristics of TN reference measurement values in coco-peat
substrate calibration set and prediction set samples.

Sample Set Number of
Samples

Range of TN
Content (%) Mean (%) Standard

Deviation (%)

Calibration set 63 0.333–2.404 1.042 0.519
Prediction set 21 0.361–2.197 1.028 0.516
Total samples 84 0.333–2.404 1.038 0.516

3.2. Analysis of Coco-Peat Substrate LIBS Spectral Characteristics

There is a large amount of nitrogen in the atmosphere, and atmospheric nitrogen
will affect the LIBS detection of TN content in coco-peat substrate. To avoid atmospheric
nitrogen contributing to the LIBS detection signal intensity of the substrate TN, atmospheric
nitrogen was blocked from contacting with the laser ablated area by spraying argon gas.
The flow rate of argon injection would directly affect the nitrogen isolation in the laser
ablation area. Therefore, the influence of the argon injection flow rate on the TN content
LIBS detection of coco-peat substrate was studied by collecting strong spectral line data of
nitrogen element of the same substrate sample under different argon injection flow rates.
Figure 2 shows the substrate LIBS spectral data of 742.36 nm, 744.23 nm and 746.83 nm at
different argon injection flow rates.
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It can be seen from Figure 2 that the spectral line intensity of the LIBS spectrum was
the highest when argon was not injected, which indicated that atmospheric nitrogen was
also excited to produce nitrogen emission spectral line signals at the same time. With the
increase in the argon injection flow rate, the emission signal of nitrogen element decreased
sharply, which indicated that the nitrogen in the atmosphere was gradually isolated. The
collected substrate LIBS signal intensity did not decrease when the argon injection flow rate
was greater than or equal to 10 L/min. These results indicated that the atmosphere in the
laser ablation area was isolated by argon; atmospheric nitrogen would not have a significant
impact on the LIBS detection of TN content in the substrate. In addition, the fluctuation in
LIBS spectral data was the largest when argon was not injected. With the gradual increase
in the argon injection flow rate, the atmosphere in the laser ablation region was gradually
isolated, and the collected LIBS signals gradually became stable. Therefore, the optimal
argon injection flow rate for substrate TN content LIBS detection was determined to be
10 L/min based on reducing the amount of argon and avoiding the influence of excessive
argon injection flow rate on plasma stability. Dib et al., also studied the effect of argon flow
rate on CN molecule LIBS signal, and their conclusions were consistent with the optimal
argon injection flow rate determined in this study [44]. The above results showed that
atmospheric nitrogen had a significant impact on the TN detection of substrate samples,
argon injection would effectively improve the signal quality of TN detection of samples,
and the injection argon flow rate also had an impact on the signal quality of substrate TN
detection. The interference of atmospheric nitrogen on substrate TN detection could be
effectively eliminated by optimizing the parameter of injection argon flow rate.

According to the determined optimal LIBS detection parameters, the LIBS spectral
data of all coco-peat substrate samples were collected. All the LIBS spectra had the same
spectral line features, but there were some differences in the peak values of each spectral
line feature. The above results showed that the substrate elements of each sample were
similar, but the content of each element was different to some extent. Figure 3 is the original
LIBS spectrum of a randomly selected substrate sample.
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Figure 3. LIBS spectrum of coco-peat substrate.

It can be seen from Figure 3 that there were abundant nutrient elements in the substrate
sample, and the spectral characteristic peaks of each nutrient element were significantly
different. In addition, all samples had strong spectral line characteristics at wavelengths of
742.36 nm, 744.23 nm and 746.83 nm. Among the collected spectral signals of the substrate
samples, there must be some spectral signals that were not related to the detection of TN
content, which were interference signals for TN content LIBS detection. To eliminate the
influence of background noise on LIBS detection, spectral data with a wavelength range of
722–737 nm were selected as the spectral background, and then the baseline correction was
carried out by background deduction.
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3.3. Calibration Curve Analysis of TN in Coco-Peat Substrate Based on Univariate LIBS
Characteristics

To realize fast LIBS optical analysis of TN content in coco-peat substrate, the strong
spectral lines feature data at sample wavelengths of 742.36 nm, 744.23 nm, and 746.83 nm
were used as independent variables according to NIST, and the reference measurement
values of TN obtained by the national standard method for each sample were used as de-
pendent variables. Univariate fitting was applied to construct a mathematical relationship
between the strong spectral lines feature data of the total samples and their TN reference
measurement values, while the leave-one-out method was used for cross-validation. Table 3
shows the analysis results of the calibration curve of TN content based on the feature data
of the abovementioned three strong spectral lines.

Table 3. Analysis results of TN calibration curves based on univariate LIBS spectral characteristics.

Characteristic Spectral Line R2 RMSECV

742.36 nm 0.0016 18.8751%
744.23 nm 0.0126 4.7245%
746.83 nm 0.0531 2.2082%

It can be seen from Table 3 that the determination coefficient of the univariate calibra-
tion curve of TN constructed by using the spectral data of the abovementioned three strong
spectral line characteristic variables of nitrogen element was small, and the cross-validation
root mean square error RMSECV of the model was large. These analysis results showed
that the detection performance of the univariate prediction model using strong spectral line
features was poor, and the measurement performance could not meet the actual detection
requirements. Zhang et al., also confirmed this view in the study of LIBS detection of TN
content in simulated Martian soil [45]. The univariate calibration curve based on strong
spectral line features was the simplest modeling method in LIBS detection, but the varia-
tion in sample matrix composition would have a matrix effect on coco-peat substrate TN
content detection, which would lead to poor anti-interference and low prediction accuracy
of the univariate TN detection model. The useful information of the single variable to
characterize the components to be measured was limited, and it was easily disturbed by
the matrix. The single-variable calibration curve can only achieve better performance
detection of the sample components under some ideal sample conditions. Therefore, the
conventional calibration curve was not suitable for LIBS modeling analysis of coco-peat
substrate TN content.

3.4. Detection of TN in Coco-Peat Substrate Based on Full Variables LIBS Data

In order to enhance the TN LIBS detection performance of coco-peat substrate, a multi-
variate input function model was applied to construct the mathematical model between the
sample LIBS data and the reference values of TN. Firstly, the spectral matrix was formed by
combining the full variable spectrum data of all the samples, and then the physicochemical
matrix was formed by combining the TN reference values of all samples measured by
the national standard method. PLSR was selected to build a multivariate mathematical
model between spectral matrix and physicochemical matrix. Figure 4 shows the calibration
set and predicted scatter plot of the coco-peat substrate TN spectral measurement model
established based on the full variable LIBS data.
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Figure 4 shows that the detection model of TN content of coco-peat substrate built
by using full variable LIBS data had good performance; R2

C and R2
P had values of 0.9932

and 0.9878, respectively, and RMSEC and RMSEP had values of 0.0424% and 0.0609%,
respectively. Compared with the results of univariate calibration curve analysis, the de-
termination coefficient of the LIBS detection model established with the full variable LIBS
spectral data was significantly improved, the root mean square error was sharply reduced,
and the detection performance of the full variable model was comprehensively enhanced.
The performance of the established multivariate detection model for the substrate TN con-
tent was similar to that reported in the literature for the determination of soil TN content
under a vacuum or an argon environment [46,47]. The key to improve the anti-interference
ability and accuracy of multivariate models was to increase the useful signals involved in
modeling and the mutual constraints among variables. However, the input variable of the
detection model was 23,614 when the full variable spectrum was selected to participate in
the detection analysis, which made the detection model more complex and extended the
detection time, thus affecting the detection efficiency. In summary, the full variable model-
ing could make maximum use of spectral information for analysis, but noise signals and
some irrelevant interference signals would also be involved in modeling analysis, which
inevitably presented greater challenges for multivariate modeling methods to identify
useful information. At the same time, the complexity of the detection model was inevitably
increased, which was not conducive to the development of special detection instruments.

3.5. Detection of TN Content in Coco-Peat Substrate Based on LIBS Data of Screening
Characteristic Variables
3.5.1. Modeling of Characteristic Variables for Si-PLS Screening

The obtained coco-peat substrate LIBS spectral data were separated into 20 consecutive
sub-intervals by Si-PLS, and the prediction model was constructed by randomly selecting
the spectral data corresponding to several sub-intervals from the divided sub-intervals, and
the assessment indicator of root mean square error was applied to select the best synergy
sub-intervals. The Si-PLS model with the best detection performance was obtained by
comparison, and the corresponding sub-intervals were the optimal interval combination.
Figure 5 shows the optimal interval combination selected by Si-PLS. The model of the
optimal interval combination spectral data was used to detect the TN content of the
samples, and the detection performance is presented in Figure 6.
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Figure 5. The optimal interval combination of sample TN features selected by Si-PLS.
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Figure 6. Scatter diagram of PLSR prediction model for screening spectral variables by Si-PLS.
(A) Calibration set, (B) prediction set.

As can be seen from Figure 5, Si-PLS was applied to select the continuous feature
variable sub-intervals, and four optimal synergy sub-intervals were obtained by compari-
son, which effectively eliminated the spectral data of 16 sub-intervals with little correlation
with the TN content detection. The number of variables that actually participated in the
measurement was reduced from 23,614 to 4720, thus greatly simplifying the complexity
of the model. Meanwhile, the four continuous characteristic variable intervals screened
by Si-PLS were 416–448 nm, 599–644 nm, 743–798 nm and 798–857 nm, respectively. The
selected optimal synergy subintervals included LIBS spectral data, such as 744.23 nm and
746.83 nm, which reflected the characteristics of strong spectral lines of nitrogen. The results
of Dong et al., showed that the spectral data at the wavelengths of 744.23 nm and 746.83 nm
had a great contribution to the LIBS detection of TN content [46]. As shown in Figure 6, the
PLSR model constructed by Si-PLS screening four optimal synergy sub-intervals spectral
data had a good prediction performance, with an R2

C and RMSEC of 0.9922 and 0.0458%,
and an R2

P and RMSEP of 0.9890 and 0.0655%, respectively. Compared with the PLSR model
of TN established by full variable spectral data, the detection accuracy was slightly affected,
but the model was greatly simplified. The optimal interval combination selected by Si-PLS
included some spectral line characteristics reflecting the variation in nitrogen elements,
which was the key to construct the TN measurement model of coco-peat substrate with
good detection performance. Since the selection of characteristic spectral lines by Si-PLS
was directly related to the interval combination, some relevant information variables with
low contribution were discarded; so, the detection performance of Si-PLS screening variable
model was slightly worse than that of the full variable data model.
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3.5.2. Modeling of Spectral Features for UVE Screening

The full variable LIBS data of coco-peat substrate contained rich element information of
the constituent samples, and there were some signals that were not relevant to the detection
of TN content. Irrelevant information participation in modeling not only interfered with the
LIBS measurement of the substrate TN content, but also seriously affected the analysis and
detection efficiency of the model. Therefore, UVE was applied to remove redundant and
irrelevant signal variables from the acquired full variable LIBS data and screen information
variables related to the test of coco-peat substrate TN content. The screening results of
variables are shown in Figure 7.

Figure 7. LIBS spectral characteristic lines of coco-peat substrate TN screened by UVE.

As can be seen from Figure 7, the abscissa and ordinate represent the wavelength and
the stability of wavelength variables, respectively. The left side of the graph is the LIBS
signal, the right side of the graph is the artificially added noise signal, and the two black
horizontal dashed lines represent the boundaries of useful information or noise signals.
The corresponding spectral variables are the UVE screening characteristic spectral lines
when the stability of the left spectral variables exceeded the decision boundaries of two
black dashed line. And the wavelength variable with signal stability within two black
horizontal dashed lines is the irrelevant information variable of coco-peat substrate TN
detection. Finally, PLSR was applied to construct the LIBS detection model of TN content
based on UVE removing redundant signals, and its prediction performance is shown in
Figure 8.
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It can also be seen from Figure 7 that the characteristic variables of the substrate TN
detection decreased from 23,614 to 796 when UVE was applied to select LIBS feature lines.
Many irrelevant information variables in the full variable data of the sample were elimi-
nated, and the input variables of the measurement model were greatly reduced. In addition,
UVE selected spectral lines data with a wavelength of 388.3 nm and nearby for modeling.
Further analysis showed that CN molecular emission line signals with a wavelength of
388.3 nm had a good correlation with TN content detection in the substrate [48]. Therefore,
this was also the reason why the UVE screening variable establishment model had the best
performance. The prediction accuracy of PLSR detection model based on UVE screening
feature lines was excellent, with an R2

C and RMSEC of 0.9944 and 0.0382%, and an R2
P

and RMSEP of 0.9902 and 0.0513%, respectively. Compared with the actual measurement
results of the full variable PLSR model, the determination coefficient of the PLSR model
built by UVE selecting characteristic data was increased and the root mean square error
was reduced. In addition, the complexity of measurement model was greatly simplified,
and its prediction performance was further improved. UVE could retain useful spectral
signals and eliminate irrelevant information variables to the greatest extent, which not only
ensured that the established multivariate model had better anti-interference ability, but also
was the key reason for simplifying the model and ensuring prediction accuracy. In a word,
UVE could effectively select the information variables related to detection and remove the
irrelevant redundant information in the full spectrum data. Through the combination of
UVE and PLSR, high-performance detection of TN content in coco-peat substrate could be
achieved, and it was also conducive to the development of special detection instruments.

3.6. Performance Comparison of LIBS Detection Models for TN in Coco-Peat Substrate Based on
Full Variables and Selected Characteristic Variables

In order to fully consider the accuracy of spectral detection and the detection efficiency
of the model, the detection performance of the best prediction model of single-variable,
full variables and selected characteristic variables LIBS data of coco-peat substrate was
compared, and the results represented in Table 4. Through comparison, the simplest and
optimal LIBS spectral model for TN detection in coco-peat substrate was obtained so as to
achieve fast and high-precision measurement of coco-peat substrate TN content.

Table 4. Comparison of prediction performance of optimal models established by different variable
selection methods.

Method of Variable
Selection

Number of
Variables

Number of Latent
Variables (LVs)

Proportion of
Participating Variables

R2 RMSE

R2
C R2

P RMSEC RMSEP

Univariate 1 / 0.004% 0.0531 2.2082%
Full variables 23,614 10 100% 0.9932 0.9878 0.0424% 0.0609%

Si-PLS 4720 8 19.988% 0.9922 0.9890 0.0458% 0.0655%
UVE 796 9 3.371% 0.9944 0.9902 0.0382% 0.0513%

As shown in Table 4, it was difficult to achieve a fast measurement of sample TN
content with the univariate spectral calibration curve based on strong spectral line char-
acteristics of nitrogen elements. The calibration set and prediction set model evaluation
indexes (R2 and RMSE) of PLSR models established with full variables, Si-PLS and UVE
screening variables were similar, which indicated that there was no overfitting phenomenon
in the prediction models established with the optimal number of LVs. The PLSR model
established by the full variable spectral data could realize a good detection performance of
TN. The spectral prediction model established by UVE and Si-PLS selecting feature data
could also realize the fast measurement of coco-peat substrate TN content. These variables
involved in Si-PLS screening accounted for 19.988% of the total variables, and the variables
selected by UVE accounted for only 3.371% of the total variables. The above results indi-
cated that the two variable selection algorithms (UVE and Si-PLS) could efficiently extract
the spectral information related to the measurement of TN in the full variable spectral data,
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and significantly reduce the redundant data in the model input variables. Further analysis
showed that the matrix effect was the main reason for the difficulty in realizing LIBS
detection of substrate TN content in the univariate calibration curve, and multi-variable
analysis modeling would effectively solve the problems caused by the matrix effect [23].
In addition, the atomic emission lines and CN molecular emission lines related to the
detection of TN in coco-peat substrate could be fully screened through the combination of
variable screening and multivariate modeling, which was conducive to the mining of LIBS
spectral information and the realization of high-performance detection. The contradiction
between the insufficient spectral information of the univariate calibration curve and the
excessive and redundant information of the full spectrum modeling could be solved by
variable optimization and multivariate modeling. Compared with the full variable optimal
spectral prediction model, the PLSR model established by UVE screening variables not only
simplified the complexity of the model to the greatest extent, but also further enhanced the
detection performance. The full utilization of LIBS spectral information might be the main
reason why UVE combined with PLSR achieved high-performance detection of TN content
in coco-peat substrate. In summary, UVE was applied to select the feature variable data, and
the best TN measurement model would be constructed by PLSR, with an R2

C and RMSEC of
0.9944 and 0.0382%, and an R2

P and RMSEP of 0.9902 and 0.0513%, respectively. Compared
with the existing literature on soil total nitrogen LIBS detection, the combination of UVE
and PLSR could achieve excellent performance detection of the substrate TN content.

4. Conclusions

In this study, LIBS was used to achieve rapid and high-performance detection of
TN content in coco-peat substrate. The multivariate model could effectively reduce the
influence of matrix effect, which was more conducive to establishing a better coco-peat
substrate TN detection model than the univariate calibration curve. UVE and Si-PLS could
effectively extract the closely related spectral signals of the substrate LIBS detection. At the
same time, variable screening and multivariate modeling could make full use of the atomic
emission lines and CN molecular emission lines information related to TN detection in the
LIBS spectrum of coco-peat substrate. Through comparison, the optimal and simplest high-
performance model for TN content detection of coco-peat substrate would be established
by combining UVE and PLSR. The R2

C and RMSEC of the optimal model were 0.9944 and
0.0382%, and the R2

P and RMSEP were 0.9902 and 0.0513%, respectively. In summary,
UVE combined with PLSR was beneficial to the development of special LIBS detection
instrument for TN content in coco-peat substrate. At present, there are few studies on the
rapid detection of elements in facility cultivation substrate by LIBS. This study is of great
significance to promote the substrate cultivation of facility agriculture to achieve precision
fertilization. In the future, the robustness and universality of the model would be further
improved by increasing the type and number of training model samples.
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