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Abstract: As a precious soil resource, black soils in Northeast China are currently facing severe
land degradation. Visible and near-infrared spectroscopy (vis-NIR, 350–2500 nm) and mid-infrared
spectroscopy (MIR, 2500–25,000 nm) have shown great potential to predict soil properties. However,
there is still limited research on using MIR in situ. The aim of this study was to explore the feasibility
of in situ MIR for the prediction of soil total nitrogen (TN) and total phosphorus (TP) and to compare
its performance with the use of laboratory MIR, as well as the use of in situ and laboratory vis-NIR.
A total of 450 samples from 90 soil profiles, along with their in situ and laboratory spectra of MIR
and vis-NIR, were collected in a field with ten different tillage and management practices in a typical
black soil area of Northeast China. Partial least square regression (PLSR), random forest (RF) and
multivariate adaptive regression splines (MARS) were used to generate the calibrations between
the spectra and the two properties. The results showed that both MIR and vis-NIR were able to
predict the TN whether in laboratory or in situ conditions, but neither of them could predict the TP
quantitatively since there was no sensitive band on both spectra regarding the TP. The prediction
accuracy of the TN with laboratory spectra was higher than that with in situ spectra, for both vis-
NIR and MIR. The optimal prediction accuracy of the TN with laboratory MIR (RMSE = 0.11 g/kg,
RPD = 3.12) was higher than that of laboratory vis-NIR (RMSE = 0.14 g/kg, RPD = 2.45). The
optimal prediction accuracy of in situ MIR (RMSE = 0.20 g/kg, RPD = 1.80) was lower than that of
in situ vis-NIR (RMSE = 0.16 g/kg, RPD = 2.14). The prediction performance of the spectra followed
laboratory MIR > laboratory vis-NIR > in situ vis-NIR > in situ MIR. The performance of in situ MIR
was relatively poor, mainly due to the fact that MIR was more influenced by soil moisture. This
study verified the feasibility of in situ MIR for soil property prediction and provided an approach for
obtaining rapid soil information and a reference for soil research and management in black soil areas.

Keywords: mid-infrared spectroscopy; visible and near-infrared spectroscopy; in situ; proximal soil
sensing; black soils; soil total phosphorus; soil total nitrogen

1. Introduction

The black soil area in Northeast China is one of the three major black soil regions
in the Northern Hemisphere, providing an important guarantee for the food security of
China [1,2]. Whereas, the high-intensity use of black soil resources and excessive application
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of fertilizers have led to serious land degradation and a substantial decrease in fertility in the
black soil areas [3,4]. Acquisition of the spatial variability of soil physicochemical properties
and rational management of soil resources are important to protect and restore black soils
and to achieve precision agriculture as well as sustainable agricultural development to
meet the food and living needs in the future [5–7].

Nevertheless, traditional chemical analysis methods are expensive, time-consuming
and mostly based on chemical reagents, which have a negative impact on the environ-
ment [8]. Moreover, these methods often fail to meet the need for rapid characterization
of soil spatial distribution and variability and cannot provide data support for precision
agricultural production. Soil spectroscopy is a fast, cost-effective and environmentally
friendly technique to add value to conventional methods and extend them [9–11]. With the
development of hyperspectral technology, the application of soil visible and near-infrared
spectroscopy (vis-NIR, 350–2500 nm) and mid-infrared spectroscopy (MIR, 2500–25,000 nm)
has gradually become widespread. The correlations between soil spectra and soil physico-
chemical properties make the establishment of high-precision spectral prediction models
a reality. In addition, as fast and accurate analytical techniques, vis-NIR and MIR have the
advantages of simple sample pretreatment, reproducibility, no chemical reagents and can
measure a range of soil properties using a single spectrum [5].

Vis-NIR has been the most studied spectral range for pedometrics [6,12,13], and many
efforts for improving its accuracy have been made [14–16]. However, MIR contains more
information related to soil properties than vis-NIR, since vis-NIR reflects the internal
octave and ensemble frequency vibrations of matters, with a large overlap between spectral
features and difficulty in the extraction [17]. While MIR reflects the fundamental frequency
of internal molecular vibrations, many soil properties that do not have feature bands in the
vis-NIR spectral range can be identified in MIR. By analyzing soil spectral data based on
the correlation between soil spectra and properties, various soil properties can be predicted,
which has great application prospects combined with traditional laboratory soil chemical
analysis methods [18]. Janik et al. (1998) and Viscarra Rossel et al. (2001) found that
MIR could provide comparable accuracy to chemical analysis predicting lime demand and
pH [9,19]. McCarty et al. (2006) and Soriano-Disla et al. (2013) found that MIR was superior
to vis-NIR in predicting soil properties such as water content, calcium (Ca), total carbon
(TC), soil organic carbon (SOC), TN, pH and textural properties [20,21]. Terra et al. (2015)
used vis-NIR and MIR from 1259 soil samples to predict soil properties and found that MIR
showed higher accuracy for 60% of the studied properties [22].

However, most spectroscopic applications in soil science have focused on indoor
(laboratory) spectra rather than in situ spectra. in situ spectroscopic measurements have
the potential to eliminate the need for collecting, transporting and processing soil samples,
resulting in reductions in labor and material costs, which are particularly advantageous for
promoting precision agriculture and large-scale soil mapping. Indoor spectroscopic tech-
niques typically use soil samples that are pre-treated by air-drying, grounding and sieving,
which effectively removes most disturbance of in situ conditions, such as moisture, surface
roughness, debris and other environmental factors, leading to improved experimental
results. Conversely, various factors present in the in situ environment can impact spectral
acquisition, which requires quantifying and removing the effects of these environmental
factors and designing new in situ spectrometers to extend the benefits of laboratory MIR
to in situ MIR. This is a crucial step in moving spectroscopy from indoor research to field
applications [23].

The study of the application of in situ soil spectra is still in its preliminary stage, most
of which is based on in situ vis-NIR, and is focused on the comparative analysis of soil
property prediction under laboratory and in situ conditions, as well as the quantification
and removal of the effects of environmental factors on spectra, while there are relatively
fewer studies focusing on the application of in situ MIR. Ji et al. (2016) used a portable
prototype MIR spectrometer with a limited spectral range (898 to 1811 cm−1) to collect
soil spectra from two agricultural fields and evaluated the usability of in situ MIR, finding
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that the in situ spectral model performed essentially the same as the indoor spectral model
for N, P, K, Na and pH predictions, but was slightly lower than the indoor model for OM,
Fe, Cu, CEC, Ca, Mg and BD models, indicating the potential of MIR for application in
in situ conditions [24]. Hutengs et al. (2019) evaluated the performance of in situ spectra
based on a handheld spectrometer and found that it could already replace indoor benchtop
instruments under indoor conditions, and MIR provided more accurate results compared
to vis-NIR, which demonstrated the potential of handheld MIR spectroscopy for in situ
and indoor applications [25]. Martínez-España et al. (2019) confirmed this with different
machine learning algorithms and demonstrated the feasibility of modeling in situ spectra
provided by portable MIR with the Gaussian Process Regression (GPR) algorithm to predict
soil properties [26].

This study explored the feasibility of using in situ MIR spectroscopy for rapid deter-
mination of soil TN and total phosphorus (TP), with a view to extending the advantages
of MIR from laboratory to in situ. The study’s specific objectives included (1) finding the
optimal spectral pre-processing methods for MIR and vis-NIR; (2) analyzing the feasibility
of in situ MIR for the prediction of soil properties; (3) comparing the modeling performances
of MIR with vis-NIR spectra both in laboratory and in situ conditions.

2. Materials and Methods
2.1. Study Area

This study was carried out in an experimental field in Lishu County (43◦02′–43◦46′N
latitude and 123◦45′–124◦53′E), Jilin Province, China (Figure 1). Lishu County is a part of
the Songliao Plain, located in the “three major black soil zone in the Northern Hemisphere”
and “Golden Corn Belt” with fertile soil and flat terrain and has been named the “National
Modern Agricultural Demonstration Zone” of China since 2011. The main soil type of the
study area is black soil, which is Phaoezem according to the World Reference Base for Soil
Resources [27]. The climate is a semi-humid continental monsoon type with an average an-
nual temperature of 6.4 ◦C and an average annual rainfall of 493 mm, mainly concentrated
in the months from April to September. The study area is located in a representative black
soil zone and is an important food resource in China. Hence, choosing this region as the
study area is representative and significant.
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2.2. Soil Samples Collection

The experimental field consisted of three parallel zones recorded as zone 1, zone 2
and zone 3, respectively. Within each zone, ten plots were established corresponding to ten
different farming practices, which are hereinafter referred to as “ten modes”, resulting in a
total of thirty plots. The precise farming practices and sampling locations were distributed
as illustrated in Table 1 and Figure 1.

All soil profiles were collected in June 2020, at a total depth of 1 m according to the
divisions of 0–10 cm, 10–20 cm, 20–40 cm, 40–70 cm and 70–100 cm. In order of spatial
location, 3 soil profiles were collected in each of the 30 plots, resulting in a total of 90 soil
profiles and 450 soil samples. While collecting the soil profiles, the coordinates were
measured with a real-time kinematic (RTK) AgGPS 542 global navigation satellite system
(GNSS) receiver (Trimble, Ltd., Sunnyvale, CA, USA).

Table 1. The “ten modes” farming practices.

Mode Tillage Method Row Spacing Straw Returning

Mode 1 Ridge Tillage 60 cm No
Mode 2 Ridge Tillage 60 cm Yes (cover)
Mode 3 Shallow Rotary Tillage 40:80 cm Yes (crushing)
Mode 4 Deep Rotary Tillage 40:80 cm Yes (crushing)
Mode 5 Rotary Plowing 40:80 cm Yes (crushing)
Mode 6 No Tillage 40:80 cm Yes (cover)
Mode 7 No Tillage 40:100 cm Yes (cover)
Mode 8 No Tillage 40:140 cm Yes (cover)
Mode 9 Strip Tillage 40:90 cm Yes (cover)

Mode 10 Strip Tillage 70 cm Yes (cover)

2.3. Soil Spectral Measurement and Chemical Analysis
2.3.1. Soil Spectral Measurement

Each soil sample was rapidly measured for in situ spectra once it was brought to the
laboratory. Subsequently, the soil sample was air-dried, ground and sieved through a 2 mm
mesh. To enable laboratory chemical analysis and soil spectra measurement (referred
to as “laboratory MIR” and “laboratory vis-NIR” in the following), the soil sample was
partitioned into two parts.

Soil MIR spectra (both in situ and laboratory MIR) were measured using a 4300 handheld
Fourier transform infrared spectrometer (Agilent Technologies, Santa Clara, CA, USA) with
a spectral range of 4000–650 cm−1, a sampling interval of 0.47 cm−1 and a resolution of
4 cm−1. In this study, an attenuated total reflection (ATR) probe and a diffuse reflectance
probe were used to measure in situ and laboratory spectra of soil samples, respectively.
The in situ MIR was measured using an ATR probe. Soil samples (no less than 10 mm
thick) were placed in plastic Petri dishes (90 mm in diameter and 15 mm in height). When
placing soil samples, it is important to avoid excessive gaps, rocks or other sundries. After
measuring the in situ MIR, the soil samples were air-dried, ground and sieved. Laboratory
spectra were also measured in plastic Petri dishes with the soil samples no less than 10 mm
thick. The laboratory MIR was measured using a diffuse reflectance probe. Both in situ
spectra and laboratory spectra were determined after 3 repeated measurements for each
soil sample, with 32 internal scans for each measurement, and the final records were the
spectral data calculated by averaging. The instrument was calibrated every 10 min.

Soil vis-NIR spectra (both in situ and laboratory vis-NIR) were measured using
a portable spectrometer (QualitySpec Trek, Analytical Spectral Devices Inc., Boulder, CO,
USA) with a wavelength range of 350–2500 nm and spectral resolutions of 3 nm, 9.8 nm
and 8.1 nm at 700 nm, 1400 nm and 2100 nm, respectively, with calibration provided in
the form of a built-in whiteboard reference and wavelength calibration. Soil samples were
also placed in plastic Petri dishes. Three replicate measurements were performed for each
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sample, with 50 internal scans performed for each measurement to maximize the signal-to-
noise ratio of the spectra, and the average of the replicate measurements was used as the
final spectral data for that soil sample. The instrument was calibrated every 10 min.

2.3.2. Chemical Analysis

Chemical analyses included the TN and TP. The TN was determined by an elemental
analyzer (FLASH2000, Thermo Fisher Scientific, MA, USA). The TP was determined by
a continuous flow analyzer type (AA3, Bran + Luebbe GmbH, Norderstedt, Germany).

2.4. Pre-Processing of Spectra

The purpose of spectral preprocessing is to highlight the important information in
the spectral data. Frequently-used methods include absorbance conversion (ABS), first
derivative (FD), Savitzky–Golay convolutional smoothing (SG) and multiple scattering
correction (MSC) [28–30]. Moreover, maximum normalization (MAN) was adopted as
an alternative pre-processing method in this study.

MAN is a method of standardization aiming to scale the data so that they are dis-
tributed in a fixed interval, which facilitates data management and analysis, and allows
easy comparison of data in different units. It performs a linear transformation on the
original data, such that the maximum value of the data is normalized to 1, while the other
data are proportionally scaled to the range of 0 to 1.

In this study, laboratory MIR and vis-NIR were used to compare the effects of different
spectral pre-processing combinations and to select the optimal spectral pre-processing
combination for MIR and vis-NIR. Multivariate adaptive regression splines (MARS) was
chosen as the modeling method.

2.5. Soil Spectral Predictive Algorithms
2.5.1. Partial Least Squares Regression

Partial least squares regression (PLSR) was proposed by Wold et al. in 1983 [31],
integrating the ideas of multiple regression, principal component analysis and correlation
analysis, and having a great advantage in dealing with problems in which the number
of independent variables is much larger than the number of samples. It can effectively
eliminate the problem of multicollinearity among the variables and is currently one of the
most commonly used algorithms in the field of soil hyper-spectroscopy. Based on it, various
prediction models for the prediction of soil properties have been successfully established.

In addition, in order to find the feature bands and to elucidate the different prediction
performances of different models and spectra, this study used the PLS-VIP method to
calculate the scores of variable importance in the projection (VIP) [32,33]. The vj weights
are measures of the contribution of each variable according to the variance explained by
each PLS component where

(
waj/

∣∣wa
∣∣)2 represents the importance of the jth variable.

Since the variance explained by each component can be computed by the expression q2
at′ata,

the vj can be expressed as [34,35]:

vj =

√√√√p
A

∑
a=1

[
(q2

at′ata)
(

waj/
∣∣wa
∣∣)2
]
/

A

∑
a=1

(q2
at′ata) (1)

Variable j can be eliminated if vj < u for some user-defined threshold u ∈ [0, ∞). It is
generally accepted that a variable should be selected if vj > 1.

The PLSR in the study was carried out from the “sklearn” package in Python 3.8.8. The
main parameter of the PLSR model is the number of components to keep (n_components).
The PLS-VIP method in the study was carried out from the plsVarSel package [36] with
R 4.2.2 [37].
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2.5.2. Multivariate Adaptive Regression Splines

Multivariate adaptive regression splines (MARS) is a segmented linear regression
model for high-dimensional data proposed by American statistician Friedman in 1991 [38].
MARS divides a whole region into several small intervals and creates a polynomial within
each interval, which maintains both the continuity of the model as a whole and the in-
dependence of the intervals from each other. MARS has the following features: (1) the
nodes and basic functions are automatically determined through the forward and backward
pruning process, which has an extremely strong self-adaptability and the advantages of
fast computation and an accurate model in processing high-dimensional data; (2) each
segment polynomial has a certain degree of smoothness at the interval connection, which
maintains both the continuity of the model as a whole and the local independence between
the intervals and can effectively extract the linear and nonlinear relationships between
variables; (3) it has good interpretability.

The MARS in the study was carried out from the “pyearth” package in Python 3.8.8.
The main parameters of the MARS model include the maximum degree of terms generated
by the forward pass (max_degree), the maximum number of terms generated by the forward
pass (max_terms) and whether the model will be smoothed such that it has continuous first
derivatives (smooth).

2.5.3. Random Forest

Random forest (RF) is an integrated learning algorithm proposed by Breiman in
2001 [39], which uses the Bagging integration idea based on a CART decision tree and
introduces random attributes in the training process of the decision tree. With a simple
algorithm, good generalization effect and easy implementation, it is now widely used in
the field of soil hyperspectral modeling. The main idea of the Bagging algorithm is that
given a data set of size m samples, a sample is randomly taken out with put-back and
added to the training set, and repeated m times. A training set containing m samples can
be obtained with great probability that some samples are not selected and some samples
are selected several times [40]. The basic idea of RF is that for a data set of m samples, the
Bagging algorithm is used to randomly obtain m training sets and repeat n times to get
n different training sets and establish n CART decision trees, with important parameters
such as the number of trees, the maximum depth of the trees, the maximum number of
feature choices, etc. The result is the vote (classification problem) or the average (regression
problem) of the n decision trees.

The RF in the study was carried out from the “sklearn” package in Python 3.8.8. The
main parameters of the RF model include the number of trees (n_estimators), the minimum
sample number of selected factors in each node (min_samples_leaf), the maximum depth
of trees (max_depth) and the maximum features considered (max_features).

2.5.4. Data Splitting

In this study, 90 soil profiles with a total of 450 soil samples were divided into training
and validation sets according to parallel zones. Soil samples from zones 1 and 2 were used
as the training set (n = 300) and soil samples from zone 3 were used as the validation set
(n = 150).

2.6. Model Assessment

In this study, the coefficient of determination (R2), the root mean square error (RMSE)
and the ratio of standard deviation to RMSE (RPD) were used as the evaluation indexes of
the model prediction performance. Chang et al. (2001) classified models into three classes
based on the RPD values: when the RPD < 1.4, it is an unreliable model, and the model
does not have predictive ability; when 1.4 < RPD < 2, it is a reliable model, and the model
has good predictive ability; when the RPD > 2, it is an excellent model, and the model has
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excellent predictive ability [41]. In general, an optimal model has a higher R2 and RPD, and
a lower RMSE. The calculation formulas are as follows:

R2 = 1−
∑n

i=1 (yobs − ypred)
2

∑n
i=1 (yobs − y)2 (2)

RMSE =

√
1/n

n

∑
i=1

(
yobs − ypred

)2
(3)

RPD = SD/RMSE =

1/(n− 1)∑n
i=1

(
ypred − y

)
1/n ∑n

i=1

(
yobs − ypred

)
1/2

(4)

where yobs and ypred are the true and predicted values, respectively; y is the mean of yobs;
n is the number of samples.

3. Results
3.1. Soil Properties Distribution

Statistical information on the properties of all 450 soil samples is shown in Table 2.
Moreover, the whole dataset, training set and validation set all had normally distributed TP
and TN data. Different farming practices have different effects on soil properties; scientific
management methods (such as straw returning and no tillage) can not only improve soil
fertility but also increase field water use efficiency [42–44]. Figure 2 shows the situation of
soil properties (including TN and TP) under different farming practices. Mode 6 is higher
than other farming practices in terms of lower quartile and median for the TN. This might
be because no tillage and straw returning can minimize tillage and leave crop residues
on the soil surface for natural decomposition, which results in reduced soil disturbance,
improved soil surface coverage, suppressed mineralization and input of soil organic matter
and ultimately increased soil organic matter content [45].

Table 2. Statistical description table of soil sample properties.

Soil
Properties

Whole Dataset (450) Training Set (300) Validation Set (150)

Min. Mean Max. SD Min. Mean Max. SD Min. Mean Max. SD

TN (g/kg) 0.22 0.82 1.86 0.37 0.22 0.84 1.86 0.36 0.28 0.79 1.65 0.35
TP (mg/kg) 7.00 145.26 591.96 71.13 7.00 156.03 591.96 70.25 25.70 124.28 323.79 65.49
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3.2. Comparison of Spectra Pre-Processing Combinations

From vis-NIR after different spectral preprocessing combinations (Figure 3), it can
be seen that the spectral data generated by the combinations were more concentrated
except ABS+SG. The spectral differences were more obvious after the first derivatives, but
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there was also more noise. From MIR after different spectral preprocessing combinations
(Figure 4), it can be seen that the spectral data without SG smoothing but using the first
derivative had obvious noise, while the MIR processed by MSC+SG were more concentrated
compared with that of SG+MAN.
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combinations (R2 = 0.25–0.48, RMSE = 46.93–56.71 mg/kg, RPD = 1.16–1.40). For vis-NIR,
ABS+SG achieved the highest accuracy (for TN: R2 = 0.81, RMSE = 0.15 g/kg, RPD = 2.31;
for TP: R2 = 0.48, RMSE = 46.93 mg/kg, RPD = 1.40); for MIR, SG+MAN achieved the
highest accuracy (for TN: R2 = 0.90, RMSE = 0.11 g/kg, RPD = 3.11; for TP: R2 = 0.33,
RMSE = 52.60 mg/kg, RPD = 1.23) (Table 3). As a result, the ABS+SG combination (polyno-
mial of 2 and window width of 15) combination was used in this study for vis-NIR, and the
SG+MAN combination (polynomial of 2 and window width of 11) combination was used
for MIR. The values of “polynomial” and “window width” were finally selected according
to prediction accuracy after being widely tested. Figure 5 shows the in situ vis-NIR and
MIR with the best pre-processing combination methods.

Table 3. Prediction accuracy of soil properties based on vis-NIR and MIR with different spectral
pre-processing combinations.

Soil Properties Spectral Preprocessing Combinations R2 RMSE RPD

vis-NIR

TN (g/kg)

ABS+FD 0.79 0.16 2.23
ABS+SG 0.81 0.15 2.31

ABS+SG+FD 0.78 0.16 2.12
ABS+MSC+SG 0.80 0.16 2.24

TP (mg/kg)

ABS+FD 0.26 56.09 1.17
ABS+SG 0.48 46.93 1.40

ABS+SG+FD 0.39 50.89 1.29
ABS+MSC+SG 0.25 56.71 1.16

MIR

TN (g/kg)

MSC+MAN 0.88 0.11 3.00
SG+MAN 0.90 0.11 3.11

SG+FD 0.79 0.16 2.21
MSC+SG 0.81 0.15 2.31

TP (mg/kg)

MSC+MAN 0.21 57.26 1.13
SG+MAN 0.33 52.60 1.23

SG+FD 0.25 55.69 1.16
MSC+SG 0.21 57.21 1.11

ABS: absorbance conversion; FD: first derivative; SG: Savitzky-Golay convolutional smoothing; MSC: multiple
scattering correction; MAN: maximum normalization
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3.3. Prediction of Soil Properties Based on in situ Spectra
3.3.1. Prediction of Soil Properties Based on in situ vis-NIR

All models based on in situ vis-NIR could successfully predict the TN (R2 = 0.63–0.80,
RMSE = 0.16–0.21 g/kg, RPD = 1.65–2.14), but could not predict the TP (R2 = 0.17–0.23,
RMSE = 57.20–59.67 mg/kg, RPD = 1.10–1.15). For the TN, the performances of MARS and
PLSR models based on in situ vis-NIR were similar, and the prediction accuracy of the RF
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model was relatively lower. The MARS model had an R2 of 0.78, a RMSE of 0.17 g/kg with
a RPD of 2.12; the PLSR model had an R2 of 0.80, a RMSE of 0.16 g/kg with a RPD of 2.14;
the RF model had an R2 of 0.63, a RMSE of 0.21 g/kg with a RPD of 1.65. For the TP, the
performances of the MARS and RF models based on in situ vis-NIR were similar, and the
prediction accuracy of the PLSR model was relatively higher. The MARS model had an
R2 of 0.17, a RMSE of 59.67 mg/kg with a RPD of 1.10; the RF model had an R2 of 0.17,
a RMSE of 58.76 mg/kg with a RPD of 1.12; the PLSR model had an R2 of 0.23, a RMSE of
57.20 mg/kg with a RPD of 1.15 (Figure 6 and Table 4).

Remote Sens. 2023, 15, x FOR PEER REVIEW 10 of 19 
 

 

3.3. Prediction of Soil Properties Based on in situ Spectra 
3.3.1. Prediction of Soil Properties Based on in situ vis-NIR 

All models based on in situ vis-NIR could successfully predict the TN (R2 = 0.63–0.80, 
RMSE = 0.16–0.21 g/kg, RPD = 1.65–2.14), but could not predict the TP (R2 = 0.17–0.23, 
RMSE = 57.20–59.67 mg/kg, RPD = 1.10–1.15). For the TN, the performances of MARS and 
PLSR models based on in situ vis-NIR were similar, and the prediction accuracy of the RF 
model was relatively lower. The MARS model had an R2 of 0.78, a RMSE of 0.17 g/kg with 
a RPD of 2.12; the PLSR model had an R2 of 0.80, a RMSE of 0.16 g/kg with a RPD of 2.14; 
the RF model had an R2 of 0.63, a RMSE of 0.21 g/kg with a RPD of 1.65. For the TP, the 
performances of the MARS and RF models based on in situ vis-NIR were similar, and the 
prediction accuracy of the PLSR model was relatively higher. The MARS model had an R2 
of 0.17, a RMSE of 59.67 mg/kg with a RPD of 1.10; the RF model had an R2 of 0.17, a RMSE 
of 58.76 mg/kg with a RPD of 1.12; the PLSR model had an R2 of 0.23, a RMSE of 57.20 
mg/kg with a RPD of 1.15 (Figure 6 and Table 4). 

 
Figure 6. Scatter plot of predicted soil TN and TP based on in situ vis-NIR. 

3.3.2. Prediction of Soil Properties Based on in situ MIR 
Similarly, all models based on in situ MIR could successfully predict the TN (R2 = 

0.51–0.71, RMSE = 0.20–0.25 g/kg, RPD = 1.43–1.80), but could not predict the TP (R2 = 0.05–
0.22, RMSE = 58.73–64.62 mg/kg, RPD = 1.03–1.14). Meanwhile, it can be seen that the pre-
diction accuracy of in situ MIR was relatively lower than that of in situ vis-NIR. For the 
TN, the prediction accuracy of the PLSR model based on in situ MIR was the highest, while 
the prediction accuracy of the RF model was the lowest. The PLSR model had an R2 of 
0.71, a RMSE of 0.20 g/kg with a RPD of 1.80; the MARS model had an R2 of 0.63, a RMSE 
of 0.22 g/kg with a RPD of 1.66; the RF model had an R2 of 0.51, a RMSE of 0.25 g/kg with 
a RPD of 1.43. For the TP, the performances of the MARS and RF models based on in situ 
MIR were similar, and the prediction accuracy of the PLSR model was relatively higher. 

Figure 6. Scatter plot of predicted soil TN and TP based on in situ vis-NIR.

3.3.2. Prediction of Soil Properties Based on in situ MIR

Similarly, all models based on in situ MIR could successfully predict the TN (R2 = 0.51–0.71,
RMSE = 0.20–0.25 g/kg, RPD = 1.43–1.80), but could not predict the TP (R2 = 0.05–0.22,
RMSE = 58.73–64.62 mg/kg, RPD = 1.03–1.14). Meanwhile, it can be seen that the prediction
accuracy of in situ MIR was relatively lower than that of in situ vis-NIR. For the TN, the
prediction accuracy of the PLSR model based on in situ MIR was the highest, while the
prediction accuracy of the RF model was the lowest. The PLSR model had an R2 of 0.71,
a RMSE of 0.20 g/kg with a RPD of 1.80; the MARS model had an R2 of 0.63, a RMSE of
0.22 g/kg with a RPD of 1.66; the RF model had an R2 of 0.51, a RMSE of 0.25 g/kg with
a RPD of 1.43. For the TP, the performances of the MARS and RF models based on in situ
MIR were similar, and the prediction accuracy of the PLSR model was relatively higher.
The MARS model had an R2 of 0.09, a RMSE of 63.28 mg/kg with a RPD of 1.05; the RF
model had an R2 of 0.05, a RMSE of 64.62 mg/kg with a RPD of 1.03; the PLSR model had
an R2 of 0.22, a RMSE of 58.73 mg/kg with a RPD of 1.14 (Figure 7 and Table 4).

Both in situ vis-NIR and MIR could successfully predict the TN, but could not predict
the TP. The prediction accuracy of in situ MIR was relatively lower than that of in situ
vis-NIR. The optimal model was the PLSR.
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3.4. Prediction of Soil Properties Based on Laboratory Spectra
3.4.1. Prediction of Soil Properties Based on Laboratory vis-NIR

All models based on laboratory vis-NIR could successfully predict the TN (R2 = 0.78–0.84,
RMSE = 0.14–0.16 g/kg, RPD = 2.15–2.45), but could not predict the TP (R2 = 0.25–0.48,
RMSE = 46.93–53.36 mg/kg, RPD = 1.16–1.40). Meanwhile, it can be seen that the prediction
accuracy of laboratory vis-NIR was higher than that of in situ vis-NIR and MIR. For the TN,
the prediction accuracy of the PLSR model based on laboratory vis-NIR was the highest,
while the prediction accuracy of the RF model was the lowest. The PLSR model had an
R2 of 0.84, a RMSE of 0.14 g/kg with a RPD of 2.45; the MARS model had an R2 of 0.81,
a RMSE of 0.15 g/kg with a RPD of 2.31; the RF model had an R2 of 0.78, a RMSE of 0.16
g/kg with a RPD of 2.15. For the TP, the prediction accuracy of the MARS model based
on laboratory vis-NIR was the highest, while the prediction accuracy of the RF model was
the lowest. The MARS model had an R2 of 0.48, a RMSE of 46.93 mg/kg with a RPD of
1.40, but its accuracy on the training set was too low to be identified as a reliable model; the
PLSR model had an R2 of 0.36, a RMSE of 52.08 mg/kg with a RPD of 1.26; the RF model
had an R2 of 0.25, a RMSE of 53.36 mg/kg with a RPD of 1.16 (Figure A1 and Table 4).

3.4.2. Prediction of Soil Properties Based on Laboratory MIR

Similarly, all models based on laboratory MIR could successfully predict the TN
(R2 = 0.76–0.91, RMSE = 0.11–0.17 g/kg, RPD = 2.03–3.12), but could not predict the TP
(R2 = 0.20–0.39, RMSE = 50.24–57.63 mg/kg, RPD = 1.13–1.29). Meanwhile, it can be seen
that the prediction accuracy of laboratory MIR was the highest among the four kinds of
spectra. For the TN, the prediction accuracy of the PLSR model based on laboratory MIR
was the highest, while the prediction accuracy of the RF model was the lowest. The PLSR
model had an R2 of 0.91, a RMSE of 0.11 g/kg with a RPD of 3.12; the MARS model had
an R2 of 0.90, a RMSE of 0.11 g/kg with a RPD of 3.11; the RF model had an R2 of 0.76,
a RMSE of 0.17 g/kg with a RPD of 2.03. For the TP, the performances of the MARS and
PLSR models based on in situ MIR were similar, and the prediction accuracy of the RF
model was relatively lower. The PLSR model had an R2 of 0.39, a RMSE of 50.24 mg/kg
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with a RPD of 1.29; the MARS model had an R2 of 0.33, a RMSE of 52.60 mg/kg with
a RPD of 1.23; the RF model had an R2 of 0.20, a RMSE of 57.63 mg/kg with a RPD of 1.13
(Figure A2 and Table 4).

Both vis-NIR and MIR could successfully predict the TN, but could not predict the TP,
whether in in situ or laboratory conditions. The optimal model was the PLSR. The prediction
accuracy followed laboratory MIR > laboratory vis-NIR > in situ vis-NIR > in situ MIR.

Table 4. Prediction accuracy of soil TN and TP.

Soil
Properties

Modeling
Algorithms

Training Set Validation Set
R2 RMSE R2 RMSE RPD

in situ vis-NIR

TN (g/kg)
MARS 0.79 0.17 0.78 0.17 2.12

RF 0.77 0.17 0.63 0.21 1.65
PLSR 0.77 0.17 0.80 0.16 2.14

TP (mg/kg)
MARS 0.24 61.05 0.17 59.67 1.10

RF 0.36 56.01 0.17 58.76 1.12
PLSR 0.33 57.34 0.23 57.20 1.15

in situ MIR

TN (g/kg)
MARS 0.76 0.18 0.63 0.22 1.66

RF 0.68 0.21 0.51 0.25 1.43
PLSR 0.73 0.19 0.71 0.20 1.80

TP (mg/kg)
MARS 0.13 66.29 0.09 63.28 1.05

RF 0.25 61.63 0.05 64.62 1.03
PLSR 0.22 62.85 0.22 58.73 1.14

Laboratory vis-NIR

TN (g/kg)
MARS 0.78 0.17 0.81 0.15 2.31

RF 0.87 0.13 0.78 0.16 2.15
PLSR 0.75 0.18 0.84 0.14 2.45

TP (mg/kg)
MARS 0.26 60.37 0.48 46.93 1.40

RF 0.63 42.27 0.25 53.36 1.16
PLSR 0.37 55.78 0.36 52.08 1.26

Laboratory MIR

TN (g/kg)
MARS 0.87 0.13 0.90 0.11 3.11

RF 0.95 0.08 0.76 0.17 2.03
PLSR 0.88 0.12 0.91 0.11 3.12

TP (mg/kg)
MARS 0.45 52.67 0.33 52.60 1.23

RF 0.83 29.49 0.20 57.63 1.13
PLSR 0.31 59.01 0.39 50.24 1.29

MARS: multivariate adaptive regression splines; PLSR: partial least squares regression; RF: random forest.

3.5. The Scores of Variable Importance in Projection (VIP)

Figure 8 shows the VIP scores of each wavelength derived from PLSR. (1) For in situ
vis-NIR, feature bands included 450 nm–461 nm, 530–906 nm, 1403 nm–1433 nm and
1867 nm–2400 nm, which were 48.89% of the total (Figure 8a); (2) for in situ MIR, feature
bands included 2937 cm−1–2907 cm−1, 2348 cm−1–2341 cm−1, 2199 cm−1–2139 cm−1,
2057 cm−1–1946 cm−1, 1618 cm−1–1498 cm−1, 1163 cm−1–850 cm−1 and 693–656 cm−1,
which were 21.83 % of the total (Figure 8b); (3) for laboratory vis-NIR, feature bands in-
cluded 450 nm–872 nm, 1874 nm–2041 nm and 2190 nm–2400 nm, which were 41.11% of
the total (Figure 8c); (4) for laboratory MIR, feature bands included 3809 cm−1–3802 cm−1,
3791 cm−1–3716 cm−1, 3686 cm−1, 3660 cm−1, 3556 cm−1–3554 cm−1, 3025 cm−1–2303 cm−1,
1785 cm−1–1702 cm−1 and 1606 cm−1–1359 cm−1, which were 32.84% of the total (Figure 8d).
For in situ spectra, in situ vis-NIR had the highest proportion of feature bands, but with the
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lowest average VIP scores, while in situ MIR had the lowest proportion of feature bands
along with low average VIP scores except for an extreme high peak of VIP scores around
1006 cm−1. For laboratory spectra, laboratory vis-NIR had a similar waveshape of VIP
scores with in situ vis-NIR, and with higher peaks, while laboratory MIR had an unsimilar
waveshape of VIP scores with in situ vis-NIR and had the steadiest feature bands and
relatively higher values. As a whole, there were more feature bands along with higher VIP
scores in laboratory spectra.

Remote Sens. 2023, 15, x FOR PEER REVIEW 13 of 19 
 

 

MARS: multivariate adaptive regression splines; PLSR: partial least squares regression; RF: random 
forest 

3.5. The Scores of Variable Importance in Projection (VIP) 
Figure 8 shows the VIP scores of each wavelength derived from PLSR. (1) For in situ 

vis-NIR, feature bands included 450 nm–461 nm, 530–906 nm, 1403 nm–1433 nm and 1867 
nm–2400 nm, which were 48.89% of the total (Figure 8a); (2) for in situ MIR, feature bands 
included 2937 cm−1–2907 cm−1, 2348 cm−1–2341 cm−1-, 2199 cm−1–2139 cm−1, 2057 cm−1–1946 
cm−1, 1618 cm−1–1498 cm−1, 1163 cm−1–850 cm−1 and 693–656 cm−1, which were 21.83 % of 
the total (Figure 8b); (3) for laboratory vis-NIR, feature bands included 450 nm–872 nm, 
1874 nm–2041 nm and 2190 nm–2400 nm, which were 41.11% of the total (Figure 8c); (4) 
for laboratory MIR, feature bands included 3809 cm−1–3802 cm−1, 3791 cm−1–3716 cm−1, 3686 
cm−1, 3660 cm−1, 3556 cm−1–3554 cm−1, 3025 cm−1–2303 cm−1, 1785 cm−1–1702 cm−1 and 1606 
cm−1–1359 cm−1, which were 32.84% of the total (Figure 8d). For in situ spectra, in situ vis-
NIR had the highest proportion of feature bands, but with the lowest average VIP scores, 
while in situ MIR had the lowest proportion of feature bands along with low average VIP 
scores except for an extreme high peak of VIP scores around 1006 cm−1. For laboratory 
spectra, laboratory vis-NIR had a similar waveshape of VIP scores with in situ vis-NIR, 
and with higher peaks, while laboratory MIR had an unsimilar waveshape of VIP scores 
with in situ vis-NIR and had the steadiest feature bands and relatively higher values. As a 
whole, there were more feature bands along with higher VIP scores in laboratory spectra. 

 
Figure 8. VIP scores of each wavelength derived from PLSR: (a) in situ vis-NIR; (b) in situ MIR; (c) 
laboratory vis-NIR; (d) laboratory MIR. 

4. Discussion 
4.1. Prediction Performance of Soil Properties Using in situ vs. Laboratory Spectra 

This study indicated that the prediction performance of spectra followed laboratory 
MIR > laboratory vis-NIR > in situ vis-NIR > in situ MIR, and which of the models followed 
PLSR > MARS > RF. In general, complex machine learning algorithms (e.g., RF) generally 
appear to provide better model performance than linear models (e.g., PLSR) at a regional 
scale, whereas the most appropriate model might be case specific [46]. In the field scale, 
linear regression may be suitable for predicting some soil properties (e.g., EC, salinity), 
which might be attributed to low spatial variability [47,48]. The prediction accuracy of 
laboratory MIR was higher than that of laboratory vis-NIR, which is consistent with the 
findings of previous studies [49–55]. This is mainly due to the presence of a large number 
of correlated feature peaks within the MIR band, and the fact that the fundamental fre-
quency vibration between the molecules of the substance occurs in the MIR band, while 
the vis-NIR band range exists as multiplication and co-frequency vibrations of the funda-
mental frequency vibrations in the MIR band [56]. The prediction accuracy of in situ MIR 

Figure 8. VIP scores of each wavelength derived from PLSR: (a) in situ vis-NIR; (b) in situ MIR;
(c) laboratory vis-NIR; (d) laboratory MIR.

4. Discussion
4.1. Prediction Performance of Soil Properties Using in situ vs. Laboratory Spectra

This study indicated that the prediction performance of spectra followed laboratory
MIR > laboratory vis-NIR > in situ vis-NIR > in situ MIR, and which of the models followed
PLSR > MARS > RF. In general, complex machine learning algorithms (e.g., RF) generally
appear to provide better model performance than linear models (e.g., PLSR) at a regional
scale, whereas the most appropriate model might be case specific [46]. In the field scale,
linear regression may be suitable for predicting some soil properties (e.g., EC, salinity),
which might be attributed to low spatial variability [47,48]. The prediction accuracy of
laboratory MIR was higher than that of laboratory vis-NIR, which is consistent with the
findings of previous studies [49–55]. This is mainly due to the presence of a large number of
correlated feature peaks within the MIR band, and the fact that the fundamental frequency
vibration between the molecules of the substance occurs in the MIR band, while the vis-
NIR band range exists as multiplication and co-frequency vibrations of the fundamental
frequency vibrations in the MIR band [56]. The prediction accuracy of in situ MIR was lower
than that of in situ vis-NIR, which is consistent with the findings of previous studies [25,53].
This is mainly due to the presence of octave and ensemble peaks in the vis-NIR band
range, while the MIR band range is dominated by the fundamental frequency peaks of soil
property groups and moisture effects are mainly due to the 3600 cm−1–2800 cm−1 range
of the O–H bond stretching vibrations, so the MIR are more influenced by soil moisture
compared to vis-NIR [57–59]. In addition, the TP cannot be predicted quantitatively mainly
because there was no direct feature band on both spectra regarding the TP, while the
correlation between the TP and TN was not significant. Similar results were reported by
some previous studies [60–62].

4.2. The Feature Bands of TN Prediction with the Four Kinds of Spectra

This study used the PLS-VIP method to find the feature bands of MIR and vis-NIR spec-
tra in in situ and laboratory conditions for TN prediction. in situ vis-NIR kept a similar wave-
shape of VIP scores with laboratory vis-NIR while in situ MIR did not, indicating that the
disturbance of in situ conditions made a bigger influence on MIR, especially in the feature
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bands of soil moisture, which covered the feature bands of TN. The extreme high peak of
VIP scores in 1006 cm−1 might come from the quartz [63]. Laboratory spectra had more fea-
ture bands along with higher VIP scores, and laboratory MIR had the steadiest feature bands
and relatively higher values, which may indicate the reason why the best prediction perfor-
mance came from laboratory MIR. Much information is hidden in the differences between
in situ MIR and laboratory MIR, and further studies need to be carried out in the future. To
our knowledge, there were no such studies in the past. However, there were some related
studies that could be mutual corroborations with this study. Greenberg et al. [51] found that
optimal MIR models always used 4000 cm−1–3682.1 cm−1 and 3020.5 cm−1–1693.5 cm−1

bands in predicting TN since the bands below 1000 cm−1 were believed to contain more
noise and overlapping peaks of organic and mineral compounds [10,64]. The optimal
vis-NIR models always used 834 nm–1167 nm and 2166 nm–2500 nm bands. In addition,
the important peaks with large loadings values for TN prediction models were at 536 nm,
570 nm, 652 nm, 686 nm, 1402 nm, 1420 nm, 1898 nm, 2200 nm, 2300 nm and 2430 nm
in vis-NIR, and at 3700 cm−1, 3591 cm−1, 2960 cm−1, 2208 cm−1, 2035 cm−1, 1907 cm−1,
1853 cm−1, 1400 cm−1 and 1280 cm−1 in MIR. Xu et al. [65] used the stepwise regression
method to analyze the relationships between the absorption features of laboratory vis-NIR
and nitrogen concentration to select the absorption features significantly correlated with
nitrogen, and found some strong absorption bands centered on 410 nm, 480 nm, 1910 nm
and 2470 nm. Lu et al. [66] finished a study on searching the feature bands of TN, including
429 nm, 492 nm, 556 nm, 628 nm, 978 nm, 1066 nm, 1181 nm, 1202 nm, 1240 nm, 1274 nm,
1305 nm, 1329 nm, 1486 nm, 1514 nm, 1523 nm, 1566 nm, 1599 nm, 1642 nm, 1760 nm and
2491 nm.

4.3. Feasibility Analysis for Rapid Prediction of Soil Properties Based on in situ MIR

Although in situ MIR had lower prediction accuracy compared to laboratory spectra,
it is still a feasible and practical method for predicting soil properties [67]. In contrast to
laboratory spectral acquisition, in situ MIR is time-saving and cost-effective [68,69]. This
feature is particularly helpful for promoting large-area soil surveys and mapping, where
relative information on soil properties and their spatial variability may be more important
than the accuracy of a few single-point values [70]. In terms of the predicted soil TN and TP,
in situ MIR can successfully predict the TN. The optimal RPD value was 1.80 and the RMSE
was 0.20 g/kg, which was a reliable prediction model. The highest RPD for the TP was only
1.14 and the RMSE was 58.73 mg/kg, which could not be predicted successfully. In terms
of modeling methods, both the MARS and PLSR models can successfully build prediction
models for soil properties based on in situ MIR, among which PLSR had the best overall
performance, with R2 reaching 0.71 for the prediction of TN. In terms of comparison with
laboratory spectra, the accuracy of the in situ MIR spectral model was lower than that of
the laboratory vis-NIR and MIR models, mainly because in situ MIR was more influenced
by soil moisture [47,70], which covered the spectral features of soil properties in MIR.
In terms of experimental convenience, the acquisition of laboratory spectra required soil
sample collection, bagging and transportation, air-drying, grinding and sieving operations,
which consumed a lot of time, and labor costs and were not conducive to the promotion
of large-area soil property investigation applications, while in situ spectral acquisition can
save a lot of operations by simply applying a portable spectrometer directly to acquire
in situ spectra, which is of great significance to the promotion of soil remote sensing to
larger areas.

5. Conclusions

This study verified the ability of in situ MIR for soil property prediction and confirmed
the potential of extending the advantages of MIR from laboratory to in situ. Moreover, the
modeling performances using MIR and vis-NIR spectra collected in in situ and laboratory
conditions were compared.
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The detailed results are as follows: (i) the best spectral pre-processing combination
for MIR is SG+MAN, and the best spectral pre-processing combination for vis-NIR is
ABS+SG; (ii) in situ MIR can successfully predict the TN with a RPD of 1.80 and RMSE of
0.20 g/kg (neither MIR nor vis-NIR could predict the TP quantitatively), which greatly
simplifies the experimental content and demonstrates its application value in the field
of large-area soil investigation and mapping; (iii) the prediction performance followed
laboratory MIR > laboratory vis-NIR > in situ vis-NIR > in situ MIR.

This study provided an approach for rapid soil information obtaining and a reference
for soil research and management in black soil areas. More efforts should be made in
the future, especially on appropriate measuring methods and analyzing algorithms for
in situ MIR.
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