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Abstract: Soil contamination by arsenic and heavy metals is an increasingly severe environmental
problem. Efficiently investigation of soil contamination is the premise of soil protection and further
the foundation of food security. Visible and near-infrared reflectance spectroscopy (VNIRS) has been
widely used in soil science, due to its rapidity and convenience. With different spectrally active soil
characteristics, soil reflectance spectra exhibit distinctive curve forms, which may limit the application
of VNIRS in estimating contaminant elements in soil. Consequently, spectral clustering was applied
to explore the potential of classification in estimating soil contaminant elements. Spectral clustering
based on different distance measure methods and elements with different contamination levels were
exploited. In this study, soil samples were collected from Hunan Province, China and 74 reflectance
spectra of air-dried soil samples over 350–2500 nm were used to predict nickel (Ni) and zinc (Zn)
concentrations. Spectral clustering was achieved by K-means clustering based on squared Euclidean
distance and Cosine of spectral angle, respectively. The prediction model was calibrated with the
combination of Genetic algorithm and partial least squares regression (GA-PLSR). The prediction
accuracy shows that the prediction of Ni and Zn concentrations in soil was improved to different
extents by the two clustering methods and the clustering based on squared Euclidean distance had
better performance over the clustering relied on Cosine of the spectral angle. The result reveals the
potential of spectral classification in predicting soil Ni and Zn concentrations. A selected subset of
the 74 soil spectra was used to further explore the potential of spectral classification in estimating Zn
concentrations. The prediction was dramatically improved by clustering based on squared Euclidean
distance. Additionally, analysis on distance measure methods indicates that Euclidean distance is
more suitable to describe the difference between the collected soil reflectance spectra, which brought
the better performance of the clustering based on squared Euclidean distance.
Keywords: soil contaminant elements; visible and near-infrared spectroscopy; spectral classification;
genetic algorithm; partial least squares regression

1. Introduction
Soil provides basic demand of human society, particularly for food supply. Soil contamination
has become a serious environment issue and anthropogenic activities, such as mining, fertilizing, and
transportation, contribute significantly to environment contamination. Chronic exposure to arsenic
and heavy metals has been recognized as being capable of increase cancer incidence among exposed
human population [1]. Heavy metal contaminants can accumulate in the food chain due to their
persistent nature, which further deteriorate the situation of global food security. The consumption of
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food contaminated by heavy metals has adverse effect on immune system and nervous system [2,3].
Consequently, rapid and reliable investigation of soil contamination by toxic elements on their pollution
levels and spatial distributions is essential to human health and socioeconomic development.
The conventional method for investigating soil contaminant elements is based on numerous
field samplings and subsequently chemical and statistical analyses in laboratory [4,5]. However,
this method is time-consuming and expensive resulting from extensive soil samplings and chemical
analyses [6,7]. In addition, the conventional investigation can only provide information at limited
points and can’t describe the dynamic evolution of contaminant elements over large areas due to its
spatial and temporal limitations [8].
Visible and near-infrared reflectance spectroscopy (VNIRS) of soil is a cumulative characteristic
of spectrally active soil constituents and structure. Compared with the conventional method,
spectroscopic technique is cost-effective, non-destructive [9]. Moreover, VNIRS can be measured in
the field [10,11] and the spectroscopic technique has better spatial and temporal continuities [12].
The potential of VNIRS has been widely recognized with the development of portable field
spectrometers and calibration methods. Some heavy metals, such as nickel, copper, and chromium, are
transition elements. These elements have a filed ‘d’ shell and can exhibit absorption features due to
crystal field effects [13,14]. However, regardless of the absorption features, heavy metals in soil cannot
be detected with reflectance spectroscopy at low concentrations [11]. The toxic potential of heavy metals
in soil depends on soil properties which are strongly influenced by soil constituents [15,16]. Therefore,
soil reflectance spectra was used to determine the concentration of heavy metals in soil through the
inter-correlation between contaminant elements and spectrally active soil constituents including clay
minerals, organic matter, and iron and manganese oxides [11,17,18]. Due to competition between
heavy metals for binding sites [15,19], the sorption and desorption of heavy metals by soil constituents
varies from area to area. The prediction of heavy metals was conducted in sediments [8,20,21], soils
polluted by mining activities [22–24], and agricultural soils [21,25–27].
Soils were developed from different parent materials at specific climatic zones with diverse
terrains, which results in a variety of soil types with different composition on soil physical and
chemical properties. Soil constituents, such as organic matter, soil moisture, iron oxides, and clay
minerals, were further modified by the intensity and mode of cultivations. Soil reflectance is a
cumulative property which derives from inherent spectral behavior of the heterogeneous combination
of mineral, organic, and fluid matter that comprises mineral soils [28]. Consequently, soil reflectance
curves may exhibit distinct forms for different soil types. Soil reflectance curve form was studied in
terms of soil properties [28–31], and the possibility of the reflectance spectroscopy for soil classification
was also explored [32–35]. Condit [36] collected 160 soil samples from 32 states of the United States and
classified the soil reflectance spectra ranging from 320 nm to 1000 nm into three types with respect to
their curve shapes. Stoner and Baumgardner [28] collected 485 soil samples from 39 states of the United
States and Brazil and the reflectance spectra were measured over 520 nm to 2320 nm wavelength
range. Five distinct curve forms were identified from the measured soil reflectance spectra according
to curve shape, the presence or absence of absorption bands, and the predominance of soil spectrally
active constituents. Huang and Liu [37] collected 33 samples of the main soil types in southern China
and classified the spectra in the region of 360 nm to 2500 nm into three curve forms, including flat
type, slope type, and steep type, according to soil reflectance curve shape and slope. The steep type
characterizes reflectance curve form of ferralosols, such as red soils and yellow soils derived from
granites, and is similar to the iron-affected curve form identified by Stoner.
VNIRS has been applied in soil science for more than two decades [38]. Development of robust
spectroscopic prediction model with an acceptable accuracy is essential to promote the application of
VNIRS in soil science. In order to improve the performance of the prediction model, different spectral
pro-processing and calibration methods were explored [39–41]. Several large soil spectral libraries
were developed at national or global scales to facilitate the wider use of VNIRS by reducing the number
of calibration samples required for local application and proximal soil sensing [42]. However, the
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accuracy of spectroscopic models that use large soil spectral libraries usually decreases when the
libraries contain very diverse samples in terms of geographical origin, mineralogy, parent material, and
environmental conditions [43,44]. Spectral classification by K-means clustering algorithm was adopted
to explore the potential of soil reflectance spectra in estimating soil properties, such as clay content
and organic matter, which turned out to be an effective way to improve the prediction accuracy [45].
The combination of soil spectral classification with multivariate calibration method is a promising
approach to deal with a large number of soil spectra and to build the widely-used prediction model for
soil properties with satisfactory accuracy [46]. Whereas, spectral classification is rarely reported being
applied to explore the potential of soil reflectance spectra in estimate of soil contaminant elements.
In addition, several distance measure methods, such as square Euclidean distance and Cosine of
spectral angle, are available for K-means clustering. The difference between distance measure methods
in clustering soil reflectance spectroscopy was not exploited.
Soil reflectance spectrum is a cumulative behavior of soil physical and chemical properties.
Both natural factors and anthropogenic activities have profound impact on soil properties, which
makes soil reflectance curves exhibit different curve forms. In consideration of the different curve
forms, K-means clustering was applied to explore the potential of spectral classification in prediction of
nickel (Ni) and zinc (Zn) concentrations in soil using VNIRS. Squared Euclidean distance and Cosine of
spectral angle were used to measure the distance in K-means clustering and to study the effectiveness
of the distance measure methods in the prediction. Genetic algorithm in combination with partial least
squares regression (GA-PLSR) was used to develop the prediction models.
2. Materials and Methods
2.1. Study Area and Soil Sample
The study area was in Qingjiang Village which is located in Chenzhou City, Hunan Province,
southern China. The climate type is subtropical monsoon climate and mountain and hills are the
dominant terrain. According to Chinese soil taxonomy, the main soil types in Chenzhou are red soil,
yellow soil, and yellow brown soil. The Dong River flows through the village, and the farmlands are
irrigated with the water from the river. Qingjiang lead/zinc mine is one of the six largest mines in the
basin of the Dong River. Mining activity is a chief source of environment contamination in Chenzhou,
due to the emission of mining byproducts. On 25 August 1985, the mine tailing dam of Chenzhou
lead/zinc mine collapsed because of heavy rain, which resulted in a stripe of farmland about 400 m in
wide on both side of the Dong River channel was covered with a thick layer of sludge [47].
Soil sampling was carried out in the area of of 113◦ 170 17.76”E to 113◦ 170 36.07”E and 25◦ 450 39.29”N
to 25◦ 460 1.13”N at the altitude of 335 m to 451 m, as study area and sampling sites are shown in
Figure 1. Eighty-three topsoil samples (depth 0–20 cm) consisting of latosol, yellow soil, and paddy
soil were collected.
The collected topsoil samples were air-dried at room temperature about 20 °C and sieved through
a 2 mm polyethylene sieve to remove stones and other large debris. The samples were then ground
into fine particles for chemical analysis and spectral measurement. Ni and Zn concentrations in soil
samples were determined using acid digestion method and measured by flame atomic absorption
spectrometry, as recommended by the Environment Quality Standard for Soil which was released
by Ministry of Environment Protection of China and came into force in 1996 (http://kjs.mep.gov.cn/
hjbhbz/bzwb/trhj/trhjzlbz/199603/t19960301_82028.shtml).
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of 500 nm to 800 nm had little noise. The VNIR region was divided into two segments based on the
extent of noise. The first segment covered the region of 400–800 nm, and the left region, 800–2400 nm,
400–800 nm, and the left region, 800–2400 nm, was regarded as the second segment. During
was regarded as the second segment. During piecewise SG smoothing process, quadratic polynomials
piecewise SG smoothing process, quadratic polynomials based on seven points were used in the
based on seven points were used in the first segment, and quadratic polynomials with 14 points were
first segment, and quadratic polynomials with 14 points were adopted to reduce noise in the second
adopted to reduce noise in the second part.
part.

(a)

(b)

Figure 2. Seventy-four soil reflectance spectra: (a) original spectra and (b) spectra processed by
Figure 2. Seventy-four soil reflectance spectra: (a) original spectra and (b) spectra processed by piecewise
piecewise Savitzky-Golay smoothing.
Savitzky-Golay smoothing.

2.3. Soil Reflectance Spectra Classification
2.3. Soil Reflectance Spectra Classification
Soil developed in tropical and subtropical zones, such as latosol, are rich in iron and aluminum
Soil developed in tropical and subtropical zones, such as latosol, are rich in iron and aluminum
oxides and the spectral reflectance curves were identified as steep type [30]. Hematite and goethite
oxides and the spectral reflectance curves were identified as steep type [30]. Hematite and goethite are
are the major constituents that influence soil reflectance spectrum in tropical and subtropical zones
the major constituents that influence soil reflectance spectrum in tropical and subtropical zones [50].
[50]. Both hematite and goethite have low reflectance in blue and violet wavelengths and high
Both hematite and goethite have low reflectance in blue and violet wavelengths and high reflectance
reflectance in regions from yellow to red, which leads to the steep spectral reflectance curve for soils
in regions from yellow to red, which leads to the steep spectral reflectance curve for soils developed in
developed in southern China [31]. Wu and Wang [51] analyzed reflectance spectral of four main
southern China [31]. Wu and Wang [51] analyzed reflectance spectral of four main soils in southern
soils in southern China, including latosol, red soil, yellow soil, and paddy soil, over range of
China, including latosol, red soil, yellow soil, and paddy soil, over range of 360–2500 nm and concluded
360–2500 nm and concluded that soil type and parent material of natural soils have significant effect
that soil type and parent material of natural soils have significant effect on reflectance spectra of soils.
on reflectance spectra of soils. The analyses on spectral characteristics also showed that the
The analyses on spectral characteristics also showed that the reflectance curves of the four soils were
reflectance curves of the four soils were steep type and the curves can be further categorized into
steep type and the curves can be further categorized into two distinctive reflectance curve types
two distinctive reflectance curve types according to curve shape and character of spectral
according to curve shape and character of spectral absorption bands. The first type exhibited a low
absorption bands. The first type exhibited a low reflectance with weak absorption at 1400 nm,
reflectance with weak absorption at 1400 nm, 1900 nm, and 2200 nm, including latosol and red soil
1900 nm, and 2200 nm, including latosol and red soil developed from basalts and paddy soil
developed from basalts and paddy soil derived from basaltic soils; the second type had a higher
derived from basaltic soils; the second type had a higher reflectance and strong absorption at the
reflectance and strong absorption at the former absorption bands, including latosol, red soil, and
former absorption bands, including latosol, red soil, and yellow soil derived from granites, tuff etc.,
yellow soil derived from granites, tuff etc., and paddy soil. The reflectance curves of paddy soil were
and paddy soil. The reflectance curves of paddy soil were classified into different patterns. The
classified into different patterns. The similar spectral reflectance curve types for soils developed from
similar spectral reflectance curve types for soils developed from basalts and granites in southern
basalts and granites in southern China were observed as well and the difference between yellow soil
China were observed as well and the difference between yellow soil and latosol derived from
and latosol derived from granites within the steep type was identified [37]. Although the spectral
granites within the steep type was identified [37]. Although the spectral reflectance curves of latosol
reflectance curves of latosol and yellow soil are steep type, latosol spectral reflectance curve is lower
and yellow soil are steep type, latosol spectral reflectance curve is lower than the spectral curve of
than the spectral curve of yellow soil, resulting from lower goethite concentration.
yellow soil, resulting from lower goethite concentration.
As shown in Figure 2b, the reflectance values formed scarp at the interval of 500–800 nm on soil
As shown in Figure 2b, the reflectance values formed scarp at the interval of 500–800 nm on
spectral reflectance curve, which is the symbol of the steep type. The collected soil samples in this
soil spectral reflectance curve, which is the symbol of the steep type. The collected soil samples in
study were latosol, yellow soil, and paddy soil. Paddy soil is an anthrosols and derives from local soils,
this study were latosol, yellow soil, and paddy soil. Paddy soil is an anthrosols and derives from
such as red soil, latosol, and yellow soil in southern China. The properties of paddy soil are affected by
local soils, such as red soil, latosol, and yellow soil in southern China. The properties of paddy soil
both parent soil and soil zonality, which results in different reflectance curve forms of paddy soil [37].
are affected by both parent soil and soil zonality, which results in different reflectance curve forms
With reference to previous studies on spectral characteristics of latosol, yellow soil, and paddy soil in
of paddy soil [37]. With reference to previous studies on spectral characteristics of latosol, yellow
soil, and paddy soil in southern China, the number of classification for the collected soil spectra was
determined as two in terms of soil color, namely latosol and yellow soil. The 74 soil reflectance
spectra were then classified into two categories by K-means clustering according to squared
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southern China, the number of classification for the collected soil spectra was determined as two in
terms of soil color, namely latosol and yellow soil. The 74 soil reflectance spectra were then classified
into two categories by K-means clustering according to squared Euclidean distance and Cosine of
spectral angle, respectively. K-means clustering was repeated five times, and each time with a new set
of initial cluster centroid positions. The final result was decided based on the lowest value for sum of
point-to-centroid distances.
2.4. Model Construction and Validation
2.4.1. Model Construction
In the field of soil contaminant elements prediction with VNIRS, partial least squares regression
(PLSR) is a mainstream method in quantitatively deriving information from reflectance spectra and is
the most frequently used method [6,45]. The merits of combining the basic function of a regression,
principal component regression (PCR), and canonical correlation analysis enable PLSR to have distinct
advantages over PCR [27]. PLSR has the ability to handle data that are highly collinear and situations in
which the number of variables considerately exceeds the number of available samples [39,52]. Feature
selection was recognized as an efficient way to improve the predictive ability of PLSR and to simplify
the prediction model [53]. GA has been proven to be a suitable method for selecting wavelengths for
PLSR [54] and has been used in predicting soil properties [40,55]. Therefore, a combination of PLSR
and GA was adopted in model calibration.
After spectral classification, soil reflectance spectra in each class were divided into a calibration set
and a validation set. Leave-one-out cross-validation was used to determine the number of components
in the calibration set. The root mean square error of cross-validation (RMSECV) was used to evaluate
the calibration quality and was defined as follows:
2
1/2
RMSECV = (∑ Cm − C p /Nc ) ,

(1)

where Cm is the value measured by the chemical analysis, C p is the value predicted by the model,
and Nc is the number of samples in the calibration set. The optimal number of the components was
determined based on the RMSECV of the calibration set.
To select the optimal PLSR components (PCs), the smallest RMSECV could be used as a criterion.
However, it was revealed that addition of more components only adds noise to the model and increases
the risk of over-fitting [27]. Therefore, maximum of PCs was adopted to restrict the number of PCs
and to avoid adding additional noise. The maximum number of PCs to predict soil Ni and Zn
concentrations was determined based on the criterion that adding the latter component could explain
four more percent of the variability in the elements variables, namely the Y variance. The PC with the
lowest RMSECV within the range restricted by the maximum number of PCs for each element was
chosen as the final component.
The calculation was performed with MATLAB ver. 2013b (Matlab Inc., Natick, MA, USA), and
the GA toolbox was downloaded from the University of Sheffield, UK. The GA population size and
the maximum number of generations were set to 20 and 120. We started from a generation with
randomly selected chromosomes, each with binary-coded genes to switch on or off the respective
variable. The generation gap was initialized as 90% and the mutation rate was set to 10% of the genes.
2.4.2. Model Validation
Three parameters, including coefficient of determination (R2 ), root mean square error of prediction
(RMSEP), and ratio of prediction to deviation (RPD) [56], were adopted to evaluate the prediction
accuracy. The RMSEP is expressed as Equation (2):
2
1/2
RMSEP = (∑ Cm − C p /Nc ) ,

(2)
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where Cm and C p are the same as Equation (1), Np is the number of samples in the validation set.
A robust model has high R2 , RPD, and low RMSEP. The prediction was evaluated with the following
criteria [40,57]: RPD and R2 values greater than 3.0 and 0.90 denote excellent prediction; RPD values
from 2.5 to 3.0 and R2 values from 0.82 to 0.90 denote good prediction; approximate prediction is
identified by RPD values ranging from 2.0 to 2.5 and R2 at the interval of 0.66 to 0.81; the possibility to
distinguish high and low values is revealed by RPD values between 1.5 and 2.0 and R2 values between
0.50 to 0.65; unsuccessful prediction have RPD and R2 lower than 1.5 and 0.50, respectively.
3. Results
3.1. Analysis of Soil Contaminant Elements
The statistical descriptions of the 74 soil samples for Ni and Zn concentrations are given in Table 1,
along with the maximum values of the background values (BV) of the contaminant elements in soil.
The BV was defined by the Environment Quality Standard for Soils which was released by Ministry
of Environmental Protection of China in 1995. The maximum Zn concentration of the collected soil
samples was 4946.60 mg·kg−1 which is nearly 50 times of the BV of 100 mg·kg−1 . Moreover, the
mean Zn concentration, 679.42 mg·kg−1 , was six times higher than 100 mg·kg−1 . Zn also had higher
coefficients of variation (CV) than Ni had, which indicates that Zn concentration distribution is variable
in the study area. Compared with Zn contamination, Ni had relatively slight pollution. The maximum
Ni concentration of the 74 soil samples was 59.85 mg·kg−1 which is moderately higher than the BV,
40 mg·kg−1 , and the mean concentration was 25.86 mg·kg−1 , 64% of the BV.
Table 1. Statistics of the collected soil samples for Ni and Zn concentrations (mg·kg−1 ).

1

Metal

Minimum

Maximum

Mean

Std 1

CV 2

BV 3

Ni
Zn

10.17
60.44

59.85
4946.60

25.86
679.42

6.80
868.61

0.26
1.25

40
100

Std: standard deviation, 2 CV: coefficient of variation, 3 BV: maximum value of background values.

Environmental pollution in the Dong River basin was resulted from the collapse of the mine
tailing dam of Chenzhou lead/zinc mine in 1985. It was found that Pb, Zn, and As were the major
pollutants in the Dong River basin [47], which is consistent with the present analysis. Ni and Zn
concentrations in the study area represent different contamination levels. The prediction of heavy
metals under diverse contamination extents was part of the exploration that studies the potential of
spectral classification in estimating soil contaminant elements.
3.2. Prediction Accuracy Based on Squared Euclidean Distance
The 74 soil reflectance spectra were classified into two groups, Group E1 and Group E2, by
K-means clustering based on squared Euclidean distance of the spectra. Thirty-eight reflectance
spectra were classified to Group E1 and the other 36 spectra were in Group E2. As shown in Figure 3,
the spectra in Group E1 show high reflectance and the spectra in Group E2 exhibit low reflectance.
The spectral classification result is similar to the two categories identified by Wu and Wang [51] on
studying soil spectral characteristics in southern China.
Soil reflectance spectra in Group E1 and the corresponding Ni and Zn concentrations were divided
into 25 calibration samples and 13 validation samples. Twenty-four soil samples in group E2 were
used to calibrate the model, and the model was evaluated with the remaining 12 samples. The GA was
run for soil reflectance spectra processed by piecewise SG smoothing, using the PLSR method with the
optimal number of components. The result of a single GA run is usually a model which only a small
part of the domain is explored and the advantages of using PLSR is not fully exploited [54]. Thus, the
GA-PLSR was run five times to expand the domain and reduce the impact of different initial conditions.
The performance of the GA-PLSR model in predicting soil Ni and Zn concentrations was evaluated
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with the validation data. For comparison, the 74 soil reflectance spectra without classifications were
used to
develop
prediction models.
Remote
Sens.
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Figure
Figure 3.
3. Result
Result of
of soil
soil reflectance
reflectance spectra
spectra classification
classification with
with K-means
K-means clustering
clustering based
based on
on squared
squared
Euclidean
Euclidean distance.
distance. (a)
(a)Is
IsGroup
GroupE1
E1 and
and (b)
(b) is
is Group
Group E2.
E2.

The results of GA-PLSR modeling of soil contaminant elements using spectra in Group E1 and
The results of GA-PLSR modeling of soil contaminant elements using spectra in Group E1 and E2
E2 are arranged in Table 2. The prediction accuracy of soil Ni concentration in both Group E1 and
are arranged in Table 2. The prediction accuracy of soil Ni concentration in both Group E1 and Group
Group E2 was largely improved by spectral classification based on squared Euclidean distance.2
E2 was largely improved by spectral classification based on squared Euclidean distance. RPD and R
RPD and R2 values of Ni increased from 1.83 and 0.69 to 2.70 and 0.85 in Group E1 and to 3.28 and
values of Ni increased from 1.83 and 0.69 to 2.70 and 0.85 in Group E1 and to 3.28 and 0.90 in Group
0.90 in Group E2. The improvement of soil Ni prediction accuracy was different between the two
E2. The improvement of soil Ni prediction accuracy was different between the two groups and the
groups and the accuracy of Group E2 was higher. The prediction accuracy of soil Zn concentration
accuracy of Group E2 was higher. The prediction accuracy 2of soil Zn concentration in Group E2 was
in Group E2 was dramatically improved
with RPD and R values increased from 1.89 and 0.71 to
dramatically improved with RPD and R2 values increased from
1.89 and 0.71 to 4.02 and 0.93. In Group
4.02 and 0.93. In Group E1, the RPD
value was 1.66 and R2 value was 0.60, which is lower than the
E1, the RPD value was 1.66 and R2 value was 0.60, which is lower than the prediction accuracy derived
prediction accuracy derived from spectra without classification.
from spectra without classification.
Table 2. Prediction accuracies based on squared Euclidean distance.
Table 2. Prediction accuracies based on squared Euclidean distance.

Spectra
Spectra

74 soil spectra
74 soil spectra
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Group E1
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Metal

PCs 1

Metal
Ni

PCs 18

Zn
Ni
Zn
Ni

8 7
7 10

Ni
Zn
Zn
Ni

10 4
4 5

Ni
Zn
Zn

1

RMSEP (mg·kg−1)
RMSEP (mg
·kg−1 )
4.56

RPD

R2

RPD
1.83

2
R
0.69

4.56341
341
4.36

1.89
1.83
1.89
2.70

0.71
0.69
0.71
0.85

4.36344
344
0.91

2.70
1.66
1.66
3.28

0.85
0.60
0.60
0.90

5 8
0.91174
8
174
PCs: PLSR components.

3.28
4.02
4.02

0.90
0.93
0.93

1

PCs: PLSR components.
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with
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was
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Figure
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four
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in Figure
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resulted
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Figure
4b. on
OneZn
of prediction
the possibilities
to identify
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difference
betweenvariance
the two groups
on
addition,
as
shown
in
Table
2,
the
prediction
accuracy
of
Group
E2
was
higher
than
that
of
the
Zn prediction accuracy resulted from the explained variance of Zn. In addition, as shown in Table 2,
Group
E1 for accuracy
both Ni of
and
Zn, E2
which
related
to the
theGroup
fact that
theboth
absorption
of which
soil’s
the prediction
Group
was may
higherbethan
that of
E1 for
Ni and Zn,
spectrally
activeto
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was
in Group
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(Figure 3).active constituents was stronger in
may be related
the fact that
thestronger
absorption
of soil’s
With
reference
to
the
criteria
defined
in
Section
2.4.2 to evaluate the prediction model, the
Group E2 (Figure 3).
developed models to predict soil Ni and Zn concentrations in Group E2 were excellent ones since
their PRD and R2 values were greater than 3.0 (RPD) and 0.90 (R2), respectively. In Group E1, soil Ni
prediction model was good model with RPD at the interval of 2.5 to 3.0 and R2 greater than 0.82. In
addition, the predictions were also illustrated in Figure 5. Compared with the prediction without
spectral classification, soil Ni prediction was mainly improved at the interval of 30–35 mg·kg−1. For
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Zn concentration prediction, the improvement was on soil samples with Zn concentration less than
1500 mg·kg−1, especially with the concentration less than 500 mg·kg−1, as shown in Figure 5f.
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of the
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calibration set of Group E1, and (b) is the explained variance and variance increments for calibration
calibration
setE2.
of Group E2.
set of Group

With reference to the criteria defined in Section 2.4.2 to evaluate the prediction model, the
developed models to predict soil Ni and Zn concentrations in Group E2 were excellent ones since
their PRD and R2 values were greater than 3.0 (RPD) and 0.90 (R2 ), respectively. In Group E1, soil
2
Ni prediction model was good(a)
model with RPD at the interval of 2.5
(b) to 3.0 and R greater than 0.82.
In addition, the predictions were also illustrated in Figure 5. Compared with the prediction without
Figure 4. The explained variance of the element variables and variance increment for the respective
spectral classification, soil Ni prediction was mainly improved at the interval of 30–35 mg·kg−1 . For Zn
number of components in the calibration set. (a) Is the explained variance and variance increments
concentration prediction, the improvement was on soil samples with Zn concentration less than
for calibration
set of Group E1, and (b) is the explained variance and variance increments for
1500 mg
·kg−1 , especially with the concentration less than 500 mg·kg−1 , as shown in Figure 5f.
calibration set of Group E2.

(a)

(b)

(a)
(d)

(b)
(e)

(c)

(c)

(f)

Figure 5. (a–f) Scatter plot of the measured against predicted concentrations: (a,d) scatter plots of 74
soil samples for Ni and Zn, respectively; (b,e) scatter plots of Group E1 for Ni and Zn, respectively;
and (c,f) scatter plots of Group E2 for Ni and Zn, respectively.

3.3. Prediction Accuracy Based on Cosine of Spectral Angle
The reflectance spectra were classified into Group C1 with 27 spectra and Group C2 with
47 spectra by K-means clustering based on Cosine of the included angle of the spectra. The spectral
(d) is displayed in Figure 6. Group
(e) E1 and E2 were generated by
classification result
(f) the classification
based on squared Euclidean distance. Compared with Group E1 and E2, the main difference was
Figure 5. (a–f) Scatter plot of the measured against predicted concentrations: (a,d) scatter plots of 74
Figure 5.in
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(a,d) scatter
of group,
74
that spectra
Group
C1plot
and
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in spectral
curve shape
withinplots
each
soil samples for Ni and Zn, respectively; (b,e) scatter plots of Group E1 for Ni and Zn, respectively;
soil samples
for Ni and
Zn,spectra
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of Group
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group
while
in Ni
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torespectively;
their similarity
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(c,f)
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and Zn,
respectively.
and (c,f) scatter plots of Group E2 for Ni and Zn, respectively.

3.3. Prediction Accuracy Based on Cosine of Spectral Angle
The reflectance spectra were classified into Group C1 with 27 spectra and Group C2 with
47 spectra by K-means clustering based on Cosine of the included angle of the spectra. The spectral
classification result is displayed in Figure 6. Group E1 and E2 were generated by the classification
based on squared Euclidean distance. Compared with Group E1 and E2, the main difference was
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3.3. Prediction Accuracy Based on Cosine of Spectral Angle
The reflectance spectra were classified into Group C1 with 27 spectra and Group C2 with 47
spectra by K-means clustering based on Cosine of the included angle of the spectra. The spectral
classification result is displayed in Figure 6. Group E1 and E2 were generated by the classification
based on squared Euclidean distance. Compared with Group E1 and E2, the main difference was
that spectra
in2017,
Group
group,
Remote Sens.
9, 632 C1 and C2 had close similarity in spectral curve shape within each
10 of 19
especially in group C2, while spectra in Group E1 and E2 were more compact due to their similarity in
in reflectance
value. Eighteen
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C130
and
soil samples
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C2 were
reflectance
value. Eighteen
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C1 and
soil30samples
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C2 were
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calibration
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remaining
in each
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inC1
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17 in
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and the remaining
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each group,
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in Group
andC1
17 and
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samples in Group C2, were used as validation samples. The prediction models of soil Ni and Zn
Group C2, were used as validation samples. The prediction models of soil Ni and Zn concentrations
concentrations were developed with GA-PLSR and were evaluated with the corresponding
were developed with GA-PLSR and were evaluated with the corresponding validation set.
validation set.

(a)

(b)

Figure 6. Result of soil reflectance spectra classification with K-means clustering based on Cosine of

Figure 6. Result of soil reflectance spectra classification with K-means clustering based on Cosine of
spectral angle: (a) Group C1; and (b) Group C2.
spectral angle: (a) Group C1; and (b) Group C2.
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explained variance of Ni with three components in Figure 6a was 30.86%, which is 50% lower than
the explained variance (80.52%) with seven components in Figure 6b. We failed to explain why
more variance on Ni variable in Group C1 may relate to the poor performance of GA-PLSR on Ni
concentration prediction. The prediction accuracy of Group C1 was lower than the accuracy of
Group C2, as shown in Table 3. One possible explanation of the situation is the limited number of
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Table 3. Prediction accuracies based on Cosine of spectral angle.
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342

1.83
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0.69
0.71
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3
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9.66
568
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1.42

0.11
0.44
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which may be insufficient to develop a robust prediction model.
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Figure 7. The explained variance of the element variables and variance increment for the respective
Figure
7. The explained variance of the element variables and variance increment for the respective
number of components in the calibration set: (a) the explained variance and variance increments for
number of components in the calibration set: (a) the explained variance and variance increments for
calibration set of Group C1; and (b) the explained variance and variance increments for calibration
calibration set of Group C1; and (b) the explained variance and variance increments for calibration set
set of Group C2.
of Group C2.
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familiar univariate interpolation method and can effectively interpolate at unsampled locations [25].
unsampled locations [25]. Thus, ordinary kriging was applied to map spatial distribution of Zn
Thus, ordinary kriging was applied to map spatial distribution of Zn concentrations in soil, based
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distribution of the predicted Zn concentrations in soil is shown in Figure 8b,c, representing the
predicted Zn values derived from GA-PLSR using the unclassified soil spectra and the predicted Zn
concentrations derived from GA-PLSR using the classified soil spectra separately.
As shown in Figure 8, spatial distributions of soil Zn concentrations in Figure 8b,c displayed
similar geographical trends with Figure 8a, showing low concentrations in the southwestern and

reflectance spectra were classified into two groups by K-means clustering based on squared
Euclidean distance, Group E1 with 38 samples and Group E2 with 36 samples. Soil Zn
concentrations in Group E1 and E2 were predicted by GA-PLSR using the classified soil spectra
separately. The prediction accuracy of soil Zn concentration in Group E2 was dramatically
improved with RPD and R2 values increased from 1.89 and 0.71 to 4.02 and 0.93 and the prediction
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and R2) in Group E1 (1.66 and 0.60) was lower than the prediction accuracy derived
from spectra without classification. Scatter plots of the measured against predicted Zn
concentrations are shown in Figure 5. Compared with the prediction using the unclassified soil
concentrations derived from chemical analysis. Spatial distribution of the predicted Zn concentrations
spectra, the overestimation was reduced by the classification for Zn concentrations at the interval of
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(c)
Figure 8. The filled contours maps of soil Zn: (a) generated by ordinary kriging based on measured
Figure 8. The filled contours maps of soil Zn: (a) generated by ordinary kriging based on measured
data; (b) generated by ordinary kriging based on the predicted Zn concentration derived from the
data; (b) generated by ordinary kriging based on the predicted Zn concentration derived from the
unclassified soil spectra; and (c) generated by ordinary kriging based on the predicted Zn
unclassified soil spectra; and (c) generated by ordinary kriging based on the predicted Zn concentration
concentration derived from the classified soil spectral
derived from the classified soil spectral.

4. Discussion
4.1. Potential of Spectral Classification in Estimating Soil Contaminant Elements
Reflectance spectroscopy of dry soil in the VNIR region is a cumulative property which derives
from inherent spectral behavior of heterogeneous combination of organic matter, iron oxide, clay
mineral, and parent material. Apart from natural factors, anthropogenic activities, such as
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As shown in Figure 8, spatial distributions of soil Zn concentrations in Figure 8b,c displayed
similar geographical trends with Figure 8a, showing low concentrations in the southwestern and
northwestern areas and high concentrations in the southeastern areas. The main differences between
the three spatial distributions of soil Zn concentrations are: (i) soil Zn concentrations in the
southwestern, eastern, and central parts of the study areas were overestimated by GA-PLSR using
the unclassified soil spectra; (ii) soil Zn concentrations were overestimated by GA-PLSR using the
classified soil spectra in the northwestern areas and were underestimated in the central areas. Figure 8a
was obtained by direct interpolation from the measured Zn concentrations. Figure 8b,c were derived
from predictions using unclassified and classified soil spectra, respectively. Soil reflectance spectra
were classified into two groups by K-means clustering based on squared Euclidean distance, Group
E1 with 38 samples and Group E2 with 36 samples. Soil Zn concentrations in Group E1 and E2 were
predicted by GA-PLSR using the classified soil spectra separately. The prediction accuracy of soil Zn
concentration in Group E2 was dramatically improved with RPD and R2 values increased from 1.89 and
0.71 to 4.02 and 0.93 and the prediction accuracy (RPD and R2 ) in Group E1 (1.66 and 0.60) was lower
than the prediction accuracy derived from spectra without classification. Scatter plots of the measured
against predicted Zn concentrations are shown in Figure 5. Compared with the prediction using the
unclassified soil spectra, the overestimation was reduced by the classification for Zn concentrations
at the interval of 1000 mg·kg−1 to 1500 mg·kg−1 and for the concentrations less than 500 mg·kg−1 ;
the classification led to underestimation of Zn concentration around 500 mg·kg−1 , as shown in Figure 6.
Nevertheless, the prediction of soil Zn concentration was improved by spectral classification.
4. Discussion
4.1. Potential of Spectral Classification in Estimating Soil Contaminant Elements
Reflectance spectroscopy of dry soil in the VNIR region is a cumulative property which derives
from inherent spectral behavior of heterogeneous combination of organic matter, iron oxide, clay
mineral, and parent material. Apart from natural factors, anthropogenic activities, such as cultivation,
mining, and fertilizing, also have a profound impact on soil physical and chemical properties. With the
increment of the intensity of cultivation, soil fertility inevitably decreases, leading to the loss of
organic matter. Paddy field and upland field have distinctive redox conditions which results in
the different valence states of iron. Study on soil classification revealed that soil classification
derived from spectral characteristics was identical to the traditional soil classification derived from
diagnostic soil characteristics to some extent and soils that were deeply affected by zonal factors,
such as paddy soil, can be classified into different spectral groups [37,46]. The performance of soil
classification on prediction of organic matter concentrations indicated that the prediction based on
spectral characteristics was significantly improved compared to the prediction based on traditional soil
classification [46]. Thus, it is essential to explore the potential of spectral classification in estimation
soil contaminant elements.
K-means clustering was adopted to explore the potential of spectral classification in predicting Ni
and Zn concentrations in soil, in this study. The prediction accuracy of Ni concentration in soil was
largely improved by spectral clustering based on squared Euclidean distance and Cosine of spectral
angle, especially for clustering based on squared Euclidean distance. As analyzed in Section 3.1,
Zn was the major contaminant element in the study area and soil Ni contamination was slight. Zn and
Ni represent two elements with different contaminant levels and dynamic concentration ranges in
soil. Although Zn prediction accuracy (RPD and R2 ) in Group E1 (1.66 and 0.60) was lower than the
accuracy (1.89 and 0.71) derived from spectra without clustering, RPD and R2 values in Group E2 were
dramatically improved by the spectral clustering for both Ni and Zn. The results indicate that spectral
classification is an alternative way to improve the prediction of soil Ni and Zn concentrations using
reflectance spectra.
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In order to further explore the potential of spectral classification in estimation of soil contaminant
elements, a selected subset of the entire VNIR region was used. The selected reflectance spectra can
be regarded as a different set of spectra with the 74 spectra used previously in this study, in terms
of spectral bands. Zn was taken as an example due to Zn was a major contaminant element in the
study area. Studies on sorption experiment indicated that Zn was strongly adsorbed by soil with high
organic matter content and minerals constituents, mainly vermiculite and montmorillonite [15,19].
Thus, spectral bands associated with organic matter and clay minerals were selected from the entire
VNIR region and were used to estimate Zn concentrations in soil. The spectral bands associated with
organic matter and clay minerals and the extraction were described in previous study [23]. The selected
subset of soil reflectance spectra had 74 soil spectra covering 188 bands associated with organic matter
and clay minerals, which is far less than the 917 bands of the entire VNIR region used previously.
As described in Section 2.3, K-means clustering was used in spectral classification and was
repeated five times, each time with a new set of initial cluster centroid positions. The final result was
determined based on the lowest value for sum of point-to-centroid distances. The selected subset of
the 74 soil spectra was classified into two groups, Group DE1 with 34 spectra and Group DE2 with 40
spectra, and were also classified into two groups, Group DC1 with 27 spectra and Group DC2 with
47 spectra, by K-means clustering based on squared Euclidean distance and Cosine of spectral angle,
respectively. Compared with the numbers of spectra in the groups obtained by K-mean clustering in
Sections 3.2 and 3.3, Group E1 with 38 spectra, Group E2 with 36 spectra, Group C1 with 27 spectra,
and Group C2 with 47 spectra, the number of spectra in each group obtained here is comparable with
the corresponding number in Sections 3.2 and 3.3, which indicates the stability of the classifications.
Spectra in each of the four groups were divided into a calibration set and a validation set, along
with the corresponding Zn concentrations. Twenty-three samples in Group DE1, 27 samples in Group
DE2, 18 samples in Group DC1, and 30 samples in Group DC2 were divided into calibration set.
The left samples of each group were used for validation. GA-PLSR was used to calibrate the prediction
model of Zn concentrations in soil and was run five times to reduce the impact of different initial
conditions. For comparison, the selected subset of soil reflectance spectra without classification was
used to calibrate the prediction model as well.
The result of predictions with GA-PLSR using reflectance spectroscopy is shown in Table 4.
RPD and R2 were 1.96 and 0.73 for the prediction using the selected subset of the 74 soil spectra
covering 188 bands associated with organic matter and clay minerals, which is higher than the
corresponding value 1.89 and 0.71 derived from using the 74 soil spectra covering the entire VNIR
region. The prediction accuracy of Zn concentrations was dramatically improved by clustering based
on squared Euclidean distance with RPD increased from 1.96 to 4.88 and 5.12 and R2 increased from
0.73 to 0.95 and 0.96 in Group DE1 and DE2, respectively. The prediction accuracy in Group DC1 was
also improved with RPD and R2 increased to 2.21 and 0.77. However, the values decreased from 1.96
and 0.73 to 1.93 and 0.71 in Group DC2. The results show that the potential of clustering based on
Cosine of the spectral angle in improving prediction accuracy of Zn concentrations in soil is limited.
Table 4. Prediction accuracies of Zn concentrations in soil using different sets of reflectance spectra.
Group

PCs 1

RMSEP (mg·kg−1 )

RPD

R2

Slected subset of the 74 spectra
Group DE1
Group DE2
Group DC1
Group DC2

9
11
11
2
12

330
55
147
119
382

1.96
4.88
5.12
2.21
1.92

0.73
0.95
0.96
0.77
0.71

1

PCs: PLSR components.

With reference to the criteria defined in Section 2.4.2 to evaluate the developed models in terms
of the RPD and R2 , the models developed using reflectance spectra in Group DE1 and DE2 could

Remote Sens. 2017, 9, 632

15 of 19

Remote Sens. 2017, 9, 632

15 of 19

Table 4. Prediction accuracies of Zn concentrations in soil using different sets of reflectance spectra.
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Figure 9. Scatter plot of the measured against predicted Zn concentrations: (a) scatter plots of the
Figure 9. Scatter plot of the measured against predicted Zn concentrations: (a) scatter plots of the
selected subset of the 74 soil samples, and (b,c) scatter plots of Group DE1 and DE2, respectively.
selected subset of the 74 soil samples, and (b,c) scatter plots of Group DE1 and DE2, respectively.

4.2. Distance Measure Methods of K-means Clustering
4.2. Distance Measure Methods of K-means Clustering
Soil reflectance spectra were classified into two groups by K-means clustering algorithm based
Soil reflectance spectra were classified into two groups by K-means clustering algorithm based
on squared Euclidean distance and Cosine of spectral angle separately. Clustering based on squared
on squared Euclidean distance and Cosine of spectral angle separately. Clustering based on squared
Euclidean distance focuses on the difference on reflectance values between two points, which results
Euclidean distance focuses on the difference on reflectance values between two points, which results in
in that spectra with close values in reflectance has shorter distances and spectra with different values
that spectra with close values in reflectance has shorter distances and spectra with different values in
in reflectance, even though their curve shape are similar, has longer distances. However, clustering
reflectance, even though their curve shape are similar, has longer distances. However, clustering based
based on Cosine of spectral angle measures the angle between two spectra rather than the absolute
on Cosine of spectral angle measures the angle between two spectra rather than the absolute difference
difference on reflectance values. The result of spectral clustering based on Cosine of spectral angle
on reflectance values. The result of spectral clustering based on Cosine of spectral angle leads to that
leads to that spectra with the similar curve shape are clustered into the same group. As shown in
spectra with the similar curve shape are clustered into the same group. As shown in Figures 3 and 6,
Figures 3 and 6, close reflectance values between spectra are the decisive factor in spectral
close reflectance values between spectra are the decisive factor in spectral classification under squared
classification under squared Euclidean distance, whereas similarity in curve shape is essential to
Euclidean distance, whereas similarity in curve shape is essential to classification based on Cosine of
classification based on Cosine of spectral angle.
spectral angle.
Wu and Wang [51] found that the reflectance spectra of four main soils in southern China were
Wu and Wang [51] found that the reflectance spectra of four main soils in southern China were
steep type and the spectra can be further categorized into two distinctive patterns, high reflectance
steep type and the spectra can be further categorized into two distinctive patterns, high reflectance
spectra and low reflectance spectra. The similar conclusion on reflectance curve of main soils in
spectra and low reflectance spectra. The similar conclusion on reflectance curve of main soils in
southern China was drawn by Huang and Liu [37]. The collected 74 soil reflectance spectra are
southern China was drawn by Huang and Liu [37]. The collected 74 soil reflectance spectra are
displayed in Figure 2, showing the reflectance curves are steep type and the main difference
displayed in Figure 2, showing the reflectance curves are steep type and the main difference between
between the spectra is in the reflectance values. According to the characteristics of the two distance
the spectra is in the reflectance values. According to the characteristics of the two distance measure
measure methods, clustering based on squared Euclidean distance is more suitable to classify the
methods, clustering based on squared Euclidean distance is more suitable to classify the collected
collected soil spectra than clustering based on the Cosine of spectral angle. The prediction accuracy
soil spectra than clustering based on the Cosine of spectral angle. The prediction accuracy of soil
of soil Ni and Zn concentrations was dramatically improved by the clustering based on squared
Ni and Zn concentrations was dramatically improved by the clustering based on squared Euclidean
Euclidean distance and the prediction accuracy derived from clustering based on the Cosine of the
distance and the prediction accuracy derived from clustering based on the Cosine of the spectral angle
spectral angle was partly improved, as shown in Tables 3 and 4. The results indicate that spectral
was partly improved, as shown in Tables 3 and 4. The results indicate that spectral clustering based
clustering based on squared Euclidean distance was more effective to improve prediction
on squared Euclidean distance was more effective to improve prediction accuracies of soil Ni and
accuracies of soil Ni and Zn concentrations.
Zn concentrations.
Soil spectral reflectance curve can be characterized in terms of curve shape, the presence or
Soil spectral reflectance curve can be characterized in terms of curve shape, the presence or absence
absence of absorption bands, and reflectance value. Soil reflectance spectra were classified into
of absorption bands, and reflectance value. Soil reflectance spectra were classified into different curve
different curve forms, such as iron-affected curve, organic dominated curve, and organic affected
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forms, such as iron-affected curve, organic dominated curve, and organic affected curve, according to
their spectral characteristics [28,36,37]. Due to the proximity of the collected soil samples, the main
difference between the spectra was on the reflectance value and clustering based on squared Euclidean
distance was suitable to classify the spectra. Thus, it is significant to considering the differences
between soil reflectance spectra before implementing spectral classification. The distance measure
method adopted in spectral classification needs to be adjusted with the specific spectral characteristics.
5. Conclusions
To explore the potential of spectral classification in estimation of soil contaminant elements,
K-means clustering was adopted to predict Ni and Zn concentrations in soil. Ni and Zn represent
two contaminant elements with different contamination levels and dynamic concentration ranges
in soil. The prediction accuracy shows that the predictions of both Ni and Zn concentrations in
soil were dramatically improved by the clustering based on squared Euclidean distance and were
partly improved by the clustering based on Cosine of spectral angle. The spatial distribution of Zn
concentration derived from prediction using the classified soil spectra exhibits similar geographical
trends with the spatial distribution obtained by Zn concentrations derived from chemical analysis. The
potential of spectral classification in estimation of Zn concentrations in soil was further revealed by
a selected subset of the 74 soil spectra. The results indicate that spectral classification is a promising
way to improve the prediction of soil Ni and Zn concentrations, especially for the clustering based
on squared Euclidean distance. In addition, analyses on distance measure methods and spectral
characteristics of the collected soil spectra indicate the clustering based on squared Euclidean distance
is more suitable to classify soil spectra with the main difference on absolute reflectance value, whereas
the clustering based on the Cosine of the spectral angle performed well in classifying soil spectra with
different curve shapes.
Future studies need to explore the potential of spectral classification in estimating soil contaminant
elements with more soil samples over larger study areas since the present study was a case study
using only 74 soil samples collected in a very small study area. Soil properties, such as organic
matter and clay mineral concentrations, are essential information to help determine the number of
classifications and to interpret the obtained results. Thus, relevant soil properties need to be determined
in chemical analysis.
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