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Abstract

Taiyuan basin in Chinese Loess Plateau was characterized as the variety of landform, land use fragmentation, 
low soil organic matter (SOM) and soil total nitrogen (STN) content; therefore, the predictions of soil nutrients 
in the area were rather difficult. In this study, three soil sampling transects of cropland soil from northwest to 
southeast in Taiyuan basin were established and the visible-near infrared reflectance (VNIR) of soil samples 
were measured. The predicting models for SOM and STN based on VNIR were established, and the predicting 
accuracies were assessed by traditional evaluating index, wavelet transform, and semivariance structure. The 
traditional evaluating index showed that the partial least square regression (PLSR) and optimum number of 
latent variables were suitable for SOM prediction. The accuracies were “good” (RPD ranges from 2.30 to 2.40) 
for calibration and “moderate” (RPD ranges from 1.80 to 1.95) for validation, whereas the model and parameters 
of STN were “moderate” (RPD ranges from 1.83 to 1.87) for calibration and “acceptable” (RPD ranges from 
1.41 to 1.48) for validation procedure. Based on the wavelet transform, the patterns of global wavelet power 
spectrum for predicted and measured SOM were closer than that of STN, and their difference in local wavelet 
spectra could present the predicting errors in the scale and location domain. The nugget effect indicated that the 
stochastic variability weakened, and the spatial structure of predicted SOM and STN enhanced. The range of 
predicted SOM and STN were greater than those of measured. Therefore, the predicting models based on inde-
pendent dataset using PLSR could be used for the prediction of SOM or STN in the un-sampled areas. Wavelet 
transform and semivariance parameters could be used to guide the utilization of predicted values. 

Keywords: Partial least square regression (PLSR), soil organic matter (SOM), soil total nitrogen (STN), spatial 
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1. Introduction

Soil organic matter (SOM) and soil total nitrogen 
(STN) are important sources and sinks in the global 
carbon and nitrogen cycles, and are also the key in-
dicators for soil quality assessment (Hu et al., 2014; 
Rodríguez-Salgado et al., 2017; She et al., 2014). 
However, due to the spatial variation, the prediction 
and evaluation of SOM and STN contents are quite 
challenging, especially at large scales (Hu et al., 
2015). Visible-near infrared reflectance (VNIR) is a 
physically non-destructive, reproducible, rapid and 
inexpensive method that characterizes soil nutrients 
according to their reflectance in the wavelength range 
from 400 to 2500 nm (Gomez et al., 2008), and has 
been used for SOM and STN predictions (Morellos et 
al., 2016). Meanwhile, in the new concept of digital 
soil morphometrics, the use of soil spectroscopy and 
techniques for analyzing soil properties can enhance 
the understanding of pedology (Dotto et al., 2017).
Soil spectral curves contain very rich information, 
but also have redundant data affected by particle size, 
temperature, soil water, sampling manipulation, and 
the like. During the process of soil properties’ predic-
tion, extracting relative information from the original 
spectral curve are very important. The partial least 
square regression (PLSR) is a commonly used meth-
od for the correlation between spectral curve and soil 
properties (Tekin et al., 2012). The accuracy of PLSR 
models for predicting soil properties is influenced by 
the optimal number of latent variables (ONLY) that is 
calculated by the leave-one-out cross validation with 
calibration samples (Stevens et al., 2008). When the 
validation and calibration samples are independent, 
ONLY acquired from the calibration process may not 
be the best for validation. However, previous studies 
usually randomly selected validation samples from 

total samples with a certain proportion (Reeves et 
al., 2006; Vuuren et al., 2006), and the validation and 
calibration samples were dependent. Therefore, it is 
important to evaluate whether ONLY obtained from 
the calibration dataset is suitable for predicting inde-
pendent datasets of SOM or STN. 
Traditional statistical indices calculated from compar-
ing measured and predicted SOM or STN are usu-
ally used to evaluate the accuracy of VNIR spectral 
for their predictions (Dotto et al., 2018; Kuang and 
Mouazen, 2013), but this method ignores the spatial 
structural of predicted SOM or STN. Actually, spa-
tial variability and spatial structures are very impor-
tant for soil nutrients’ interpolating map based on soil 
sampling points. Therefore, the objective of this study 
was (1) to assess the performance of ONLY obtained 
from the calibration in predicting independent sam-
ples of SOM or STN and (2) to analyze the spatial 
variability and structures of predicted SOM or STN 
based on VNIR spectra.

2. Materials and Methods

2.1. Study area

The study area is located in Taiyuan basin with 
an area of 6,159 km2 (37°00′–38°20′ N, 111°30′–
113°00′ E) in the Chinese Loess Plateau, and this 
area is enclosed by hills and mountains (Figure 
1a). The basin is a typical semiarid area with a 
mean annual temperature of 9.5 °C, precipitation 
of 425–520 mm, and evaporation of 1,780 mm. 
The landform in Taiyuan basin is characterized by 
a thickly loess-covered layer due to the dust depo-
sition during the Quaternary (Zhu et al., 2016b), 
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the thickness of which ranges from 50 to 3,000 m, 
and the grain size of the loess generally increases 
from the center to the margin of the basin (Zhu et 
al., 2016a). Fen River, the second largest tributary 
of the Yellow River, runs through the basin from 

northeast to southwest. The major soil types are 
Calcaric Fluvisols and Calcaric Cambisols under 
alkaline conditions according to the FAO-90 soil 
classification. The dominant crops in the basin are 
corn and winter wheat.

Figure 1. (a) Geographical location of study area and (b) the distribution and (c) elevation of sampling points 
at the three transects.
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2.2. Experimental design

According to the direction of Fen River, the ba-
sin was divided into three sections: upstream, 
midstream, and downstream. To analyze the soil 
spectral characteristics at different sections of the 
basin, three sampling transects along the vertical 
direction of Fen River were established avoiding 
large non-arable lands in the different parts of the 
basin based on the remote sensing images and land 
use maps. The topography of the sampling tran-
sects was bowl-shaped with a depression in the 
center. The transects were at 330 m intervals and 
around 42 km long with 121, 128, and 134 sam-
pling points for transect 1, 2, and 3, respectively. 
For the sampling points located on the non-arable 
land such as buildings or roads, the nearest points 
on arable land were used to substitute them. The 
sampling points were shown in Figure 1b and the 
elevations were shown in Figure 1c. The transect 
1, 2, and 3 are located in the upstream, midstream, 
and downstream of Taiyuan basin, respectively.
A total of 383 points were sampled during March 
12–31, 2016, and the location of soil samples were 
recorded by GPS. Five soil samples in the surface 
0–20 cm were collected and mixed to one sample. The 
samples were air-dried, gently crushed, and passed 
through a 2 mm sieve for SOM, STN, and spectral 
measurement. The SOM content was determined by 
the Walkley and Black wet oxidation method (Nelson 
et al., 1996). Sub-samples were finely ground to pass 
through a 0.15 mm sieve, and the content of STN was 
determined by the Kjeldahl method (Bremner and 
Tabatabai, 1972). Soils (approximately 30 g) were 
place in a soil holder (1.5 cm in height and 8 cm in 
diameter) and scanned by VNIR spectroscopy of ASD 
FieldSpec3 (Analytical Spectral Device Inc.) with a 
spectral range of 350–2500 nm and 1 nm resampled 
resolution (1.4 nm in the range of 350–1000 nm and 

2 nm in the range of 1001–2500 nm) under laboratory 
conditions.

2.3. Data analysis

2.3.1. Calibration and validation processes

Based on the previous study (Hu et al., 2015), the pre-
treatment method of smoothing using cubic smooth-
ing spline and extracting in 10 nm increments from 
spline fits can produce an accurate prediction for 
SOM. Therefore, before constructing predicting mod-
els for SOM or STN, the pretreatment method for 
VNIR spectra was used.
The partial least square (PLS) is a dimensional space 
reduction technique, which can maximize the cova-
riance between the scores of the spectral and the re-
sponse variables (Adeline et al., 2017), such as SOM 
and STN. The PLSR is the combination of PLS and 
classical multivariate linear regression which cor-
relates soil property with VNIR spectral. Based on 
PLSR, the spectral predicting models of SOM and 
STN were established. The model was developed 
with measurements from two transects during the 
calibration, and the calibrated model was used to 
predict SOM or STN for the other transect in the 
validation. Thus, three models, which were model 1 
(transect 2 and 3 as the calibration while transect 1 as 
the validation), model 2 (transect 1 and 3 as the cali-
bration while transect 2 as the validation), and model 
3 (transect 1 and 2 as the calibration while transect 
3 as the validation), were developed for SOM and 
STN, respectively.
The PLSR calibration model to validation dataset for 
SOM or STN prediction requires the selection of an 
optimal number of latent variable. Latent values from 
1 to 50 were considered in the validation process to 
determine whether the optimal number of latent vari-
able calculated in the calibration was the best for the 
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validation. The ONLY during the calibration and 
validation processes were calculated by leave-one-out 
cross validation.

2.3.2. Model accuracy evaluation

The root mean square error (RMSE), ratio of perfor-
mance to deviation (RPD), and coefficient of deter-
mination (R2) between measured and predicted values 
are the most widely used parameter in spectroscopy. 
RMSE was calculate by: 

RMSE = √1𝑛𝑛∑(𝑦𝑦𝑖𝑖 − �̂�𝑦𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1
 

 

                         Equation 1

where n is the number of samples, y and  are the mea-
sured and predicted values. RPD is expressed as:

RPD =  𝑆𝑆𝑆𝑆
𝑅𝑅𝑅𝑅𝑆𝑆𝑅𝑅 

 

                                Equation 2

where SD is the standard deviation. A lower RMSE, 
larger RPD, and larger R2 corresponds to better pre-
diction. Meanwhile, RPD < 1.4 implies an unreliable 
prediction of soil properties, 1.4 < RPD < 1.8 implies 
an acceptable prediction, 1.8 < RPD < 2.0 implies a 
moderate prediction, 2.0 < RPD < 2.5 implies a very 
good prediction, while RPD > 2.5 implies an excellent 
prediction (Ma et al., 2012). 

2.3.3. Spatial analyses

To unravel the scale-location differentiation between 
the predicted and measured values, the wavelet spec-
tra of measured and predicted SOM or STN were de-
termined by continuous wavelet transform of Morlet 
wavelet. A more detailed description of the continu-
ous wavelet spectra can be found in other publication 
(Farge, 1992). The wavelet spectra of SOM or STN 
contain both the local and global spectra. The local 
wavelet spectrum is the square of wavelet coefficient 

at each scale of each location while the global wavelet 
spectrum is calculated based on wavelet power spec-
tra at various scales along the sampling transect. Sta-
tistical significance level of 5% was used. The 95% 
confidence level for the local wavelet spectrum and 
wavelet coherence was obtained using the Monte Car-
lo method (Hu and Si, 2016; Torrence and Compo, 
1998), and that for the global wavelet spectrum was 
obtained using the reshuffling method (Si, 2008).
To evaluate the VNIR capacity of capturing the spatial 
variation and structure for SOM or STN, the spatial 
variability of measured and predicted SOM or STN 
were analyzed by the semivariance. Different theoret-
ical models, including the exponential, spherical, and 
Gaussian models, were used to fit the empirical semi-
variance calculated from SOM or STN. The exponen-
tial model was selected, and the parameters, including 
the nugget (C0), structural variance (C), sill (C0+C), 
and range (A), were obtained. The ratio of nugget to 
sill, which >0.75 implies a weak spatial dependence, 
0.25-0.75 a moderate spatial dependence, and <0.25 
a strong spatial dependence, was used to characterize 
the spatial dependence of SOM or STN. 

3. Results

3.1. Descriptive statistical analysis for SOM and STN

The descriptive statistical results of the overall vari-
ability at SOM or STN of the three transects and all 
samples are listed in Table 1. The mean values of 
SOM were 15.99, 17.25, and 20.24 g kg-1 for tran-
sect 1, 2, and 3, respectively. The spatial distribu-
tion of SOM for transect 1 varied most intensively 
than those of transect 2 and 3. Meanwhile, the mean 
value of STN were 1.09, 1.27, and 1.17 g kg-1 for 
transect 1, 2, and 3, respectively. The variation of 
STN in transect 1 was identical with that in transect 
2, and their variations were notably greater than that 
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in transect 3. Therefore, the means of SOM or STN 
content (15.99 g kg-1 and 1.09 g kg-1, respectively) 
at transect 1 were the smallest, whereas CV values 
of SOM and STN (48.54 % and 27.17 %, respec-
tively) at transect 1 were the highest in the basin. 

According to Jia and Shao (2014), the magnitudes 
of variations for SOM and STN can be classified as 
moderate, because their CV values were all between 
10 and 100%. Meanwhile, CV values of STN were 
obviously lower than those of SOM.

Table 1. Descriptive statistics of SOM and STN along the three sampling transects.

Nutrients Transacts N Mean  Min  Max  SD  CV (%) 

SOM 

(g kg-1) 

Transact 1 121 15.99 3.11 43.27 7.76 48.54 

Transact 2 128 17.25 4.39 36.69 5.74 33.25 

Transact 3 134 20.24 5.88 44.71 8.05 39.74 

All samples 383 17.90 3.11 44.71 7.45 41.67 

STN 

(g kg-1) 

Transact 1 121 1.09 0.42 1.82 0.30 27.17 

Transact 2 128 1.27 0.44 2.43 0.34 27.09 

Transact 3 134 1.17 0.62 1.95 0.26 22.33 

All samples 383 1.18 0.42 2.43 0.31 26.26 

 
Note: N: number; SD: standard derivation; CV: coefficient of variation.

3.2. SOM and STN prediction based on VNIR spectral

The RMSE and RPD versus the number of latent 
variables for the three models of SOM are shown 
in Figure 2. With the increase of latent variables, 
the value of RMSE decreased and then increased, 
while RPD displayed opposite. Except model 2, the 
RMSE value in the calibration procedure of SOM 
prediction was smaller than that in the validation, 
while RPD value in the calibration was greater 

than that in the validation. The ONLY values for 
SOM calculated from the validation were less than 
those values calculated from the calibration. In the 
calibration procedure, they were 14, 17, and 13 for 
model 1, 2, and 3, respectively (RPD values were 
2.40, 2.30, and 2.31 for model 1, 2, and 3, respec-
tively), while in the validation procedure were 9, 
11, and 10 for model 1, 2, and 3, respectively (RPD 
values were 2.10, 1.90, and 1.95, respectively) 
(Figure 2). 
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Based on the ONLY values determined in the calibra-
tion, the RPD values of SOM in the validation were 
1.95, 1.80, and 1.86, respectively (Figure 3). The RPD 
values were smaller than those based on ONLY val-
ues determined in the validation. For the calibration 
models of SOM, the predicting accuracies were “very 
good” for RPD values belong to the range of 2.0-2.5. 
For the validation models of SOM, the predicting ac-

curacies were “moderate” for RPD values belonging 
to the range of 1.8-2.0. Except the validation of model 
1, the predicted values of SOM based on VNIR spec-
tra appeared to be smaller than the measured values 
at the range of SOM > 20 g kg-1, especially for model 
3. For the validation procedure of model 1, the fitting 
line between measured and predicted SOM values 
was almost equal to the 1:1 line.

Figure 2. (a) RMSE and (b) RPD versus the number of latent variables in the calibration and validation procedures 
of SOM
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The RMSE and RPD versus the number of latent 
variables for the three models of STN are shown in 
Figure 4. The trend of RMSE and RPD for STN were 
identical with that for SOM, whereas the RPD curve 
in the validation dropped rapidly after the ONLY 
values. The ONLY values for STN calculated from 
the validation were closed to those values calculated 

from the calibration. In the calibration procedure, 
they were 11, 10, and 15 for model 1, 2, and 3, re-
spectively (RPD values were 1.87, 1.84, and 1.83 for 
model 1, 2, and 3, respectively), while in the valida-
tion they were 9, 12, and 11 for model 1, 2, and 3, 
respectively (RPD values were 1.61, 1.55, and 1.48, 
respectively) (Figure 4). 

Figure 3. Scatter plots between the measured and predicted SOM (unit: g kg-1)
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Based on the ONLY values determined in the cali-
bration, the RPD values of STN in the validation 
were 1.48, 1.53, and 1.41, respectively. The RPD 
value for model 2 was close to that value based on 
ONLY in the validation. For the calibration models 
of STN, the predicting accuracies were “moder-
ate”. For the validation models of STN, the pre-
dicting accuracies were “acceptable”. Except the 
validation of model 3, the predicted values of STN 
based on VNIR spectra presented to be greater than 
the measured values at the range of STN < 1.0 g 
kg-1, and smaller at the range of STN > 1.0 g kg-

1. For the validation procedure of model 3, most 
of predicted values of STN were greater than its 
measured values.

3.3. Wavelet spectra for measured and predicted SOM or STN

Global and local wavelet spectrum of the predicted and 
measured SOM are shown in Figure 5. The trends of 
global wavelet power spectrum for measured SOM 
were identical with that for predicted SOM, which 
meant that the performance of VNIR predicting models 
for independent SOM was good in the Taiyuan basin. 
The global wavelet power spectrum of predicted SOM 
for model 1 and 2 were greater than that of measured 
SOM at scales > 8 km. The global wavelet power spec-
trum of predicted SOM for model 3 was less than that 
of measured SOM at scales around 7 km, which was 
mainly shown by the disappearance of the significant 
variance (P > 5%) of local wavelet spectrum at scales 
7 km at locations 13.2 km. This might be attributed to 
the underestimated SOM at high contents (Figure 3). 

Figure 4. (a) RMSE and (b) RPD versus the number of latent variables in the calibration and validation procedures of STN
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Global and local wavelet spectrum of the predicted 
and measured STN is shown in Figure 6. The differ-
ence between the predicated and measured STN was 
greater than that between the predicated and measured 

SOM (Figure 5), which indicated that the performance 
of SOM predication based on VNIR spectra was better 
than that of STN prediction. At transect 1, the global 
wavelet spectrum for predicted STN fluctuate less than 

Figure 5. Global (graph) wavelet power spectrum and local (image) wavelet spectrum of measured or predicted SOM. 
For the global wavelet spectrum, X-axis indicates wavelet power spectrum of each scale, Y-axis indicates scale in km, 
solid line indicates the variance of SOM content and dashed line indicates the variance in a confidence level of 95%. 
For the local wavelet spectrum, X-axis indicates distances along the sampling transect in km, Y-axis indicates scales 
in km, solid black line indicates 95% significance level, and the color bar indicates strength of variance. 
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that for measured STN, and the significant global 
wavelet spectrum for predicted SOM was larger 
than that of measured, which reflected on the signifi-
cant wavelet variance at scales >14 km at locations 
26.4~40 km in the local wavelet spectrum. At transect 
2, the trend between measured and predicted STN was 
identical, but the shape of significant variance in the lo-
cal wavelet spectrum were different. At transect 3, the 
significant variance for predicted STN at scales around 

8 km at locations 19.8~33.0 km was greater than that 
for measured STN, which might be due to the overesti-
mate STN at low contents <1.6 g kg-1. 
Compared with the curves between global wavelet 
power spectrum of SOM and that of STN, the curve 
shapes were similar at each transect. The significant 
variance for transect 1 was at scales >14 km, the wave 
crest for transect 2 was at scales > 8 km, and for tran-
sect 3 was at scales around 8.

Figure 6. Global (graph) wavelet power spectrum and local (image) wavelet spectrum of measured or predicted 
STN at three transects.
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3.4. Spatial structure between measured and predicted 
SOM or STN

Based on the geostatistics, different trends were 
observed at the three transects (Table 2). The 
sills represented the total variability of predicted 

SOM were larger than that of measured SOM at 
transect 1 and 2, and smaller than that of mea-
sured SOM at transect 3. Sills of predicted STN 
were larger than that of measured STN at tran-
sect 1 and 3, and less than that of measured STN 
at transect 2. 

Table 2. Geostatistical summary of the measured and predicted SOM and STN

Nutrients Models C0 C  C0+C C0/C0+C A (m) R2 

SOM 

Measured (model 1) 28.43 27.6 56.03 0.51  4142 0.80 
Predicted (model 1) 28.74 34.31 63.05 0.46  4165 0.87 
Measured (model 2) 19.25 17.36 36.61 0.53  2891 0.44 
Predicted (model 2) 17.14 24.91 42.05 0.41  4611 0.41 
Measured (model 3) 20.48 85.64 106.12 0.19  6273 0.79 
Predicted (model 3) 15.39 49.75 65.14 0.24  10442 0.89 

STN 

Measured (model 1) 0.067 0.014 0.081 0.83  3698 0.67 
Predicted (model 1) 0.052 0.046 0.098 0.53  13893 0.60 
Measured (model 2) 0.072 0.066 0.138 0.52  3012 0.41 
Predicted (model 2) 0.049 0.033 0.082 0.60  3689 0.46 
Measured (model 3) 0.039 0.051 0.090 0.43  5681 0.73 
Predicted (model 3) 0.046 0.061 0.107 0.43  10966 0.75 

 
Note: C0: the nugget; C: structural variance; C0+C: sill; A: range; and R2: coefficient of determination.

The trend of parameter C, which represented the 
structured variance, was identical with that of sills. 
The parameter C for predicted SOM at transect 3 
was lower than that for measured value. The param-
eter C for predicted STN at transect 2 was also lower 
than that for measured STN, but no significant dif-
ference at the global and local wavelet spectra was 
observed. The nugget effect (C0) for SOM and STN 
mainly decreased. 
The structure of predicted and measured SOM or 
STN mainly belonged to moderate spatial depen-
dence, for the ratio of nugget to sill was at the level 
of 0.25-0.75. However, the structure of predicted and 
measured SOM at transect 3 belonged to strong spa-
tial dependence. The ratio of nugget to sill for pre-
dicted SOM at transect 1 and 2, and STN at transect 

1 and 3 were less than those of measured. The range 
of predicted SOM and STN were obviously larger 
than those of measured.

4. Discussion

The traditional statistical analysis indicated that SOM 
content in different sections of Taiyuan basin ranked 
as: downstream > midstream > upstream. This might 
be due to the elevation decreased from north to south, 
which were 742-894, 723-807, and 707-1002 m for 
upstream, midstream, and downstream, respectively. 
However, STN content ranked as midstream > down-
stream > upstream, which might be attributed to the 
phenomenon that STN was easier influenced by the 
land use method than SOM (Li et al., 2011), and the 



1138Spatial variation and predictions of SOM and STN

Journal of Soil Science and Plant Nutrition, 2018, 18 (4), 1126-1141

combined effects of landform and human activities 
affected the spatial distribution of STN. Additionally, 
the lowest mean contents of SOM and STN, and their 
highest CV values at upstream might be attributed to 
mosaic or patchwork land use type pattern in the area, 
because this part is close to the capital city of Taiyuan 
and affected by intensive human activities.
Compared with the statistical values in the entire Chi-
nese Loess Plateau region (620,000 km2), the mean of 
SOM and STN value in Taiyuan basin were greater 
(mean SOM value = 17.31 g kg-1, mean STN value = 
0.74 g kg-1) and CV value (CV on SOM = 70 %, CV 
on STN = 59.5%) was lower than values from previ-
ous reports (Liu et al., 2012; Liu et al., 2013). This 
indicated that the statistical values of SOM and STN 
in Taiyuan basin could not represent those of entire 
Chinese Loess Plateau. 
During the SOM and STN prediction with VNIR 
spectra, the values of RMSE and RPD versus the 
number of latent variables presented the trend that 
the predicting accuracy increased and then decreased 
along with the latent variables number, which was in 
accordance with previous study (Villar et al., 2014). 
This result suggested that increasing the number of 
latent variables improved the predicting accuracies 
on SOM and STN, but over fitting could decrease 
the SOM and STN evaluation. The smaller RMSE of 
SOM in the validation for model 2 could be attributed 
to the lower values in the validation dataset of transect 
2. Thus, RMSE would be affected by the sampling 
values, whereas RPD standardized RMSE and not be 
affected by the sampling values (Chang et al., 2002). 
The RPD of SOM and STN in the calibration were 
better than that in the validation, indicating that the 
ONLY values determined in the calibration were not 
the best for the SOM prediction in the independent 
validation dataset, and the independent dataset for 
validation and calibration procedure could decrease 
the performance of their predictions.

The SOM predicting accuracies in the calibration pro-
cedure were “very good”, while those in the validation 
procedure belonged to “moderate” level. The STN 
predicting accuracies in the calibration procedure were 
“moderate”, while those in the validation procedure be-
longed to the “acceptable” level. Thus, SOM or STN 
predicting accuracies in the validation procedure were 
one level below those in the calibration procedure. 
Meanwhile, predicting accuracy of STN was one level 
below that of SOM, which was consistent with previ-
ous study (Jiang et al., 2017). This might be attributed 
to the lower CV values of STN.
The trends of global wavelet power spectrum for pre-
dicted and measured SOM were much closer than 
that for predicted and measured STN, which indicat-
ed that the predicting accuracies of SOM were bet-
ter than that of STN. The lower accuracy of SOM at 
scales 7 km at locations 13.2 km of the downstream 
and STN at scales >14 km at locations 26.4~40 km 
of the upstream, at scales >8 km at all locations of 
the midstream, and at scales around 8 km at locations 
19.8~33.0 km of the downstream indicated that more 
soil sampling points was required. Moreover, compar-
ing the local wavelet spectrum between the predicted 
and measured values could show the predicting ac-
curacy in different scales and locations, which could 
guide the properly use of predicted values at different 
scales and locations.
The shape of global wavelet spectrum between SOM 
and STN suggested the similar trend at each tran-
sect, and the scales of significant variance ranked as 
downstream < midstream < upstream, which might be 
attributed to the gradually decreased elevation from 
the north to the south. Thus, the scales of significant 
variance for SOM and STN in Taiyuan basin were > 
14 km, > 8 km, and around 8 km, and gradually de-
creased from the north to the south.
Based on geostatistical parameters, sills of predicted 
SOM at downstream or predicted STN at midstream 
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were less than those of measured contents might 
be due to the greatest variability and mean of mea-
sured SOM at downstream and of measured STN at 
midstream. This result indicated that the variability 
of predicted area was large, and SOM or STN vari-
ability would be underestimated if their variability of 
calibrated area was less than that of predicted area, 
and vice versa. The structural variance for SOM at 
downstream was underestimated, which might be at-
tributed to the significant local wavelet variance dis-
appeared at scales around 7 km and locations around 
13.2. Meanwhile, the structural variance for STN at 
midstream was underestimated, which might be due 
to the worse fitting lines for the experimental and fit-
ted semivariances (R2 were between 0.41 and 0.46). 
The nugget effect among the three transects mainly 
decreased, indicating that the stochastic variability 
weakened, and the spatial structure of predicted SOM 
and STN enhanced.
The spatial dependence of predicted values were 
mainly stronger than those of measured, which could 
be attributed to the increased structured variability or 
decreased nugget effect. Thus, predicted SOM and 
STN with VNIR spectra had stronger spatial depen-
dence than those of measured values. The greater 
range of predicted values indicated that predicted 
SOM and STN based on VNIR hyperspectral spec-
troscopy tended to be auto-correlated at a longer dis-
tance, which were in accordance with previous report-
ed by Hu et al. (2015). Therefore, the interpolating 
maps of predicted values based on kriging generally 
smoother than that of measured values.

5. Conclusions

The performance of VNIR spectra in predicting 
SOM and STN for independent samples in Taiyu-
an basin was evaluated. SOM or STN predicting 
accuracies in the validation procedure were one 

level below those in the calibration procedure, and 
predicting accuracy of STN was one level below 
that of SOM. Comparing the significant variances 
from wavelet transform of measured and predicted 
could present the predicting errors in the scale and 
location domains. Meanwhile, there existed simi-
lar patterns of high variation for SOM and STN in 
scale domain, and the scales of significant variance 
ranked as downstream < midstream < upstream. 
The wavelet transform between the measured and 
predicated values could guide the utilization of 
predicted values in the location and scale domains 
based on hyperspectral VNIR spectra, whereas the 
geostatistical analysis could direct interpolating 
maps using their predicted values.
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