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Abstract: Two arsenic-accumulating Pteris ferns (Pteris cretica mayii and Pteris
multifida), along with a non-accumulating control fern (Nephrolepis exaltata) were grown
in greenhouse conditions in clean sand spiked with 0, 20, 50, 100 and 200 ppm sodium
arsenate. Spectral data were collected for each of five replicates prior to harvest at 4-week
intervals. Fern samples were analyzed for total metals content and Partial Least Squares and
Stepwise Linear Regression techniques were used to develop models from the spectral data.
Results showed that Pteris cretica mayii and Pteris multifida are confirmed
hyperaccumulators of inorganic arsenic and that reasonably accurate predictive models of
arsenic concentration can be developed from the first derivative of spectral reflectance of
the hyperaccumulating Pteris ferns. Both the arsenic uptake and spectral results indicate that
there is some species-specific variability but the results compare favorably with previously
published data and additional research is recommended.
Keywords: arsenic phytoremediation; Pteris ferns; derivative spectroscopy; partial least
squares

1. Introduction
Phytoremediation is the removal of contamination by plants. An area of growing technological
interest, phytoremediation of contaminated soil offers distinct advantages over traditional techniques
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because it is inexpensive and far less disruptive to the community and the landscape than the standard
soil excavation and replacement. Phytoremediation of fugitive arsenic in soils has recently been
utilized in several hazardous waste cleanup efforts and is the result of the discovery that many ferns of
the Pteris taxa are hyperaccumulators of inorganic arsenic [1-4]. The Chinese Brake Fern (Pteris
vittata), the Spider Brake Fern (Pteris multifida), the Cretan Brake Fern (Pteris cretica mayii) and
several other Pteris ferns have been shown to uptake so much inorganic arsenic in soils that they can
actually reduce the soil arsenic concentration of a moderately contaminated site to acceptable levels in
just a few growing seasons [5,6].
The spectral reflectance of vegetation growing in soils containing heavy metals has long been a
topic of remote sensing investigation and the spectral analysis of ferns that hyperaccumulate arsenic in
plants is an especially interesting application of this form of remote sensing. Early laboratory
spectroscopic and remote sensing imaging research successfully identified spectral signatures of heavy
metal stress and applied these techniques to applications involving mineral prospecting and
environmental contamination [7-10].
Measurement of inorganic arsenic in the soil and in the biomass of plants requires expensive,
invasive and time-consuming laboratory chemical methods. The ability to quantify arsenic uptake and
removal from the soil through the spectral reflectance of Pteris ferns would be a potentially important
new hazardous waste monitoring technique and a valuable addition to the tools of geographic analysis
and monitoring. This paper reports on research investigating the controlled measurement of arsenic
uptake in two Pteris ferns as well as the feasibility of predicting arsenic concentration in these ferns by
way of modeling and analyzing the reflective spectroscopic data in a controlled laboratory environment.
2. Background
2.1. Spectroscopy and Remote Sensing
There is a rich history of remote sensing research in evaluating vegetation conditions, such as
biomass productivity, disease and stress. Both in the laboratory and from airborne imaging
applications, much research has centered around identifying the key wavelengths of the solar reflected
part of the electromagnetic spectrum (EMS) for vegetation and gaining a better understanding of how
energy interacts with vegetation pigments and leaf structure under different conditions. Laboratory
spectroscopic methods generally employ instruments and methods that record reflected energy in very,
narrow specific wavelengths. Although closely related to imaging spectroscopy, sometimes called
hyperspectral remote sensing, and sensors such as NASA’s AVIRIS (Advanced Visible InfRared
Imaging Spectrometer), these methods do not produce imagery, but instead produce spectra, a
graphical plot of the record of energy interactions at specific wavelengths.
The use of laboratory spectral reflectance methods to gain an understanding of photosynthesis and
related vegetative processes is a field of scientific study that has been ongoing for decades. Laboratory
instruments called spectrometers, spectrophotometers, spectrographs or spectroradiometers are all
different names for instruments that essentially use some type of prism to separate light into its
component parts and measure the reflectance and absorption of those component parts from a target
surface. Early instruments separated light into the basic colors of the spectrum. Modern instruments
separate light into individual nanometers of reflectance energy.
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Spectral research of vegetation actually dates back to the 19th Century. Using a hand held
spectrograph, in 1879 Rood analyzed typical vegetation and reported a low reflectance in the blue, a
high reflectance in the green, a low reflectance in the red and a rapid rise in reflectance in the infrared [11].
In 1918, Willstatter and Stoll (as documented by Murtha, 1997 [12]) investigated the interaction of
light with the typical structure of the leaf using selective spectral absorption [12]. In 1929 Schull
studied and measured the reflectance of various leaves using a prism spectrophotometer to attempt to
better explain leaf-energy interactions that occur in photosynthesis. Measuring between 430 and 700
nanometers (nm), at roughly 20 nm intervals, he was able to determine the basic chlorophyll
absorption pattern of most green vegetation and even reported the common chlorophyll absorption
well at 680 nm [13]. McNicholas (1931), through laboratory methods, defined the spectral
characteristics of carotin and xanthophyll, and the absorption changes that occurred during oxidation [14].
The spectral characteristics of vegetation have enjoyed a wide range of interest through the years
for military, agricultural and environmental applications. Key papers by Gates and others in 1965 [15]
and Guyot and others in 1992 [16] summarize the diverse applications of laboratory spectral research
for vegetation studies. All green vegetation shows a similar pattern of spectral reflectance in the visible
and near infrared regions. The bimodal reflectance pattern is caused by the chlorophyll absorption of
blue and red wavelengths, at about 450 nm and 680 nm respectively, and by the reflectance of
chlorophyll in the green wavelengths causing the peak at around 550 nm. The second larger spectral
peak around 780 nm is caused by the internal structure of leaf tissue that reflects significant amounts
of energy in the near infrared. This internal mesophyll tissue generally consists of irregularly shaped
cells separated by interconnected openings. Infrared radiation is strongly scattered by this structure,
which combined with a general decrease in pigment absorption at the edge of the visible portion of the
spectrum, causes a significant increase in reflected energy at the edge of the infrared part of the
spectrum. See Figure 1.
2.2. The Red Edge
One of the fundamental concepts that has been developed in the spectral analysis of vegetation has
been the “Red Edge” of vegetation reflectance. An area usually centered around the 720 nm area and
represented by the typical sharp rise in reflectance in the 680–760 nm range of the classic vegetation
spectral signature. The location, size, shape and shifts in this Red Edge form one of the central
concepts in spectral monitoring of vegetation condition. Vegetation undergoing stress from exposure
to fugitive arsenic in the soil is very likely to exhibit symptoms of that stress in the Red Edge region.
Although the general concept of the Red Edge is easily understood as the area of the sharp rise in
reflectance, a variety of definitions and quantitative methods for computing the Red Edge are found in
the literature. In 1993, Ray et al. defined the Red Edge as the sharp transition between absorption by
chlorophyll in the visible wavelengths and the strong scattering in the near infrared from the cellular
structure of leaves [17]. The Red Edge (λ re) was defined by Horler and others in 1983 as the
wavelength of maximum ΔR/Δλ, where R is reflectance and λ, is the specific wavelength [18]. Guyot et
al. defines the Red Edge as an inflection in the sharp rise in reflectance between 670 nm and 760 nm [16].
Horler and others have studied the feasibility of utilizing a Red Edge measurement as an indication
of plant chlorophyll status [18]. Using derivative reflectance spectroscopy in the laboratory, plant
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chlorophyll status and Red Edge measurements were made of single leaves of several different species.
By using spectroscopic and laboratory methods to measure the chlorophyll content of the same leaf
samples, direct evidence of the correlation between the Red Edge and chlorophyll concentration was
obtained. Ray and others discovered significant differences in the size and shape of the Red Edge in
different types of arid vegetation and found that for a common yellow grass species, there was no
chlorophyll “bump” and no detectable Red Edge [17].
Figure 1. A spectral plot of typical green vegetation. The highlighted area is known as the
“Red Edge”.
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Another critical analytical feature of spectral analysis of vegetation is the shift in absorption and
reflectance features that occur as a result of chemical and nutrient exposures. A general relationship
between increases in chlorophyll concentration and a “red shift” towards longer wavelengths has been
established by several researchers. Gates and others showed the basic relationship between the
increased chlorophyll and plant health and the shift of the Red Edge towards longer wavelengths.
Guyot et al. similarly showed that the Red Edge inflection point shifts to longer red wavelengths as
chlorophyll concentrations increase [15,16]. This general correlation between chlorophyll content and
red shift was confirmed by Horler and others and Baret et al. for different crop species [18,19].
More important to arsenic effects research however, is the “blue shift” of vegetation spectra that
occurs when vegetation has undergone stress from some mineral or chemical agent. Collins and others
showed a basic blue shift in conifers affected by metal sulphide in the 700 – 780 nm region [20]. Horler and
others found similar blue shifts in tree species subjected to heavy metal concentration in the soil [21].
Similar blue shift results have been reported by Schwaller and Tkach [22] and Milton et al. [8,10].
Rock et al. demonstrated a 5 nm blue shift in spruce and fir species in Vermont and Germany as a
result of stress caused by airborne acid deposition [9]. Horler and others studied the effects of heavy
metals on the reflectance spectra of plants. Utilizing both natural vegetation growing in known areas of
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metal concentrations, and specific greenhouse experiments, they established relationships of metal
stress to total chlorophyll, chlorophyll a/b ratios, and reduced reflectance at specific wavelengths [9].
Controlled experiments with pea plants and other species showed that the general effect of exposure to
cadmium (Cd), copper (Cu), lead (Pb) and zinc (Zn) was growth inhibition. The pea plants also
showed changes in the leaf chlorophyll a/b ratios for exposure to Cd and Cu but showed no changes
for Pb and Zn. Metal-treated plants in both controlled and natural environments showed a decrease in
reflectance at 850 nm, 1,650 nm and 2,200 nm and an increase at 660 nm. Metal concentration in the
soil has strong negative correlations to reflectance at 1,650 nm and 2,200 nm and strong positive
correlations at 660 nm [9].
More recently, much work has been done on the spectroscopy and hyperspectral image analysis of
mine wastes and the acidic, mineral and metal content of those wastes waters and precipitates. Many
mining areas in both the eastern and western portions of the United States have been mined for coal,
gold, silver, lead and zinc, often leaving waste rocks and tailings rich in pyrite and other sulfides, as
well as arsenic, lead and other heavy metals, many of which meet the criteria for hazardous waste [23,24].
Acidic water, the result of sulfide oxidation, can precipitate a large variety of secondary Fe-bearing
minerals whose pH is typically near-neutral or highly acidic depending on a number of oxidation
and/or moisture-related variables. Both field and imaging spectroscopic analysis has the ability to
identify specific minerals and their relative acidity.
In several key papers from 2001 to 2004, several researchers in The Netherlands successfully
demonstrated the use of spectroscopic techniques for indentifying heavy metal and hydrocarbon
contamination in river floodplains [25-28]. Kooistra et al. [27] and Clevers et al. [28] showed that the
spectral response of vegetation reflectance could be used to establish quantitative relationships with
elevated heavy metal contamination of Ni, Cd, Cu, Zn and Pb in the soil.
Rosso et al. [29] showed that the spectral characteristics of marsh vegetation stress were
significantly correlated with symptoms of cadmium and lightweight petroleum contamination, and had
a distinct signature for both types of contaminants. Schuerger et al. [30] modeled zinc stress in bahia
grass in controlled conditions and showed that NDVI and several other vegetation indices could be
used to model zinc stress at certain levels. Sridhar et al. [31] exposed Pteris vittata ferns to arsenic and
chromium soil contamination in a controlled environment and found that a unique ratio of R1110/R810
monitors structural changes in the fern due to Cr accumulation was not as successful in the As treated
ferns. This study suggests that the infrared reflectance spectrum in the 800 – 1,300 nm range may
provide a unique, non-intrusive monitoring method to access the physiological status of plants grown
in heavy metal-contaminated soil.
2.3. Arsenic and Arsenic Phytoremediation
Arsenic is a major contamination problem around the world. It is a naturally occurring element that
has been known to be highly toxic to human health since Greek times. Arsenic is toxic at very low
doses and the current EPA action level for arsenic removal from soil is only 43 parts per million (ppm)
(CERCLA 1980 [32]). Although it has been used throughout history in various medicinal purposes, it
is generally associated with its toxicity and killing powers, having gained nicknames like “the
inheritance powder” in France and has been one of the most popular substances used in malevolent

Remote Sens. 2009, 1

649

poisonings up through the 19th Century [33]. Arsenic is a by-product of many mining processes and
has been used extensively in pesticide industry and, until recently, was used widely as a wood
preservative [34].
Although it is often associated with heavy metals, Arsenic is classified as a transition element and a
metalloid, reflecting the fact that it commonly forms complexes with metals. It also readily reacts to
form covalent bonds with carbon, hydrogen and oxygen. Because of these chemical properties, arsenic
readily bonds to soil, especially soils that contain iron.
Arsenic is a major contaminant of soils and waters in the United States and other countries.
Contamination of surface water, ground water, and drinking water by arsenic poses significant health
risks to humans and animals. Arsenic is a known carcinogen and mutagen, is detrimental to the
immune system, and contributes to skin, bladder, and other cancers [35]. According to the U.S.
Geological Survey, in 24% of the counties in the United States where data are available, at least 10%
of samples have arsenic concentration in water exceeding 10 parts per billion (ppb), the World Health
Organization’s arsenic limit in drinking water [36]. Approximately 6% of the US small public watersupply systems had water arsenic concentrations exceeding 10 ppb, and 1% of such systems had
concentrations exceeding 50 ppb, the current US maximum limit of arsenic in drinking water [36]. In
some parts of the world, arsenic occurs naturally in groundwater. For example, a recent survey
indicates that 80% of total area, and 40 million people, are at risk of arsenic poisoning in Bangladesh,
where more than 7,000 patients are seriously affected by arsenic in drinking water [37].
Arsenic is a naturally occurring element in rocks, soils, and the waters in contact with them. Before
1968, inorganic forms of arsenic were used extensively in agriculture as insecticides and herbicides.
Frequent application at high rates of these chemicals caused significant arsenic accumulation in
orchard soils. Inorganic forms of arsenic have since been replaced with organic forms because of their
reduced phytotoxicity and overall environmental burden. However, excessive additions of any arsenic
compounds can cause pollution of nearby ground and surface waters [38]. Arsenic concentrations as
high as 500 mg/kg have been reported in soils having a history of arsenic pesticide or herbicide
applications. Such arsenic contaminated soils become a source of contamination in surface water,
ground water, and drinking water. Fugitive environmental arsenic is still produced today as a result of
various mining, industrial and manufacturing operations [34].
Phytoremediation is the process of removing contaminants from the environment using plants. In
general, when plants uptake water and nutrients from the soil, they also sometimes uptake hazardous
chemicals or metals where they are stored in the plant tissues, reduced to less dangerous forms or
changed into gases and released into the air.
Plants can also aid cleanup by sorbing hazardous materials to their roots or reducing chemicals to
less dangerous forms as a result of microbial or bacterial action from the plant roots [39].
Phytoremediation is most often used to remove contaminants from soils, but has also found
applications in air and for groundwater [39-41] is an attractive alternative to conventional soil removal
and replacement techniques because it is a natural process that does not disturb the landscape, it does
not potentially expose workers to dangerous substances, and, it is generally much more cost-efficient [39].
In 2001, the Chinese Brake Fern (Pteris vittata) was shown to hyperaccumulate inorganic arsenic in
soils [1]. Although there are other plants that are known to hyperaccumulate metals, the Chinese Brake
is the first embryophyte (land plant) to hyperaccumulate arsenic and store it in the leaf cells and with
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its relatively large biomass, it instantly became a model for phytoremediation of one of the world’s
major soil contaminants [42]. Since the original discovery of the Chinese Brake Fern, several other
ferns from the Pteris family have also been found to be hyperaccumulators of inorganic arsenic [4].
3. Materials and Methods
3.1. Plant and Soil Conditions
In order to identify any potential spectral signature, index, shift or other spectral observable that
was linked to, and was predictive of, arsenic stress and/or arsenic uptake during phytoremediation, two
arsenic-hyperaccumulating varieties of Pteris ferns (Pteris cretica mayii and Pteris multifida) and
common Boston fern (Nephrolepis exaltata), used for control, were grown in a controlled laboratory
environment under contract to Edenspace Incorporated (Chantilly, Virginia), the holder of the patent
on phytoremediation of arsenic with ferns.
Figure 2. The ferns used in this experiment: A) Pteris cretica mayii, B) Pteris multifida,
C) Nephrolepis exalta, D) all ferns growing in the greenhouse. Figures A, B and C used by
permission of Heaton’s Nursery, Australia.

From April to October 2004, 300 individual ferns were grown in soils amended with varying levels
of sodium arsenate to achieve five general soil concentrations of arsenic from 0 to 200 ppm [43]. See
Figure 2. Plants were harvested every four weeks, dried and sent to a commercial chemistry laboratory
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for analysis of total metals. Spectral reflectance data were collected with an Analytical Spectral
Devices (ASD, Boulder, Colorado) Full Range spectrometer for each plant just prior to harvest.
Twenty individual sporelings from each variety were transplanted in 10 cm pots of each of five soilarsenic concentrations. The soil consisted of clean, homogeneous sand spiked with sodium arsenate to
achieve approximate concentrations of 0, 20, 50, 100 and 200 ppm. The sand was limed to achieve a
neutral pH of 7 and fertilized to 100 ppm nitrogen, 50 ppm phosphorous and 100 ppm potassium plus
other micronutrients. The soil medium was equilibrated for two wetting and drying cycles to
homogenize the arsenic and fertilizer mixtures. Weekly fertilizer supplements were provided using a
0.025-0.025-0.025 (Nitrogen-Phosphorous-Potassium plus micronutrients) solution applied as part of
the regular watering schedule [43]. Samples from each of the five concentration batches were collected
for laboratory analysis by USEPA 3050 method for total metals [44]. The analysis showed final,
pre-concentrations of < 2.5, 18, 34, 64 and 183 ppm, respectively [43]. As a final test, spectra were
collection from ferns being utilized in a phytoremediation field test and evaluated using laboratory
analysis and the models developed to predict arsenic concentration.
3.2. Spectral and Chemical Data Collection
Four replicates of each fern and arsenic soil concentration were harvested on a four week schedule
between weeks 4 and 20. Reflectance spectra of ferns were collected just prior to each four week
harvest using the ASD full range (400 – 2,500 nm) spectroradiometer. This instrument utilizes grating
prisms, three separate detector arrays and fiber optics to collect reflected energy in the 400 – 2,500 nm
range, known as the “solar reflected” part of the EMS. The spectral resolution of this instrument is 1 nm. A
Dell Latitude C640 laptop computer was connected to the spectrometer and used to execute the
spectral collection instrument software. The fiber optic cable of the spectrometer is housed in a pistol
grip assembly and mounted on a standard camera tripod to be perpendicular to the target. Spectra were
calibrated against a white Spectralon surface and processed according to standard techniques [45]. A
Lowell lamp was used as a light source for all spectral collections and was mounted on a 60 degree
angle to the spectral target. See Figure 3.
Figure 3. Spectral data collection in the laboratory.
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Spectra for each individual fern in each of the three species was summarized in spreadsheets
showing the laboratory control values, plant dry weight, arsenic concentration, arsenic content in
plants and the 2,151 spectral values representing 1 nm wavelength increments of the solar visible
wavelength range of 350 – 2,500 nm.
Four replications of each fern variety were harvested at 4-week intervals after transplanting for a
total of 20 weeks (4, 8, 12, 16 and 20 weeks). The plants were harvested by cutting the above ground
material 2.5 cm above the soil surface. The vegetation samples were oven dried at 85 °C for 24 hours
and the dried samples were weighed and shipped to a commercial laboratory and analyzed for total
metals by Inductively Coupled Plasma / Atomic Emission Spectroscopy (ICP/AES) methods.
3.3. Statistical/Analytical Techniques: PLS and SLR
The statistical analysis of the relationship between the spectral reflectance of the ferns and their
corresponding biomass arsenic concentration were conducted with three statistical methods including
simple correlation analysis and two multivariate techniques; partial least squares (PLS) regression and
stepwise linear regression (SLR). All statistical analyses were conducted with SAS, version 9.0 (The
SAS Institute, Apex, NC, USA) software. For each spectral collection, PLS and SLR techniques were
investigated for the raw reflectance and both the first and second derivatives. Because of the highly
correlative nature of hyperspectral data, analysis presents special statistical problems with
autocorrelation and these two statistical techniques, PLS and SLR, have emerged in the literature as
successful approaches for the analysis of hyperspectral data, especially as it relates to
vegetation [27,46,47]. These methods were used to develop linear and predictive models of the
relationship between plant reflectance and plant arsenic concentration.
The analysis of spectra reflectance data presents unique problems for standard multivariate
techniques because of the large numbers of independent variables (>1,500 spectral bands) and the
highly correlated nature of those variables, which stems from the fact that each individual spectral
band is only 1 nm away from the spectral bands above and below it. The result is that each spectral
band records an energy pattern that is very similar to its neighboring bands and is thus highly
correlated. Highly correlated independent variables create a condition known as collinearity, which
violates the assumptions of linear regression. To develop a predictive and effective linear model,
variables must be independent. The overall result of a collinearity condition is that correlated
independent variables have unstable coefficients, and although the model developed may have a high
R2 value and low residuals, it will perform poorly outside of the immediate data set that was used to
develop it.
Partial least squares was first introduced by Swedish mathematician Herman Wold [48] as an
exploratory analysis technique in the field of econometrics and was specifically designed to help
researchers in situations of small, non-normally distributed data sets with numerous but highly
correlated explanatory variables. General PLS and all of its variants consist of a set of regression and
classification tasks as well as dimension reduction techniques and modeling tools. Sometimes called a
“soft” modeling technique, the strength of PLS resides in its relaxation, or “softening” of the
distribution, normality and collinearity restrictions that are inherent in standard multiple linear
regression techniques [49].
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The underlying assumption of all PLS methods is that the observed data are generated by a system
or process which is driven by a small number of latent (not directly observed or intuitive) variables.
Projections of the observed data to its latent structure by means of PLS is a variation of principal
component analysis (PCA). PLS generalizes and combines features from PCA and multiple regression
and is similar to Canonical Correlation Analysis (CCA) in that it can also relate the set of independent
variables to a set of multiple dependent response variables and extract latent vectors with maximum
correlation [50,51].
PLS is one of a number of covariance-based statistical methods which are often referred to as
structural equation modeling or SEM. Also known as a “latent variable” approach to modeling the
covariance structures, the PLS model attempts to find the multidimensional direction in the X space
that explains the maximum multidimensional variance direction in the Y space. According to its
developer, Herman Wold, the term “PLS” is also and more correctly termed “Projection to Latent
Structures” [52,53]. Wold’s son, Svante, has been largely responsible for the development and
widespread use of PLS methods in the field of chemometrics and chemical engineering [54]. PLS
techniques have been successfully applied to industrial process control [55,56]. It has also been used
successfully in the study of spatial pattern analysis of imagery of human brain functions [57,58]. More
recently, in the field of landscape ecology, PLS has been used to describe how structural variation in
landscape metrics are related to biological and chemical properties of surface water [59].
PLS is also used as an exploratory/data mining and analysis tool in remote sensing. As a relatively
new technique, the full utilization of PLS is still evolving but it is clear that it has a major application
in several types of spectral, remote sensing analyses, due to the large numbers of potential predictive
variables and the highly correlated nature of hyperspectral reflectance and hyperspectral imaging data.
Kooistra and others used two spectral VIs, the Difference Vegetation Index (DVI) and the Red Edge
Position (REP), along with PLS regression to predict the level of metal contamination in the soil based
on the spectral reflectance of grasses [27].
The overall goal of PLS processing of spectral data in this study is the reduction of 2,151 variables
(bands 350-2,500) down to a manageable number of variables (~100) that have a high probability of
significance in a predictive model. The PLS regression produces a number of significant factors using
a “leave-one-out” cross-validation method [60]. At several stages in the PLS process, diagnostic
checks are performed, sometimes graphically, to help isolate variables for deletion in the model that do
not have any significant predictive value or are outliers. The end result of a PLS run is a Variable
Importance for Projection (VIP) table. The VIP represents the value of each variable in fitting the PLS
model for both predictors and responses. The VIP for each factor is defined as the square root of the
weighted average times the number of predictors. If a predictor has a relatively small coefficient (in
absolute value) and a small value of VIP, then it is a prime candidate for deletion [60].
Variables with VIP values less than 0.8 and outliers are dropped from the variable list. The VIP
table results are then typically divided into four to nine groups. The PLS analysis process is then
repeated on the individual groups of variables. Typically the process is iterated two to five times until
a manageable subset of variables can be identified based on the top VIP scores in each group and some
a priori knowledge of the process being modeled. PLS can itself be used to construct a predictive
model but has some drawbacks. One of the strengths of PLS is its relaxation of collinearity and
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distribution assumptions but this also can result in a set of collinear or redundant independent
variables. Also, the best combinations of variables are not necessarily reflected in the VIP table values.
In spectral applications, a common practice is to take the final subset of variables and then place
them into a SLR model. The stepwise method is a modification of the forward variable selection
technique and differs in that variables already in the model do not necessarily stay there. A SLR model
computes the F-statistic for each variable and contains parameters for significance levels for variables
to ENTER and to STAY in the model. The SLR process computes all possible combinations of linear
variables and ends when none of the variables outside the model has a significance (p-value) at or
below the ENTRY level and every variable in the model is significant at the STAY level. Using these
sigma-restricted parameterization and general linear model methods, the SLR process simply regresses
all possible combinations of input variables and returns the model with the best regression coefficient
and the lowest residuals [59].
This combination of PLS and SLR techniques was the primary analytical method used to develop
predictive models of arsenic concentration in plants from spectral reflectance data. Analysis was
conducted for all three fern species and the PLS procedure was used to reduce the number of potential
predictive variables. These variables were input into a SLR model which then developed and
optimized a linear regression model.
3.4. Statistical/Analytical Techniques: Derivative spectra
One of the key concepts in the analysis of spectral phenomena is the ability to extract hidden
absorption and reflectance features based on the use of derivative functions of the polynomial spectral
curve. In situations where the expression of vegetation stress or arsenic uptake may be only a very
subtle spectral feature, derivatives can play a critical role in isolating and identifying those types of
subtle, but critical features. The derivative is a basic concept from calculus that is defined as the
limiting value of the rate of change of a process. At any point on a curve, the y value is changing with
respect to x and the derivative is often defined, in its simplest terms as the change in y over the change
in x, or Δy/Δx. In spectroscopy, the derivative is often defined as ΔR/Δλ, where R is the reflectance
and λ is a specific wavelength. The ΔR/Δλ function is often called the first derivative and subsequent
or higher derivatives are created from simply repeating the process.
Many researchers have utilized derivatives to bring out useful features in spectral analyses.
Martin et al. [61] used the first difference spectra of forest canopies to identify species based on the
specific patterns of nitrogen and lignin concentrations in the leaf. Chen et al. [62] used derivative
reflectance spectroscopy to estimate suspended sediment concentrations and found that the derivative
relationship was much less affected by environmental/atmospheric variables than the direct spectra
record. Demetriades-Shah and others [63] showed that derivative spectral indices were superior to
broad-band measures, such as NDVI, for monitoring chlorosis in vegetation. Tsai and Philpot [64]
showed that derivatives could be used to minimize the effects of atmospheric conditions. Derivatives
have been used extensively in analytical chemistry to reduce the effects of background noise and
resolve overlapping spectra. The first derivative has often been used to isolate the specific Red Edge
inflection point in vegetation spectra [18]. Wessman and others [65] and Yoder and Pettigrew-Crosby [66]
used the first derivative of hyperspectral reflectance data to investigate canopy chemistry such as
nitrogen and lignin.
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Derivatives of a second order or higher can be valuable for analysis of hyperspectral remote sensing
data because they are relatively insensitive to variations in illumination, sun angle, cloud cover and
topographic shadow [63]. Kosmas et al. [67] used the second derivative of reflectance spectra for the
analysis of iron oxide minerals. Adams and others [68] developed a yellowness index as a measure of
chlorosis, which approximated the second derivative and correlated well with NDVI measurements
from Advanced Visible InfraRed Imaging System (AVIRIS) data. Chen et al. [69] developed a
derivative-based green vegetation index (GVI) that showed a greatly enhanced ability to estimate
green cover levels and minimize the effect of background noise. All spectra are essentially sets of x, y
pairs that represent energy interactions against some scale of magnitude. For imaging spectroscopy
applications, the x variable is wavelength and the y variable is radiance or percent reflectance. Dixit
and Ram [70] defined the first order derivative as the change in y over the change in x, or simply,
Δy/Δx, and can be computed for spectral data with the formula:
Δy/Δx = (yi-1 – yi) / (xi-1 – xi)

(1)

that determines the complete first derivative when applied to all the pairs in the spectra. The same
formula, when applied to the results of the first derivative, results in the second derivative and so on.
Analysis of derivative data can be approached in much the same way as direct spectral
measurements. Values for specific band locations, such as R680 can be calculated for the first-,
second- and nth-order derivatives. Also, spectral features of the derivative graph, such as the
wavelength maximum and minimum reflectance can be evaluated. The spectral effects of arsenic on
cover vegetation and in the phytoremediation applications are generally unknown and the use of
derivatives, along with statistical tools, may help to isolate, or even quantify, the level of arsenic
exposure and/or uptake. Derivatives were employed in the analysis of the spectral data for the arsenic
accumulating and control ferns in this study.
4. Results
4.1. Plant Growth and Arsenic Uptake
Plant growth in soils contaminated with arsenic is generally inhibited and the effects range from
depressed biomass production to extreme toxicity [71]. The Nephrolepis exaltata control fern showed
moderate to severe symptoms of phytotoxicity, including chlorosis, diminished growth, leaf necrosis
and plant death and these symptoms increased with the soil arsenic concentration and were evident
early in the study at eight weeks (see Figure 4). The Pteris ferns also showed a pattern of decreased
biomass as arsenic concentrations increased but did not display the same severe symptoms of
phytotoxicity. In all ferns, there was a general inverse relationship between the soil arsenic
concentration and the plant biomass at harvest. See Figure 5. Tables 1, 2 and 3 show the results of the
chemical analysis for arsenic for each of the three fern species over the entire study period. The tables
include the Standard Error (SE) of the measurement as well as the bioconcentration factor (Plant As/
Soil As).
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Figure 4. Soil arsenic concentration and plant biomass. Nephrolepis exaltata ferns at
8 weeks in soil/arsenic concentrations of (from left to right) 0, 20, 50, 100 and 200 ppm
showing the general effects of increasing soil arsenic on plant growth.

Figure 5. Arsenic concentration vs dryweight. The general relationships between arsenic
and plant biomass for the non-accumulating control fern, Nephrolepis exaltata and for the
two hyperaccumulating Pteris species. Even though the different species react differently,
eventually arsenic is a stressor for all the ferns.

Both Pteris ferns displayed significant uptake of arsenic at the first 4-week harvest and consistently
throughout the study. In the 200-ppm soil concentration, the control fern Nephrolepis exaltata showed
significant concentrations of frond arsenic beginning at the 8-week harvest and through the rest of the
study. However, as the Nephrolepis exaltata fern was generally displaying symptoms of phytotoxicity
at the 200 ppm soil concentration, the plant arsenic concentrations are probably due to processes and
effects other than uptake alone. Figures 6, 7 and 8 show the arsenic concentration and total arsenic
removed for each fern species.

Remote Sens. 2009, 1
Figure 6. Arsenic uptake summary for Nephrolepis exaltata. Arsenic concentration and
content in the control fern Nephrolepis exaltata. One of the surprising results was the
consistently high frond arsenic concentrations of Nephrolepis exaltata ferns grown in the
200 ppm arsenic/soil concentration. Whiskers show the standard error. Table 1 lists uptake
values by week and soil concentration.
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Table 1. Summary Results for Arsenic Uptake in Nephrolepis exaltata. SE is the standard
error. Soil As lists predicted concentration and actual concentration in parentheses.
Plant
Species
Nephrolepis
exaltata

Soil As
(ppm)
0

Harvest
Week
4
8
12
16
20

Frond
As (ppm)
ND
ND
ND
ND
ND

SE

SE

NA
NA
NA
NA
NA

Biomass
(g DW)
2.29
4.32
6.46
9.22
9.21

0.91
1.70
0.61
1.54
1.83

Bioconc
Factor
NA
NA
NA
NA
NA

20
(18)

4
8
12
16
20

33
33
28
67
19

14
12
4
25
9

1.56
3.01
5.38
4.66
5.08

0.50
0.38
0.49
1.23
0.76

1.83
1.83
1.56
3.72
1.06

50
(34)

4
8
12
16
20

64
143
78
181
241

27
74
27
132
151

1.90
2.72
4.82
3.29
3.20

0.77
0.66
0.73
1.04
1.50

1.88
4.21
2.29
5.32
7.09

100
(64)

4
8
12
16
20

508
649
509
467
1422

694
457
152
364
700

1.34
1.45
2.57
2.59
1.22

0.44
0.64
1.05
1.18
0.37

7.94
10.14
7.95
7.30
22.22

200
(183)

4
8
12
16
20

248
5695
4920
5179
4036

70
3532
4938
6872
2605

1.54
0.36
1.01
0.57
2.35

0.36
0.15
0.42
0.06
3.78

1.36
31.12
26.89
28.30
22.05

Remote Sens. 2009, 1
Figure 7. Arsenic Uptake Summary for Pteris cretica mayii. Arsenic concentration and
content in the arsenic-hyperaccumulating fern Pteris cretica mayii. Peak concentration and
content were observed after 16 weeks and, in several cases, Pteris cretica mayii seemed to
accumulate more arsenic from the 100 ppm concentration than the 200 ppm concentration.
Table 2 lists uptake values by week and soil concentration.
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Table 2. Summary Results for arsenic uptake in Pteris cretica mayii. SE is the standard
error. Soil As lists predicted concentration and actual concentration in parentheses.
Plant
Species
Pteris
cretica
mayii

Soil As
(ppm)
0

Harvest Frond
Week As (ppm)
4
ND
8
ND
12
ND
16
ND
20
ND

SE

SE

NA
NA
NA
NA
NA

Biomass
(g DW)
4.99
5.14
7.37
6.86
6.37

1.59
2.30
2.17
1.17
2.01

Bioconc
Factor
NA
NA
NA
NA
NA

20
(18)

4
8
12
16
20

887
1326
743
1025
670

400
577
405
370
76

4.57
5.04
5.70
6.07
6.06

0.60
2.18
0.92
2.01
2.01

49.28
73.67
41.28
56.94
37.22

50
(34)

4
8
12
16
20

1157
1625
2359
2806
1868

959
749
589
1193
620

5.40
4.91
4.37
5.72
6.06

1.64
0.87
0.45
2.63
1.57

34.03
47.79
69.38
82.53
54.94

100
(64)

4
8
12
16
20

2725
3463
4138
5584
3792

1071
574
401
1322
350

3.54
5.71
4.56
5.54
3.99

2.17
1.58
1.27
1.86
1.05

42.58
54.11
64.66
87.25
59.25

200
(183)

4
8
12
16
20

3428
3727
4894
4436
4009

398
490
329
605
264

3.55
3.76
5.14
5.46
3.77

1.64
0.22
1.22
2.58
1.14

18.73
20.37
26.74
24.24
21.91

Remote Sens. 2009, 1
Figure 8. Arsenic Uptake Summary for Pteris multifida. Arsenic concentration and content
in the arsenic-hyperaccumulating fern Pteris multifida. Peak concentration and content
were observed between eight and 12 weeks and, like, Pteris cretica mayii accumulated
more arsenic from the 100 ppm concentration than from the 200 ppm concentration in
some cases. Table 3 lists uptake values by week and soil concentration.
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Table 3. Summary Results for arsenic uptake in Pteris multifida. SE is the standard error.
Soil As lists predicted concentration and actual concentration in parentheses.
Plant
Species
Pteris
multifida

Soil As
(ppm)
0

Harvest Frond
Week As (ppm)
4
ND
8
ND
12
ND
16
ND
20
26

SE

20
(18)

4
8
12
16
20

50
(34)

100
(64)

200
(183)

SE

NA
NA
NA
NA
13

Biomass
(g DW)
4.19
5.00
7.07
6.62
6.11

Bioconc

0.86
0.49
1.86
2.45
3.17

NA
NA
NA
NA
NA

1097
1322
837
1053
843

376
189
289
363
155

5.59
6.30
7.66
8.46
12.67

2.15
1.63
1.35
3.38
3.01

60.94
73.44
46.50
58.50
46.83

4
8
12
16
20

2415
3189
3095
2702
1830

292
677
787
623
549

5.29
6.77
6.21
6.04
8.09

0.90
1.23
0.88
0.56
2.09

71.03
93.79
91.03
79.47
53.82

4
8 3
12
16
20

3684
659
4079
4058
3498

592
1098
780
1898
753

4.38
5.53
6.13
6.24
6.28

1.50
1.00
1.83
1.42
0.78

57.56
57.17
63.73
63.41
54.66

4
8
12
16
20

3790
5510
4723
3707
4441

1138
1675
1074
1025
736

4.52
6.29
7.81
7.87
4.29

1.40
1.45
3.42
2.96
1.67

20.71
30.11
25.81
20.26
24.27

Factor

The Pteris ferns are known to concentrate arsenic in the fronds and the harvested frond arsenic
concentrations generally correlated with the soil arsenic concentration for both Pteris multifida (r2 = 0.55)
and Pteris cretica mayii (r2 = 0.57). There were some notable exceptions. Pteris cretica mayii, at the 8week and 16-week harvests, and the Pteris multifida at the 16- and 20-week harvests, both show that
either arsenic concentration or total arsenic was higher at the 100 ppm soil level than the 200 ppm
soils, suggesting that there may be an upper boundary for soil arsenic concentrations and conditions
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between 100 ppm and 200 ppm and that there are species-specific differences in uptake rate and
tolerance between Pteris species. On the final fern harvest at 20 weeks, the roots of the ferns were also
collected and tested for arsenic concentration using the same methods as the fronds. Results showed
that Nephrolepis exaltata, Pteris cretica mayii and Pteris multifida had root arsenic levels of 154 ppm, 701
ppm and 776 ppm respectively. The root/frond distribution of arsenic in the Pteris species is consistent
with previously published results [3,6,72]. One of the working definitions of a hyperaccumulating
plant is the ability to rapidly trans-locate a metal or metalloid from the roots to the above ground
biomass.
4.2. Summary of Greenhouse Results
Although previously reported by Wang et al. and Wei and Chen [4,6] this study reconfirms that
Pteris cretica mayii and Pteris multifida are arsenic hyperaccumulators. Both Pteris ferns achieved
frond arsenic concentrations in excess of 5,000 ppm with no visual phytotoxic effects, although
decreased biomass was observed at the 200 ppm soil arsenic level. The Pteris multifida ferns removed
more arsenic than the Pteris cretica mayii ferns. The maximum level of frond arsenic concentration
was achieved at eight weeks for Pteris multifida and at 16 weeks for Pteris cretica mayii suggesting
individual species differences in arsenic uptake. Also, at several harvests, both species showed that the
maximum concentration of frond arsenic and/or the maximum total arsenic was higher in the 100 ppm
soil arsenic category than in the 200 ppm soil arsenic category, suggesting that there may be a upper
limit for optimal arsenic hyperaccumulation for both species in the 100 ppm to 200 ppm soil arsenic
concentration range. Even though there was significant uptake of arsenic by both Pteris ferns, they still
were negatively affected by arsenic uptake and there was a general negative relationship between fern
biomass (dry weight) and frond arsenic concentration.
Separate test for significance were conducted for the overall data set and for between species
differences. In the overall data set, dryweight was signficant with soil arsenic and harvet week (p < 0.01)
but not signficant with the arsenic uptake level (frond_arsenic) even at the p < 0.05 level. Frond
arsenic was signficant in the overall data set with soil arsenic, species, and dryweight, (p < 0.01), but
not with the harvest week. In the individual species data sets, dryweight was significant with soil
arsenic only (p < 0.01), for all three species but was not signficant with any other variable for any
species. For the indivudal species, frond arsenic was significant with soil_arsenic for all three species
but not significant with harvest week or dry weight for any of the three species at the 95% or 99%
confidence interval.
The control fern Nephrolepis exaltata displayed symptoms of stress and phytotoxicity in soil
arsenic levels of 100 ppm or greater throughout the 20-week study with the level of severity directly
related to the level of soil arsenic. Significant concentrations of arsenic were detected in the fronds of
Nephrolepis exaltata growing in the 200 ppm soil arsenic concentration but with decreased biomass
and with extreme phytotoxic effects. There was a significant inverse relationship between frond
arsenic and biomass yield in the highest two soil arsenic concentrations (R2 = 0.48, p = 0.004). One
important result for Nephrolepis exaltata was the frond arsenic concentrations at the 200 ppm soil
arsenic level. At eight weeks and to the end of the study Nephrolepis exaltata had arsenic
concentrations in excess of 4,000 ppm. It is important to note that the biomass yields of these ferns at
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this level were very low as they were near biological death. It is likely that the high arsenic
concentrations were not related to an uptake process as in the Pteris ferns but rather other processes
such as the fronds coming in direct contact with the soil due to osmotic stress and loss of turgor
pressure [73].
4.3. Spectral Analysis Results
As an initial data mining step, the spectral values for each band were correlated against the known
arsenic concentration and content for each plant. Figure 9 shows the results of this analysis for all three
fern species. Although none of the correlation coefficients show a strong relationship, it is still evident
that there is a pattern between plant arsenic and average spectral reflectance/wavelength that is likely
related to basic photosynthetic processes. Several key peaks and valleys in this spectral range are
located in areas of known plant phenomena.
The fern that was most efficient at arsenic uptake, Pteris multifida, shows the least amount of
spectral variation and Nephrolepis exaltata, the non-accumulating fern, shows the greatest amount of
spectral variation. Each of the ferns shows a negative correlation in the area of 530 nm (green
reflectance peak) and a positive correlation at 680 nm (red light absorption). Other spectral areas of
potential interest include a trough at 750 nm, commonly referred to as the “Red Edge” and related to
plant stress. Shoulders near 980 nm and 1,180 nm are likely related to leaf or atmospheric water. Peaks
near 1,460 nm and 1,950 nm probably also relate to atmospheric water vapor absorption and the trough
at 1,685 nm could potentially be related to nitrogen or proteins containing nitrogen.
A second basic data visualization technique is shown in Figure 10 that displays the extreme arsenic
exposure over time and the resulting spectra. The average spectra of four replicates for each species is
displayed at 4 weeks in the 0 ppm soil arsenic, at 12 weeks in 50 ppm soil arsenic and at 20 weeks in
200 ppm soil arsenic. These three collections of spectra generally show the entire range of change
effects that have occurred with arsenic exposure. Distinct patterns are evident in all three fern species.
These include changes in the green peak around 560 nm, changes in the red absorption trough at
680 nm and loss of the infrared shoulder around 750 nm. Other potential diagnostic features include
peaks at 1,120 nm, 1,310 nm, 1,685 nm, 1,860 nm, 2,020 nm and 2,230 nm and absorption features at
1,150 nm, 1,200 nm, 1,460 nm, 1,685 nm, 1,940 nm and 2,170 nm.
PLS and SLR techniques were used to develop models of arsenic uptake in plants from the raw
reflectance, and the first and second derivative data sets. The different models developed for the
Reflectance, first and second derivative data are shown in Figure 3. The first derivative models for
both Pteris ferns showed the best R2 and RMSE results and are listed in Table 4. It is of note that
different sets of band combinations were selected for each fern and indicate that there is probably a
species-specific type relationship as was also suggested in the basic uptake results.
It is likely that leaf structure and bi-directional reflectance may play an important role in band
selection. Pteris cretica mayii has a broader, flatter leaf structure and for this fern, the band selection
in the green (band 555), red (bands 631, 687), red-edge (band 749), near-infrared (band 998) and
short-wave infrared (bands 1448, 1644 and 2184) parts of the spectrum occur in regions that could be
reasonably expected from the basic data mining techniques shown in Figures 10 and 11.

Remote Sens. 2009, 1
Figure 9. Wavelength - arsenic correlations. The first data visualization investigates the
correlation between the average spectral reflectance and arsenic concentration and content,
thus showing the areas of the spectrum that might yield information about the levels of
arsenic in the plant.
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Figure 10. Spectral changes over time. A second data visualization technique plots the
extremes of spectral variations of all three fern species; 0 ppm arsenic at 4 weeks, 50 ppm
arsenic at 12 weeks and 200 ppm arsenic at 20 weeks. Distinct changes are evident.

Pteris multifida, with a long and thin leaf structure (see Figure 2) and a more textured canopy
reflectance surface also selected bands in the green (band 543) and the red-edge region (band 956) but
nothing in the photosynthetic red region. Similar to Pteris cretica mayii, one band was selected in the
near-infrared (band 956) and the rest in the short-wave infrared (bands 1174, 1888, 2140 and 2331).
In Pteris cretica mayii, it is clear that some interaction with the photosynthetic process is important
to the presence and uptake of arsenic while this is totally absent from Pteris multifida. Both ferns
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showed the importance of both a green band and the red-edge and this is consistent with previous
worked demonstrated by Reusen et al. and Cleavers et al. [28]. Bands at 1448, 2140 and 2331 likely
relate to lignin.
Table 4. Linear Models for Predicting Arsenic Concentration from Spectral Data.
Nephrolepis exaltata
Model:
as_conc = 2693.1 + (92.47 * Band_736) + (168.32 * Band_2360)
linear equation / R2

Reflectance
y = 0.0915x / 0.47

Pteris cretica mayii
Reflectance
Model:
as_conc = 2260.3 − (411.59 * Band_548) + (384.17 * Band_679) −
(99.2 * band_1894) + (115.92 * Band_1689)
linear equation / R2
y = −0.273x + 3507.4 / 0.02
Pteris multifida
Model:
as_conc = 1781.6 − (351.9 * Band_621) + (64.75 *
Band_1190) – (252.25 * Band_2283)
linear equation / R2

Reflectance

y = 0.0851x + 2847.2 / 0.05

Nephrolepis exaltata
First Derivative
Model:
as_conc = 547.06 − (65.629*Band_463) − (39.552*Band_558) +
(24.748 * Band_654) − 13.436*Band_818) + (161.49*Band_946) –
(15.152*Band_2143)
linear equation / R2
y = x − 0.006 / 0.64
Pteris cretica mayii
First Derivative
Model:
as_conc = 2987.4 + (18253*Band_555) + (17774*Band_651) − (2528.1*Band_687) +
(12983*Band_749) + 2982.8 * Band 998) + (25982*Band_1448) ) − (14641*Band_1644) +
(3616.1 * Band 2184)
linear equation / R2
y = 0.7953x + 575.2 / 0.75
Pteris multifida
First Derivative
Model:
as_conc = 841.46 + (22497*Band_543) − (13603*Band_956) +
(3007.4*Band779) + (24604*Band_1174) + (3007.4*Band_2140)
+ (3040.5 *Band 1888) – (905.68*Band_331)
linear equation / R2
y = 0.7208x + 852.7 / 0.59
Nephrolepis exaltata

Second Derivative

Model:

as_conc = 2562.4 + (12.137*Band_910) − (77.202*Band_1903) + 59.657 * Band_1686) +
(65.629*Band_1037) + (6.8793*Band_2048)
linear equation / R2
y = 0.0013x + 1020 / 0.01

Pteris cretica mayii
Second Derivative
Model:
as_conc = 2208.6 + (71.12*Band_1136) − (6.6254*Band_2171)
+ (27.051*Band_2184)
linear equation / R2
y = x + 0.0087 / 0.24
Pteris multifida
Second Derivative
Model:
as_conc = 2282.4 – (0.8275 * Band_1580) − (10.53 * Band_851)
+ (0.3325 * Band_1111) − (20.28 * Band_764)
linear equation / R2
y = 0.5512x + 1083.1 / 0.073
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4.4. Testing Spectral-Arsenic Prediction Models
A field test data set was utilized to test the arsenic prediction models and consisted of both field and
laboratory spectral collections not used in the original analysis. The spectra from these ferns were
input into spreadsheets and processed into reflectance and the first and second derivatives. Data from
the first and second derivatives were then used to plug into the previously developed models and to
test their predictive potential. Reasonable models and accuracies were achieved with the first
derivative data as shown in Figure 12.
Figure 12. Results of testing the arsenic prediction models on field data.
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5. Summary and Discussion
The significant outcomes of this study are results from both the greenhouse growth chamber phase
and the spectral modeling. The results of the greenhouse data confirm the fact that ferns Pteris
multifida and Pteris cretica mayii are, in fact, arsenic hyperaccumulators. Average concentrations of
frond arsenic were nearly all above 4,000 ppm for both ferns after 12 weeks in the 100 ppm and
200 ppm levels of soil arsenic. Pteris multifida was slightly more efficient at arsenic extraction than
Pteris cretica mayii with average frond arsenic concentrations of 2,976 ppm and 2,773 ppm
respectively (the average of the non-zero values in Tables 2 and 3). Pteris multifida was more tolerant
of high arsenic concentrations than was Pteris cretica mayii with average biomass yields of 6.5 g and 5.2
g respectively.
The control fern Nephrolepis exaltata displayed symptoms of stress and phytotoxicity early and
throughout the 20-week study with the level of severity directly related to the level of soil arsenic.
There was a significant inverse relationship between frond arsenic and biomass yield in the highest
two soil arsenic concentrations (R2 = 0.48, p = 0.004). One important result for Nephrolepis exaltata
was the frond arsenic concentrations at the 200 ppm soil arsenic level. At eight weeks and to the end of
the study Nephrolepis exaltata had arsenic concentrations in excess of 4,000 ppm. It is important to
note that the biomass yields of these ferns at this level were very low as they were near biological
death. It is likely that the high arsenic concentrations were not related to an uptake process as in the
Pteris ferns but rather other processes such as the fronds coming in direct contact with the soil due to
osmotic stress and loss of turgor pressure [73].
One of the unique aspects of this experiment was that the soil arsenic was prepared so as to be
highly bio-available to the ferns and both of the Pteris ferns had significant uptake of arsenic by the
first harvest at four weeks. Pteris cretica mayii continued to show increases in arsenic uptake through
harvest week 16 and then a slight decrease at harvest week 20. This is probably due, at least in part, to
environmental conditions as this part of the study extended into October and both day and night
ambient temperatures were falling. An interesting point is that Pteris cretica mayii displayed its
highest level of frond arsenic concentration and its highest level of phyto-extraction at harvest week 16
and from the 100 ppm arsenic soils, not the 200 ppm arsenic soils. Pteris multifida had its highest
concentration of frond arsenic at harvest week 8 and its highest level of phyto-extraction at harvest
week 12. This all suggests that there are species-specific differences in the uptake profile of Pteris
ferns and that specific phytoremediation applications might be developed for different ferns of the
Pteris genus.
An obvious next step would be another greenhouse uptake experiment, perhaps with Pteris ferns
that are native to a more temperate climate, in a variety of soil characteristics and with a completely
randomized statistical design. A full climate-controlled greenhouse facility would also be desirable.
Of the three forms of spectral data evaluated, reflectance, the first derivative and the second
derivative, the first derivative was the best for developing a statistical model. The reflectance data are
so highly correlated that it becomes very difficult, if not impossible, to find enough components to
build a robust and significant model that does not violate the collinearity condition of regression. The
second derivative was very noisy and in spite of several different spectral processing software
applications, is harder to calculate in reality than originally assumed. The key is in the smoothing
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algorithms that are used in spectral graph processing. Most of the literature in reflectance spectroscopy
and imaging spectroscopy suggests employing a Savitsky–Golay smoothing algorithm that performs a
local polynomial regression to determine the smoothed value for each point and offers the advantage
of preserving spectral features of the distribution such as subtle absorption features, key edges and
relative maxima and minima which are often destroyed by other smoothing techniques (Savitsky and
Golay 1964) [74].
The development of the linear models of arsenic concentration was one of the primary goals of the
study, and the results of the model development between the reflectance characteristics and the level of
frond arsenic concentration are significant because of the potential to develop a non-contact
monitoring tool for phytoremediation and in the larger context of “bio-reporting”, the use of plants to
report back important information about landscape conditions. The ability to predict soil and geologic
conditions based on vegetation spectra was first developed and explored as a form of biogeophysical
mineral exploration by Milton et al. [7] and with continuing development and deployment of
hyperspectral systems, this concept could be advanced to new capabilities.
One of the interesting results in the development of the spectral models of arsenic concentration
was the completely different set of wavelengths for each Pteris species that proved to be optimal for
prediction. The Pteris cretica models tended to use bands in the 450–700 nm range, where
photosynthetic absorption and reflectance are very pronounced and known to relate to plant
physiology. The Pteris multifida models mostly used bands in the infrared areas well beyond the range
of photosynthetic absorption. One possibility is that the bands in the near and short wave infrared
regions are related to leaf chemistry and specific chemical absorptions. For example, Kokaly and Clark
demonstrated that there were narrow infrared band centers that were related to absorptions of specific
chemical compounds [75]. Pteris models bands at 1,658, 2,088 and 2,324 nm have been shown to
relate to cellulose, nitrogen and lignin respectively.
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