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Abstract: The spectral response to arsenic (As) stress of pine needles (Pinus densiflora Siebold and
Zucc.) from an abandoned lead (Pb)–zinc (Zn) mine was investigated based on chemical and
spectroscopic analyses. The correlation analysis between the content of As in needle samples and that
of soils and spectral parameters of the needle samples were conducted. The results showed very high
correlation between As content in pine needles and soils. The major spectral response of pine needles
to the As stress were characterized by the increase in the green and red color reflectance, the decrease
in the first derivatives at 1648 nm, and the shrink in the red absorption feature. These changes were
caused by the pigment content loss and the structural changes of phenolic compounds in the pine
needles due to the As content. The linear regression analysis with the stepwise method showed the
first derivatives at 668 nm and 1648 nm were the most useful variables in the regression model for As
content prediction in pine needles. The As index of pine needles could be used to detect As content in
soils associated with As and heavy metals contamination and/or mineralization in coniferous forests.
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1. Introduction

Arsenic (As) is renowned for its high toxic potential in the natural ecosystem [1]. The main
sources of As contamination are mining, smelting, and other industrial activities such as metallurgy,
electroplating, dyes, pottery, and petroleum refining [2]. Other important sources of As are the
irrigation of As contaminated water and the use of agrochemical materials or animal manures where
As compounds are used [3,4]. Specifically, As is known as one of the most serious metal and metalloid
contaminants in abandoned metal mines in Korea [5]. Arsenic can be transported by water or air in the
ecosystems, resulting in interruption of the natural circulation nodes that they reach [2]. Due to its
widespread occurrence and toxicity, reliable and eco-friendly methods for evaluating As contamination
have become extremely necessary [4,6].

Field sampling and laboratory-based chemical analyses are the major analytical approaches to
As and heavy metal content in soils [7,8]. Field-based methods take large amounts of labor, time,
and money [9]. Furthermore, point-based measurements of field sampling need spatial interpolation
to cover the whole study area, no matter how dense the samples are [10]. Several studies have
used a remote sensing approach as an alternative solution to the field method, because it is a rapid,
non-destructive, and economic way to provide a synoptic view of the area with better spatial and
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temporal coverage [7,11–13]. However, remote sensing on metal and metalloid contamination in soils
is limited when most areas are covered with vegetation [7,9].

To walk around the vegetation cover problem, there have been efforts focusing on how vegetation
responds to the metal and metalloid contamination. In general, vegetation growing in a metal and
metalloid contaminated soil internally accumulates these elements, and the metal and metalloid
stresses induce changes in foliar optic properties [9,14,15]. Such changes are primarily linked with
pigment content [12,16], biochemical composition [17], cellular structure [18,19], moisture content [15],
and phenological changes [14]. Changes in the vegetation’s foliar optic properties can be detected by
the remote sensors, especially spectrometers with high spectral resolutions.

Based on the spectral response of plants to metal and metalloid stress, studies on botanical geology
that explore metal and metalloid enriched areas have been carried out. Yost and Wenderoth [20]
reported that reflectance spectra of balsam fir and red spruce growing on copper–molybdenum deposits
showed variations in the near infrared (NIR hereafter) spectrum. Collins et al. [21] found a higher
green band reflectance and a blue-shift of the red edge of the conifers growing in mineralized areas
in response to the metal and metalloid contamination. Kupková et al. [22] measured the chlorophyll
content of silver birch and scots pine foliage from heavy metal contaminated areas based on different
spectral indices.

Previous studies on the foliar spectral response to As content focused on herbaceous plants
such as rice [3,4,9], spinach [23], and Pteris ferns [24]. For example, visible and near infrared spectra
(VNIR hereafter) of rice have been used to monitor As and heavy metal content in soils and variations
in chlorophyll content under As stress [3,4,9]. They reported that VNIR spectra were sensitive to
chlorophyll content and cellular structure of rice plants associated with As stress caused by uptake of
As from the soil. Slonecker et al. [24] constructed effective prediction models of As content in Pteris
ferns using first derivatives of the reflectance based on pot experiments. Bandaru et al. [23] found high
correlations between NIR bands and leaf As content/structural changes of spinach. They found an As
effect on total leaf thickness and intercellular spaces.

It is well known that spectral characteristics associated with As and heavy metal elements vary
between vegetation species [24]. It indicates that spectral response of herbaceous plants in regards to
As content may not be applicable to coniferous trees. Moreover, spectroscopic studies associated with
As contaminated coniferous trees are relatively limited. Therefore, it calls for a systematic study of the
relationships between the As content in the conifers and their foliar spectral characteristics.

Pine trees are common coniferous trees dwelling over large areas globally and are noted for a
high intake of As and heavy metals in contaminated soils. Due to their high tolerance against As
and heavy metal elements, they are often used in the treatment of As and heavy metal contaminated
soils [22]. The pinus densiflora Siebold and Zucc. (P. densiflora hereafter), called Korean red pine, is
one of the most widely distributed pine trees commonly found in Korea, Japan, China, and Southern
Russia [25]. These countries face many environmental problems associated with As and heavy metal
contamination [4,5,26,27]. The knowledge on the change in the spectral reflectance of pine needles in
response to As content may offer the opportunities of identifying high As contamination in the soil
or water using remote sensing in these countries. In this study, we investigated spectral response of
pine needles to As content based on chemical and spectroscopic analysis, and prediction models of As
content using a stepwise linear regression model which we developed. Hopefully, the model may be
applicable for exploration of As contamination in soils.

2. Materials and Methods

2.1. Study Area

To study the relationship between As content and reflectance of pine needles growing in As and
heavy metal contaminated soils, we selected the Boksu mine, the abandoned lead (Pb)–zinc (Zn) mine in
South Korea (36◦57′23′′ N, 128◦11′59′′ E; Figure 1). The study area has an annual average temperature
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of 10.5 ◦C and an average annual precipitation of 892 mm [28]. According to the survey report published
by the Korean government and the Mine Reclamation Corporation (MIRECO), the Boksu mine has
been undergone serious environmental problems including soil and stream contamination due to mine
water, tailing, dust, and waste debris [5]. The soils near the Boksu mine are heavily contaminated with
cadmium (Cd), lead (Pb), arsenic (As), nickel (Ni), zinc (Zn), and copper (Cu). The contamination
levels of these elements are very high based on the metal and metalloid contamination standard in
soil [5,29]. For mine reclamation, phytoremediation approaches using P. densiflora have been carried
out on re-cultivated soil. Such contamination and vegetation cover condition make this area an ideal
site for our experiments.
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Figure 1. An aerial photograph of the study area (Boksu Pb–Zn mine) showing sampling locations.

2.2. Site Selection and Sample Collection

In accordance with the standard sampling methods for the examination of soil contamination
prescribed by the Korean ministry of environment, the soil was chosen from a central location where
pine trees reside and the surrounding locations of the four normal directions. We sampled the soil at
0–15 cm depth after removing the organic layer. The collected soils were passed through a 100 mesh
sieve to minimize the granular effect. The content of As and heavy metals in the soil was measured
using a portable X-ray fluorescence spectrometer (PXRF hereafter) on-site. The content of As and
heavy metals in the soil was compared with the contamination limits (Table 1). Contaminated pine
needles were sampled from pine trees growing on the tailing dumps (T1 to 6, T11 to 13) and an
abandoned mineral processing plant (T7 to 10), where serious As and heavy metal contamination was
reported (Figure 1). Control trees (T14 to 20) were selected from the nearby location where the soil
contamination level was ignorable (Figure 1 and Table 1). The control site was located within the
same watershed with the study sites where the conditions in illumination, precipitation, wind, and
geology are the same as the trees with contamination. Given the fact that the control site has the same
conditions in plant growth except As and heavy metal contamination in the soils, the difference in
spectral responses between the trees in contaminated and control site would present the effect of As
and heavy metal content.
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The sample collection was carried out during April 2018. Healthy and fully developed pine
branches located in sunlit areas were collected from an upper and middle part of the canopy using a
pruning pole [14,22]. 163 sets of pine needles were sampled from 13 pine trees in contaminated areas
and 23 sets of pine needles were collected from 7 control trees. The collected samples were stored in
polyethylene bags and carried to the laboratory in an ice-cooled container. The samples were then
washed with distilled water and refrigerated at 4 ◦C. They were also wrapped with wet tissue to
preserve their condition in the refrigerator. The chemical and spectroscopic analyses were performed
within three days of the sampling in laboratory conditions [22,27,30].

Table 1. Representative average content of As and heavy metal elements in soils for sampling sites and
contamination limits prescribed in the soil environment conservation act in Korea (unit: mg/kg).

Average Content Soil Contamination
Limits 1

Tailing
Dump 1

Abandoned
Minerals

Processing Plant

Tailing
Dump 2

Control
Sites

Warning
Limits

Counter-Plan
Limits

As 16,420 24,530 11,600 50 50 150
Pb 27,500 8250 5690 80 400 1200
Zn 16,050 8110 5580 420 600 1800
Cu 3710 2130 1660 320 500 1500
Cd 190 180 50 - 10 30

1 The soil contamination limits apply to Zone 2 depending on the purpose of land use. Zone 2 includes forests,
salterns, building lots (nonresidential), warehouses, rivers, historic ruins, physical sites, recreational sites, and
miscellaneous sites.

2.3. PXRF Scanning

A PXRF method was used to measure As and heavy metal content in soil on-site and As content
in pine needle samples under laboratory conditions. PXRF is well known as a screening tool for metal
and metalloid contents in various environmental samples and a standard protocol regulated by the
National Institute for Occupational Safety and Health (NIOSH) and the United States Environmental
Protection Agency’s Environmental Response Team (USEPA/ERT) [31–35]. Compared with the wet
chemical analysis, PXRF has advantages of its non-destructive, rapid measurements and simplified
pre-processing procedure. Several studies have also reported that the accuracy of PXRF is high enough
for most elements except cobalt (Co) [36,37]. The PXRF can measure chemical composition at aperture
diameter, which enables direct comparison between spectral reflectance and the content of metal and
metalloid at exactly the same spot of the sample [33,38]. Due to these advantages, the use of PXRF has
been widely applied to vegetation analyses [35,39].

This study used an Olympus Delta PXRF analyzer (Olympus Innov-X, Waltham, MA, USA),
where the limit of detection is 1 to 3 mg/kg for As, 2 to 5 mg/kg for Zn and Pb, 3 to 7 mg/kg for Cu,
and 8 to 15 mg/kg for Cd. The device is featured with an X-ray tube operated at 10–40 kV and the
high-resolution silicon drift detector with <165 eV. Quantitative analysis of the As content for needle
samples followed the method 6200 in laboratory conditions [31]. We calibrated the instrument with a
steel “316” calibration check reference coin before the measurements were made. The samples were
scanned with a two-beam configuration mode, Geochem mode.

The metal and metalloid content was estimated by scanning for 60 s per soil sample. The As
content was measured for three minutes for needle samples in direct contact with the instrument
aperture to minimize X-ray energy loss [35,40]. The needle samples were stacked with length, width,
and thickness of about 8 cm, 5 cm, and 0.5–1 cm, respectively, which are the same as those used for
spectral measurements. For each sample, three readings were taken with the aperture repositioned at
the same spot of the samples, and the average value of the three readings was used for the spectral
analysis [33,35].
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2.4. Spectral Analysis

The spectral reflectance values of the samples were measured with a Labspec 5100 portable
spectrometer covering 350 to 2500 nm with a 3 to 6 nm spectral resolution. The instrument was
optimized and calibrated with a white reference plate (LabSphere, Inc., North Sutton, NH, USA) before
the measurements were made. Measuring spectral reflectance of pine needles has been difficult due
to the small area of contact with the aperture of the instrument [41]. The optical properties of pine
needles in previous researches have been obtained by stacking the needles with a layer of uniform
thickness [22,42]. This method was often combined with the contact probe [41,42]. In this study, the
contact probe mode (Analytical Spectral Devices Inc., Boulder, CO, USA) was used to acquire spectral
reflectance of pine needles at the same spot where PXRF measurements were taken. The needle
samples were positioned on a black surface to reduce background upwelling radiation through the
pine needles [22,43]. A stack of pine needles was positioned in parallel to fully cover the field of
view of the contact probe, resulting in a uniform reflection condition [22]. Three measurements of
reflectance spectra were conducted for each sample, and the acquired spectral reflectance values were
averaged [22,30,44].

The averaged spectra were used for comparative analysis of spectral variations between As
contaminated and control pine needles. The independent sample t-test was carried out to verify
a statistical difference between the As contaminated and control spectra. The spectral data were
examined with Kolmogorov-Smirnov test for normality and Levene’s test for homogeneity of variances.
The statistical significance for the selection of the null hypothesis or the alternative hypothesis was
set to 0.05. Statistical tests were performed in the Statistical Package for the Social Sciences (SPSS
hereafter, Version 24.0, SPSS Inc., Chicago, IL, USA). We also calculated reflectance differences between
contaminated pine needles and control pine needles (RDC hereafter) to enhance the spectral response
of the As content by removing the intrinsic spectral characteristics of pine needles.

The first derivative (FD hereafter) and the continuum removal (CR hereafter) of the spectra were
calculated in addition to the spectral values [45]. The FD transformation can reduce additive constant
and background effects and enhance weak signals and spectrum inflection characteristics [46–48]. First,
the acquired raw reflectance spectra were smoothed by the Savitzky-Golay convolution method with
the least-squares fitting [47]. The smoothing was applied to the condition of a second order polynomial
on 25 smoothing points [48]. The smoothed spectra was then converted to the FD spectra using the
Savitzky-Golay differential method. The derivatives were calculated using a second order polynomial
fitted over 3 points [45,47]. The smoothing and differentiation was applied using Unscrambler X
software (version 10.4, Camo software, Oslo, Norway).

The CR method amplifies the minor absorption characteristics expressed by the specific material by
linking the absorption feature with a straight continuum line [46]. The continuum line is defined as the
line connecting the left and right endpoints of the absorption characteristics (Figure 2a). The endpoints
have the highest reflectance values around the absorption feature of the interest. The CR (RC) is
calculated by dividing the original reflectance spectrum (RO) by the value of corresponding position
on the continuum line (RL) for all the wavelength region of absorption feature [49]:

RC =
RO
RL

(1)

The CR of the pine needle spectra was then calculated as parameters describing the absorption
feature of the interest. We used the PRISM (Processing Routines in IDL for Spectroscopic Measurements)
software to analyze spectral features [49]. PRISM automatically adjusts the left and right endpoints
of the absorption feature, and computes the parameters of the continuum-removed feature such as
band center, band depth, band area, and the full-width at half maximum (FWHM hereafter). Figure 2b
shows an example of absorption feature parameters established by PRISM. We applied the PRISM to
the visible spectrum of pine needles to analyze the As stress. Many studies have reported that the
reflectance of the visible region is closely related to the metal and metalloid stress of a plant [9,12,30,50].
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2.5. Wavelength Selection and Regression Model Development

To select the best wavelengths associated with As content in pine needles, a correlogram was
constructed based on the correlation (Pearson’s correlation coefficient, r hereafter) between RDC and As
content. Apart from the RDC, the correlation was also computed for the FD. Based on the correlogram,
the wavelength regions with high correlation coefficients (|r| > 0.6) were selected as explanatory
variables [7]. This procedure would make the regression model more reliable [51].

To develop and validate the regression model, the 92 spectra were divided into two subsets: a
calibration (62 samples) and a validation subset (30 samples). The stepwise regression method in the
SPSS was applied to find the best variable combination. The regression models were constrained to use
the explanatory variables with probability values (p hereafter) less than 0.05 and a variance inflation
factor (VIF hereafter) less than 10 to prevent multicollinearity problems in independent variables [7,52].
The regression models with maximum coefficients of determination (R2

C hereafter) and the minimum
root mean squared error of calibration (RMSEC hereafter) were chosen as the best-fit prediction model.

The validation subset was used to test the prediction accuracy of the best models. The validation
results were assessed by the coefficients of determination (R2

V hereafter) and root mean squared error
of validation (RMSEV hereafter) [53]. In addition to the assessment parameters, the additional error
measures were performed using the standard error of prediction (SEP hereafter) and the residual
predictive deviation (RPD hereafter) from the validation set, based on the following equations [54–56]:

SEP =

√
1

n− 1

∑n

i=1

(
Yi_predicted −Yi_measured

)2
, (2)

RPD =
Cstdev
SEP

, (3)

where n is the number of samples, Yi_predicted and Yi_measured are the predicted and measured values
for As from the ith calibration model, and Cstdev is the standard deviation of As contents (mg/kg).
The increase of the RPD values indicates an improvement in the prediction accuracy. The error
assessment was evaluated based on three categories: RPD < 1.4 or R2

V < 0.5 means poor prediction
models which are not recommended; 1.4 < RPD < 2.0 or 0.5 < R2

V <0.8 means acceptable prediction
models; RPD > 2.0 or R2

V > 0.8 means excellent prediction models [57].
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3. Results

3.1. Arsenic Content of Pine Needle Samples

We analyzed the As content in the needles of pine trees dwelling in As and heavy metal
contaminated soils of an abandoned mine. The As content of pine needles are summarized in Table 2.
We scanned 163 sets of pine needles from 13 pine trees residing in the contaminated areas. Among them,
As was detected in 92 sets of samples that accounted for 60% of the total contaminated samples. Arsenic
was not detected in the rest, because their As content was below the limit of detection. Although As
content of those sets were below the detection limit, those sets should be distinguished from the control
sets and excluded from further study.

The contamination level of soils in the contaminated area and control area showed a distinct
difference (Table 1). A high correlation (r = 0.94) between As content in the soil and the pine was also
observed (Table 2). It indicates that the spectral response of pine needles in the contaminated area
would include As enrichment effect in the soil.

The standard deviation of the three replicates from all acquired As data was calculated. As a result,
the average standard deviation of As content was 1.0 mg/kg. The average content of As was 3.5 mg/kg
(Table 2). The pine needles in the study area showed an average As content level of more than twice as
high as the maximum normal range of plants (0.009–1.5 mg/kg) growing on non-contaminated soil [58].
The range of As content was large, from 1.0 to 11.7 mg/kg. In addition, the As content in the same tree
showed a large variability. For example, the maximum/minimum ratio of T10 is 4. The inconsistency
of the pine needle was also confirmed previously [59]. Therefore, in this research, we did the tests on
the needle level instead of the tree level.

Table 2. Arsenic contents of pine needles sampled from study sites (mg/kg).

Statistics
Tailing Dump 1 Abandoned Minerals

Processing Plant Tailing Dump 2 Control
Total

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14-20

No. of
measurement 7 10 8 2 4 19 14 29 23 19 19 6 3 23 186

No. of detection 2 0 1 0 0 2 10 23 21 17 16 0 0 0 92
Mean 1.5 - 2.0 - - 2.7 5.5 3.0 7.3 4.1 2.3 - - - 3.5
Min 1.0 - 2.0 - - 2.0 3.7 2.0 5.0 2.0 2.0 - - - 1.0
Max 2.0 - 2.0 - - 3.3 7.0 4.7 11.7 8.0 3.0 - - - 11.7

The Pearson correlation coefficient of As content in the soil and the pine was 0.94 at significant level of 0.01.

3.2. Spectral Characteristics of Arsenic Contaminated Pine Needles

Spectral characteristics of pine needles induced by As stress were analyzed by comparative
analysis between the average spectra of As contaminated and control samples (Figure 3a). The spectral
signatures included commonly found spectral features of pine needles, such as absorption features
within the blue (400–500 nm) and red regions (600–700 nm), and the green peak (550 nm) caused by
chlorophyll and several carotenoids [30,60]. Furthermore, the spectra showed high NIR (700–1300 nm)
reflectance caused by the internal cellular structure [7,15,16], minor water absorption features at 970 nm
and 1200 nm, and major water absorption at 1450 nm and 1920 nm [59].

Figure 3b showed the RDC in the spectral range of 350–2500 nm. Reflectance variations to As
contents were detected at 500–1400 nm. In the spectral region of 500–700 nm, an increase in the
reflectance of pine needles associated with As content was observed near the green peak, red absorption
band, and the red edge regions. However, the RDC curves showed no systematic relationship between
infrared reflectance and As content. The t-test showed that statistically significant spectral differences
were found near 650 nm, 1160 nm, 1350 nm, 1660 nm, and 1850 nm (Figure 3a).
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Figure 3. (a) The reflectance spectra for control and As-contaminated pine needles at three different
levels of content, and (b) its RDc. Black triangles indicate wavelength at which the reflectance between
control and As-contaminated spectra is statistically different at a significant level of 0.05.

3.3. Wavelength Selection

Correlation analysis between As content and the RDc of pine needles as well as its FD was
carried out to select the most suitable wavelengths for the regression model development (Figure 4).
A relatively high positive correlation (r > 0.6) between As content and the RDC was detected within
the spectral regions of 535–648 nm and 690–719 nm (Table 3). The highest correlations were observed
at 586 nm and 700 nm, with an r value of 0.71 and 0.74, respectively (Figure 4 and Table 3).

The correlation between As content and the FD of RDC alternated between a positive and negative
relationship (Figure 4). Relatively high positive correlation regions were found at 463–466 nm, 478 nm,
484–554 nm, and 679–702 nm (Table 3). The spectral regions of 589–616 nm, 631–674 nm, and 717–764 nm
showed a strong negative relationship. The highest correlations were detected at 545 nm (r = 0.80),
668 nm (r = −0.80), 686 nm (r = 0.80), and 738 nm (r = −0.81). In the shortwave infrared region, no
significant correlation between As content and the FD of the RDC was detected except the spectral
range from 1645–1652 nm. The strongest r value was −0.70 at 1648 nm (Table 3).

The spectral feature parameters of 500–800 nm showed a high correlation with As content in the
left and right endpoints, FWHM, and feature area (Table 4). The left endpoint moved toward the longer
wavelength and the right endpoint moved toward the shorter wavelength with increase in As content.
It led to the systematic decrease in FWHM and feature area with As content. The |r| values of these
parameters were higher than 0.76. It indicates that these spectral feature parameters are interconnected
responding to the As stress. Among these spectral feature parameters, FWHM was the most sensitive
to the As content (r = −0.85).
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Figure 4. Correlogram of pine needles between the RDc and As content, and the FD of the RDc and
As content.

Table 3. Wavelength regions with the Pearson correlation coefficients (|r| > 0.6), strongest correlation
wavelength of corresponding wavelength regions, and the strongest correlation coefficients of the
strongest correlation wavelength.

Wavelength Region (nm) Strongest Correlation Spectrum (nm) Strongest Correlation Coefficient

RDc

535–648 586 0.71
690–719 700 0.74

FD of RDc

463–466 465 0.65
478 478 0.62

484–554 545 0.80
589–616 603 –0.66
631–674 668 –0.80
679–702 686 0.80
717–764 738 –0.81

1645–1652 1648 –0.70

Table 4. Correlation coefficient (r) matrix between As content and spectral parameters of red absorption
derived from continuum-removed spectra.

As
Content

Left
Endpoint

Right
Endpoint

Central Feature
Position

Feature
Depth

Feature
FWHM

Feature
Area

As content 1.00 0.76 ** −0.80 ** 0.32 ** −0.27 ** −0.85 ** −0.80 **
Left endpoint 1.00 −0.83 ** 0.38 ** −0.13 −0.85 ** −0.76 **

Right endpoint 1.00 -0.24 * 0.23 * 0.92 ** 0.85 **
Central feature

position 1.00 −0.30 ** −0.37 ** −0.43 **

Feature depth 1.00 0.36 ** 0.61 **
Feature FWHM 1.00 0.96 **

Feature area 1.00

** Correlation is significant at the 0.01 level; * Correlation is significant at the 0.05 level.

3.4. Regression Model Development and Validation

There were 62 calibration samples used for the empirical formula to predict As content. We tested
and selected the best regression models using the significant spectral parameters for As content
prediction in pine needles. As a result, two single regression models and one multiple regression
model were derived (Table 5). The single regression models were derived from the RDC at 700 nm
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(R700 hereafter) and the FWHM of CR reflectance. The multiple regression model was based on the
FDs of the RDC at 668 nm (FD668 hereafter) and 1648 nm (FD1648 hereafter). The VIF was 1.406, which
was less than 10, indicating there was no multicollinearity.

Among the best-fit calibration models, the regression model using R700 exhibited the worst
calibration results with highest RMSEC of 1.55 mg/kg and the lowest R2

C of 0.55 (Table 5). The best
model was the multiple regression model based on FD668 and FD1648 (R2

C = 0.74, RMSEC = 1.18 mg/kg),
followed by the model from the FWHM (R2

C = 0.72, RMSEC = 1.23 mg/kg). The accuracy assessment
from the validation dataset also confirmed the model selection results (Figure 5).

There were 30 validation samples used to validate the selected calibration models. The comparative
analysis between the measured As content and predicted As content derived from the spectral
parameters revealed that all regression models had RPD > 1.4 and R2

V > 0.5 (Figure 5 and Table 5).
The regression model using R700 had the worst accuracy with the validation slope of 0.5 and R2

V of 0.57.
Also, the values of RMSEV and SEP were the highest, and the prediction error of As content was the
largest. Regression models using FD668 and FD1648 showed the strongest statistical significance among
the models with the best validation slope and R2

V, minimum RMSEV and SEP. In particular, the RPD
of this model exceeded 2.0. The prediction model using the FWHM showed moderate predictability
and standard error of As content.
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Figure 5. Comparison between the measured As content in experiments and the predicted As content
derived from regression models: (a) validation model at R700, (b) validation model at FD668 and FD1648,
and (c) validation model at FWHM.

Table 5. Statistical results of the regression models using calibration and validation subset for the
needle spectral parameters.

Spectral
Transformation

Spectral
Parameter

Calibration Validation

R2
C

RMSEC
(mg/kg) R2

V
RMSEV
(mg/kg) SEP RPD

Reflectance 700 nm 0.55 1.55 0.57 0.95 1.43 1.51
First Derivative 668 nm, 1648 nm 0.74 1.18 0.79 0.84 0.98 2.19

Absorption features FWHM 0.72 1.23 0.73 0.90 1.14 1.89

F-test, p < 0.001; VIF < 10.

4. Discussion

The PXRF analysis showed that soils in the study area were seriously contaminated with As
and heavy metals (Table 1). Arsenic was detected in the pine needles grown in the contaminated
area (Table 2). This phenomenon might be associated with the As uptake mechanism of pine trees.
Kopačková et al. [61] analyzed the transfer of chemical elements (e.g., Cu, Zn, and As) in a soil-plant
system, and found that the As content in the needle of spruce trees was highly correlated with the
soil’s As content. It is known that As has high bioavailability in herbaceous plants and coniferous
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trees [3,61,62]. This study confirmed the high correlation between As content in pine needles and
soils. Recent reports revealed that plants absorb arsenous acid via aquaporins because of the similar
chemical characteristics with silicic acid, a bio-stimulant for plant growth [63,64]. Absorbed arsenate
from the root is immediately reduced to arsenite, complexed with thiol peptides or transferred to
shoots [1,65]. This phenomenon would make a clear difference in As content between the samples
in the contaminated areas and control areas in this study. The t-test results confirmed that spectra
between contaminated and control pine needles are statistically different (Figure 3a). The difference
between these two groups indicated the physical and chemical changes of the needles caused by the
As content.

The correlogram showed that the reflectance within spectral region of 535–648 nm and 690–719 nm
was positively correlated with the As content in needles (Figure 4 and Table 3). This spectral
range is closely related to chlorophyll content [15,59,66]. This implies that the uptake of As could
reduce the chlorophyll content in pine needles. These findings are in agreement in previous studies.
Collins et al. [21] reported that coniferous trees found in mineralized areas have a higher reflectance
in the green band (500–600 nm) compared to those from non-mineralized areas. Sabins [67] also
observed an increase in the green and red band reflectance for plants in higher metal and metalloid
concentrated soils.

Higher correlation coefficients between As content and the FD spectra were observed near 545 nm,
668 nm, 686 nm, and 738 nm (Figure 4 and Table 3). The FD spectra were more closely related to
As content than to the reflectance spectra. A greater statistical significance between As content and
FD spectra was consistent with the results of Slonecker et al. [24]. Noticeably, the correlation curve
dramatically changed from positive to negative near the green peak and red edge region (Figure 4).
This indicates that an increase in the As content changed the slope of the blue edge and the red edge
and eventually caused a blue-shift. The changes in correlation of FD near the red edge region are
strongly related to chlorophyll content [52]. Curran et al. [68] found a high correlation (R2 = 0.91)
between chlorophyll content and the blue-shift of the red edge position (REP hereafter) for slash pine.
The blue-shift of REP under the metal and metalloid stress has also been reported in herbaceous plants
growing in heavily metal contaminated soil [7,12]. Our result confirmed that As content in pine needles
contributed to the reduction of chlorophyll content.

Within the shortwave infrared region, the FD of 1645–1652 nm also showed a significant correlation
with As content (Figure 4 and Table 3). The wavelengths near 1650 nm are associated with phenolic
compounds and lignin [46,69]. Conifers have a high foliar phenolic ratio of 7.3%–12.3% to carbon
content of trees [70]. Phenolic compounds are known as heterogeneous groups that protect against
environmental stress conditions [61]. Lignin, a structural compound of polyphenolics nature, also plays
an important role in litter composition and nutrient cycling in needles [71]. In addition, the spectral
region was known for a spectral band sensitivity to metal and metalloid stress and moisture [72].
Therefore, the first derivative value near 1650 nm, which is closely related to phenolic compounds and
lignin, may be useful for an As-stress stress marker.

Two single regression models using R700 and FWHM were constructed to predict As content
in pine needles (Figure 5). The R700 and FWHM included the green and red bands related to plant
pigments. The RPDs of the two models were above 1.4 (Table 5), indicating that all constructed models
are statistically acceptable [57]. The model based on FWHM had a higher prediction accuracy for As
content than R700 had with a high RPD and a low SEP (Table 5). The t-test results revealed that the
reflectance spectra between the control and contaminated needles were statistically different at 650 nm
(Figure 3a). It confirms that the spectral variation presented at FWHM could be useful as an indicator
of indirect As stress in pine needles.

In addition to the visible bands, FD668 and FD1648 were used to derive multiple regression models
covering infrared bands (Figure 5). The regression model had RPD > 2.0, indicating an excellent
prediction model [57] (Table 5). Given the fact that these bands had a clear difference between the
control and the contaminated spectra (Figure 3a) and a high correlation with As content (Figure 4),
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the regression model employed the most suitable bands of FD668 and FD1648 for detecting As content.
Infrared regions are closely related to internal architecture and chemistry of leaves [19,24,50]. Indeed,
previous studies reported that infrared regions are preferred for detection of metal and metalloid
stresses while the visible region is sensitive to not only the metal and metalloid stress but also various
stresses in plant associated with pigments [23,24]. For example, Sridhar et al. [19,73] noted that the
combination of red edge and infrared regions is more feasible for monitoring As and heavy metal
contamination in Chinese brake fern and barley plants growing in contaminated soil. We found the
same phenomenon in conifer trees that the stress by As content was measurable in both visible and
infrared bands. Given the fact that the multiple regression model showed the highest prediction
accuracy and the model incorporates factors of both visible and infrared bands, we introduce the most
practical prediction model for As stress in pine needles as:

(As content) = 2.81− 5678.42× FD668 − 23106.51× FD1648 (4)

Although the multiple regression model was the most accurate from our analysis, in aerial remote
sensing, the use of mid-infrared bands is often limited in practice because the most common design of
the sensor for aerial surveys is the VNIR bands. Therefore, we suggested the prediction model based
on FWHM as an alternative model using only VNIR bands for predicting As content in pine needles.
The FWHM incorporated more stress sensitive spectra induced by a decrease in foliar pigment with As
content (Table 4), and thus the prediction accuracy was higher than the model based on R700.

The previous studies on As contamination prediction models dealt with herbaceous plants where
the experimental setting is relatively easier than trees. The As prediction models developed for
rice [3,4,9], spinach [23], and Pteris fern [24] was not well applicable to pine needles as we tested the
statistical significance using our data. This result indicates that the leaf surface reflectance varies by
leaf types such as herbaceous, broadleaved and coniferous species [22,74]. Therefore, the spectral
indices for As stress prediction should be developed according to the specific plant type. This study is
one of the few experiments conducted for conifers with As stress.

Arsenic uptake in pine needles was more viable than other heavy metals, and As was accompanied
by other metal and metalloid elements (Tables 1 and 2). Moreover, the As content in soil and pine
needles showed a significant correlation (Table 2). Given the fact that As is considered not only as a
metal and metalloid contamination agent but also as an indicative element in gold ore deposits [75–78],
we anticipate the As stress index suggested in this study will be useful for the detection of As
contamination in soils associated with As and heavy metal contamination and/or mineralization.
In this study, measured arsenic data should be considered semi-quantitative due to lack of evaluation
of QA/QC and elemental interferences. For quantitative evaluation of As content, it is necessary to
compare PXRF and wet chemical analysis methods for a subset of samples in future studies. However,
this study may be useful for quick scanning in the field and remote sensing applications. Moreover, we
only looked at the spectral response to As content. However, the spectral parameters may also include
the influence of other factors in the soil (including other metals such as Pb, Cd, Zn, and Cu). In order
to separate the single As effect from other metal factors, it is necessary to conduct a further analysis
such as a pot experiment. We have to acknowledge the results reported from this study were only
based on pine needles of P. densiflora sampled from a limited area. It is necessary to investigate other
species of conifers to define the general phenomenon. Nonetheless, our work could serve as a pilot
study pointing in a direction to demonstrate the feasibility of the methods we used.

5. Conclusions

We investigated the spectral response to the As content of P. densiflora needles that grew near an
abandoned mine and evaluated the prediction power of the spectral bands for As content estimation.
The As contents of the pine needles and the soil underneath were highly correlated. This indicates
transfer of As from soils to pine needles. The As content of pine needles showed large variations, even
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for the needles sampled from the same tree. This implies that the As contents cannot be modelled at
the tree level (e.g. one sample from one tree). The observed spectral changes of pine needles induced
by As stress included an increase in reflectance near the green peak, the red absorption band, and the
red edge regions. Correlation analysis between the As content and the RDC revealed that 545 nm,
586 nm, 668 nm, 686 nm, 700 nm, 738 nm, and 1648 nm were the best suited wavelengths for the
prediction models of As content in pine needles. Moreover, spectral feature parameters of 500–800 nm
made by the neighboring green peak and the red edge showed a systematic variation in the left and
right endpoints, FWHM, and feature area. Based on the wavelength selection, two simple regression
models and one multiple regression model were derived. The single regression models include the
regression models for the R700 and the FWHM of CR reflectance. Multiple linear regression model was
constructed based on the combinations of FD668 and FD1648. The models suggested in this study were
statistically valid with RPD > 1.4.

We suggested that the most useful model for As content prediction in pine needles was the multiple
regression model using FD668 and FD1648. It combines stress sensitive spectra induced by a decrease
in foliar pigment and the As stress sensitive spectra associated with changes in internal structures.
Furthermore, we presented a suboptimal regression model employing the FWHM. The simple models
were reasonably accurate with only one variable to be obtained from the sensors. Given the fact that As
content in soil and pine needles showed a high correlation, the As stress index is expected to be useful
in the detection of As contamination in soils associated with As and heavy metal contamination and/or
mineralization in coniferous forest This study is one of rare studies provided prediction models for As
content for coniferous trees, while further study is necessary to confirm general spectral response of all
coniferous trees.
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