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3.1 INTRODUCTION
Absolute definitions of “heavy metals” are elusive in modern science. Many different definitions have
been proposed. Some are based on density, some on atomic number or atomic weight, and some on
chemical properties or toxicity [1]. One definition holds that they are elements with a specific weight
higher than 6 g/cm3 [2]. See Figure 3.1. But no single definition fits well in modern usage. The term
“toxic metals” has become to some extent synonymous with heavy metals, but that term is equally
problematic because levels of toxicity are highly variable between different metals and vegetation
species. At best, heavy metals can be classified as a loosely defined subset of elements that exhibit
metallic properties and are toxic to living organisms at some level of concentration or exposure. The
term “heavy metals” itself has been criticized as functionally meaningless [1,3].
Metals in the environment, however, are a real concern for a variety of reasons, including their
commercial and industrial value, medicinal applications, use in agricultural chemicals, and their
toxic effects on human and ecological resources as chemical weapons or as fugitive, uncontrolled,
anthropogenic releases into the environment. Some metals, such as selenium, copper, and zinc, are
micronutrients that are actually required by most plant and animal life forms in very small doses,
while others, such as mercury and lead, are toxic and have no known benefit to living organisms.
Although the toxicity of many heavy metals can vary widely, the term has evolved to have
pejorative connotations that make it synonymous with anthropogenic pollution. Heavy metals can
occur naturally and can arise from many anthropogenic sources, such as mining and processing of
other metals, the smelting of copper, the processing of gold, steel, iron, and coal, the preparation of
nuclear fuels, and the production of industrial construction materials. In addition, many computer
parts and chips contain heavy metals or involve a production process that results in waste products
with heavy metals. Electroplating is a primary source of chromium and cadmium pollution. Arsenic
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FIGURE 3.1 The Periodic Table showing the elements generally considered heavy metals. Lanthanides and
actinides are not shown. (Modified from Shaw, B. et al. In Heavy Metal Stress in Plants: From Biomolecules
to Ecosystems, 2004; Vol. 2, pp. 84–126.71)

has been used extensively in pesticides and in wood treating [4] and, because of its toxicity, has been
used for years as a base compound for chemical warfare weapons such as Lewisite gas [5].
Hyperspectral remote sensing (HRS), also known as imaging spectroscopy, and, to a greater
extent, traditional field and laboratory spectroscopy have a long history of being used to investigate
the identification of metals and their effects on vegetation in the environment. However, fugitive
metals in the environment do not usually exist in their pure form but rather in a soil-water-vegetation
matrix as waste rock materials or sediments or as a result of soil deposition. Besides detecting
the minerals themselves, spectroscopy and imaging spectroscopy can also be used to detect the
composition and condition of vegetation, which can then be used to interpret mineral deposits or
metal composition of the soil in the area of vegetation growth. It has long been acknowledged by
scientists that a relation exists between vegetation, soils, and underlying mineral deposits [6]. In
several studies, airborne spectroscopy was used to detect “hidden” mineral deposits through forestcovered areas by revealing subtle variations in the reflected spectrum of vegetation under stress
due to the presence of heavy metals [7–10]. In addition, a growing body of spectroscopic literature
reflects increasing attention being paid to the identification of environmental hazards, many of
which are heavy metals. Another area that has received recent attention in the area of spectroscopy
of metal stress in vegetation is that of vegetation indices (VIs). This chapter reviews the scientific
background of spectroscopy and imaging spectroscopy with respect to the effects of heavy metals
on vegetation reflectance.

3.2 PHYSIOLOGY OF METAL STRESS IN PLANTS
Plants are generally more exposed to pollution risks in the environment because they are stationary
and cannot avoid interacting with environmental pollutants such as metals. Plants have evolved
various complex strategies for adapting to heavy metal pollution in soil or water media. Plants
respond to exposure to heavy metals in several different ways. Metals usually interfere with basic
plant metabolism, and enzyme activity is often negatively affected. Metals present in plant tissues
can cause plants to form chelate structures, molecules that enclose and isolate metal ions and cause
them to lose their functional properties in metabolic cycles such as the citric acid cycle.
Plants generally fall into two categories with respect to strategies for dealing with exposure to
heavy metals: accumulators uptake metal ions and process them in some manner, storing them in
internal tissues or reducing or processing them in biochemical reactions, whereas excluders generally
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TABLE 3.1
Examples of Visual Symptoms of Metals Stress in Plants
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Metal
Arsenic
Aluminum
Cadmium
Copper
Lead
Mercury
Nickel
Selenium
Zinc

Characteristics

References

Red/brown necrotic spots on old leaves, yellow/brown roots, reduced growth
Stunted growth, inhibition of root elongation, purple
Coloration, curling and yellowing of leaf tips
Brown edges to leaves, chlorosis, necrosis, curled leaves, stunted roots
Chlorosis, yellow and purple coloration, decreased root growth and leaf biomass
Dark green leaves, stunted growth, chlorosis, and blackening of root system
Severe stunting of seedlings and roots, chlorosis, reduced biomass
Chlorosis, necrosis, stunting, reduced root and leaf growth
Interveined chlorosis, black spots, bleaching and yellowing of young leaves, pink spots
on roots
Chlorosis, stunting, reduced root elongation

[36,37]
[72,73]
[74,75]
[76–78]
[79]
[80]
[81]
[17]
[82]

Source: Modified from Shaw, B. et al. In Heavy Metal Stress in Plants-from Biomolecules to Ecosystems, 2004; Vol. 2,
pp. 84–126.71

restrict the uptake of metals by preventing their uptake into plant tissues. This is often accomplished
by trapping metal ions in the cell walls of the root tissue.
Whether plants are accumulators or excluders, excess metals in the soil or in plant tissues tend
to have negative effects on plant health, growth, and biomass accumulation and can cause visual
symptoms at toxic levels. Table 3.1 shows examples of the visual injuries to various flowering plants
from metal exposure. These visual symptoms also affect the reflectance characteristics of the
typical vegetation spectra. Figure 3.2a and b show increasing visual damage to plant health and the
corresponding changes in the blue and red energy absorption troughs at 480 and 680nm, respectively,
seen as increasing reflectance and a blue shift.
Excess metal exposure negatively affects photosynthetic processes and typically induces a
general “stress” reaction in plants. In some cases, the absorbed metal ion will replace the central
magnesium atom in the chlorophyll molecule, which generally causes oxidative stress in the plant.
This substitution reduces or prevents photosynthetic light harvesting and results in a breakdown of
photosynthesis [11].
Heavy metal exposure can also interfere with plant-water relations. Metals may alter plasma
membrane properties, affect enzyme activities, inhibit root growth and elongation, affect osmotic
potential, and generally inhibit the ability of the plant to acquire water [12]. This may be manifested
as a general drought-stress response but is actually caused primarily by the interference of heavy
metals and not simply the lack of water availability.
In general, many different photosynthetic reactions and physiological processes are negatively
affected by plant exposure to heavy metals. These vary widely among different species and metals,
but in many cases both light and dark photosynthetic reactions are generally inhibited [13].

3.3 BASIC SPECTROSCOPY OF VEGETATION
Spectroscopy is the study of the interaction between energy and matter as a function of either
wavelength (λ) or frequency (v). Historically, spectroscopy referred to the use of visible light
dispersed by a prism according to its wavelength and is the parent science to all visible and nearinfrared (VNIR) HRS. Dating from the nineteenth century [14], spectroscopic techniques have been
used widely in analytical chemistry and astronomy to identify many elemental substances, minerals,
and organic compounds.

K396682_C003.indb 51

04-09-2018 17:20:14

52

Advanced Applications in Remote Sensing of Agricultural Crops and Natural Vegetation

Downloaded By: 10.3.98.80 At: 15:16 09 Jan 2023; For: 9780429431166, chapter3, 10.1201/9780429431166-3

(a)

(b)

FIGURE 3.2 (a) Visual effects of arsenic stress on Nephrolepis exaltata (Boston fern). Ferns are planted in
clean sand amended with, from left to right, 0, 20, 50, 100, and 200 ppm sodium arsenate. (From Slonecker,
E., Remote Sensing Investigations of Fugitive Soil Arsenic and Its Effects on Vegetation Reflectance. George
Mason University: Fairfax, Virginia, 2007.36) (b) Laboratory reflectance spectra of arsenic-affected ferns in
Figure 3.2a above. Spectra were collected with an ASD full-range spectrometer from 15 cm above the canopy
of each plant. Note the loss of photosynthetic absorption at 680 nm, causing higher reflectance, the blue shift,
and the general increase in reflectance in shortwave infrared (due to loss of water) with increasing soil arsenic.
(From Barcelo, J., Poschenrieder, C., Journal of Plant Nutrition 1990, 13, 1–37.12)

The use of 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
[15,16]. Laboratory instruments called spectrometers, spectrophotometers, spectrographs, and
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 each of
those individual 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.
In this review, “hyperspectral” remote sensing technology is afforded the broadest possible
definition. The papers reviewed here represent a variety of spectroscopic remote sensing systems and
approaches that include individual leaf-level and plant-level analysis under controlled conditions in
the laboratory to spectroscopic measurements of plants in the field to overhead aircraft and satellite
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systems. The common thread is that multiple bands of energy reflectance are recorded and analyzed
with spectroscopic methods.
Different spectroscopic collection perspectives also contain inherent advantages and disadvantages
that include complications involving the detection and analysis of the reflected energy signal. Outside
of a pure laboratory setting, field collections generally involve variable solar lighting, background
effects from soil and other materials, and effects from the bidirectional reflection distribution
function. Aircraft and especially satellite sensors contain increasingly significant signal noise from
atmospheric moisture and constituent gases.
The majority of papers and research studies reviewed here involve spectrometers used in either a
laboratory or field setting. Some utilize aircraft and satellite systems, and a few represent a multiscale
data collection from the laboratory to field to aircraft or satellite sensor. While the availability and
applications of aircraft and satellite systems is growing significantly, and this will be a prime focus
area of future research, hyperspectral research in the laboratory and field represents a critical first
step in developing and understanding, in repeatable spectral measurement, the effects of heavy
metals on plant reflectance.

3.4 SPECTROSCOPY AND IMAGING SPECTROSCOPY
OF METAL INTERACTIONS WITH PLANTS
Early spectroscopic analysis of vegetation-metal interactions from both laboratory and aircraft
sensors can be traced to the late 1970s and early 1980s, when researchers such as Collins, Milton,
and Horler demonstrated repeated shifts in the so-called red edge of typical vegetation reflectancebased stress or enhanced growth caused by excessive exposure to metals in the soil [7,17,18]. This
has evolved into a fundamental spectroscopic-plant principle that is still widely used today. The red
edge of vegetation reflectance is an area usually centered around 720 nm and represented by the
typical sharp rise in reflectance in the 680–760 nm range of the classic vegetation spectral signature.
Figure 3.3 shows the classic red edge area of vegetation spectra.

FIGURE 3.3 Red edge. An important region of vegetation spectra is known as the red edge. Much research
has focused on measuring shifts in this region corresponding to stress or enhancement of chlorophyll. (From
Slonecker, T. et al., Remote Sensing 2009, 1, 644.37)
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Although the general concept of the red edge is easily understood as the area of a sharp rise
in reflectance, a variety of definitions and quantitative methods for computing the red edge are
found in the literature. Ray [19] defined the red edge as the sharp transition between absorption
by chlorophyll in the visible wavelengths and the strong scattering in the NIR from the cellular
structure of leaves. The red edge is defined by Horler et al. [18] as the wavelength of maximum
ΔR/Δλ, where R is reflectance and λ is the specific wavelength. Guyot [20] defines the red edge
as an inflection in the sharp rise in reflectance between 670 and 760 nm. Although variable in the
literature, most modern definitions of the red edge involve the peak of the first derivative [21].
Additional red-edge-related measurements include a ratio of R740/R720 and a ratio of first derivative
values D715/D705 [22].
The general movement of the spectral features in the red edge area is one of the keys to its
analytical strength. When plants are healthy and producing more chlorophyll, the red edge tends to
shift toward the right to longer wavelengths. This is also usually accompanied by an increase in the
absorption trough at 680 nm as the plant absorbs more energy in the photosynthetic process. When
a plant is stressed, such as in the case of excessive heavy metals in the soil, the spectra tend to shift
toward the left and shorter wavelengths. Stress also tends to produce an increase in reflectance at the
680 absorption through as less light is being utilized for photosynthesis and chlorophyll production.
Figure 3.4 shows an example of this stress based on a laboratory experiment with varying levels of
copper sulfate in the soil.
Horler [18] studied the feasibility of utilizing a red edge measurement as an indication of plant
chlorophyll status. Using derivative reflectance spectroscopy in the laboratory, plant chlorophyll
status, and red edge measurements were acquired from single leaves of several different species

FIGURE 3.4 The “blue” shift in the red edge in laboratory-grown sorghum exposed to different levels of
copper sulfate in soil. (From Chang, S., Collins, W., Economic Geology 1983, 78, 723.10)
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under heavy metal stress. By using spectroscopic and laboratory methods to measure the chlorophyll
content of the same leaf samples, direct evidence of the red edge–chlorophyll correlation was
obtained. Measuring in situ vegetation using a field spectrometer, Ray [19] discovered significant
differences in the size and shape of the red edge in different types of arid vegetation and found for
a common yellow grass species that there was no chlorophyll “bump” at the green peak and no
detectable red edge.
A critical component 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 relation between increases
in chlorophyll concentration and a “red shift” toward longer wavelengths has been established by
several researchers utilizing both laboratory and field spectrographic methods. Gates [23] showed the
basic relationship between increased chlorophyll and plant health and the shift of the red edge toward
longer wavelengths. Guyot [20] similarly showed that the red edge inflection point shifts to longer
red wavelengths as chlorophyll concentrations increase. This general correlation between chlorophyll
content and red shift was confirmed by Horler [24] and Baret [25] for different crop species.
More important for this specific research topic, however, is the “blue shift” (i.e., shift toward
shorter wavelengths) of the red edge that occurs when vegetation has undergone stress from some
mineral or chemical agent. The blue or red shift toward shorter or longer wavelengths, respectively,
is one of the keys to detecting stress and growth in all green vegetation. The blue shift is usually
accompanied by a general increase in overall reflectance and an increase in the 680 nm absorption
feature showing that less light energy is being utilized for photosynthesis.
In some of the first applications comparing field and airborne spectroscopic measurements of
metal stress, Collins [8] and Chang and Collins [10] showed a blue shift in the 700–780 nm region of
reflectance spectra from conifers affected by metal sulfide. See Figure 3.4. Similar blue shift results
have been reported by Schwaller and Tkach from field applications and aerial photographs [26] and
Milton in the laboratory [17,27]. In a seminal remote sensing research application using both in situ
and airborne measurements, Rock [28] demonstrated a 5 nm blue shift in spruce and fir species in
Vermont and Germany as a result of stress caused by airborne pollutant deposition.
Although the underlying physiology is not completely understood, the uptake of heavy metals has
the effect of reducing photosynthetic activity and the concentration of chlorophyll. One mechanism
of heavy-metal-induced damage in plants that leads to a reduction in photosynthesis involves the
in vivo replacement of the central Mg2+ ion in the chlorophyll molecule by a heavy metal ion. This
replacement is generally toxic to the plant depending on the metal and, at the very least, inhibits
the overall ability of the plant to conduct photosynthesis. In general, the magnesium-chlorophyll
molecule has a much higher capacity to release electrons than other metals, and replacement by
other metals quenches or reduces the ability of the plant to regulate excess light energy and protect
the plant from damage [11,29,30].
In another classic paper utilizing both lab and field spectral measurements, Horler [18] studied
the effects of heavy metals on the reflectance spectra of plants. Utilizing both natural vegetation
growing in known areas of metal concentrations and specific greenhouse experiments, relationships
were established between metal stress, total chlorophyll, chlorophyll a/b ratios, and reduced
reflectance at specific wavelengths. 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. Also, the pea plants 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, 1650, and 2,200 nm and an
increase at 660 nm. Metal concentration in soil has strong negative correlations to reflectance at
1650 and 2200 nm and strong positive correlations at 660 nm. In general, the ability to measure
stress effects from heavy metals is dependent on species, the phase of the growth cycle, and the
environment.
Kooistra [31] conducted a study to examine the possibilities for in situ evaluation of soil properties
in river floodplains using field reflectance spectroscopy of cover vegetation. Results determined
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that a combination of field spectroscopy and multivariate calibration leads to a qualitative relation
between organic matter and clay content, which are intercorrelated with levels of Cd and Zn. The
study indicated the potential for these multivariate methods for mapping soil properties using HRS
techniques. Kooistra [32,33] conducted two additional studies to investigate the relation between
vegetation reflectance and soil characteristics, including elevated concentrations of the metals Ni,
Cd, Cu, Zn, and Pb found in floodplain soils along the Rhine and Meuse Rivers in the Netherlands.
These studies obtained high-resolution vegetation reflectance spectra in the visible to NIR using a
field radiometer [32]. The relationships were evaluated using simple linear regression in combination
with two spectral VIs: the difference vegetation index (DVI) and the red edge position (REP). The
R2 values between metal concentrations and vegetation reflectance ranged from 0.50 to 0.73. The
results of the study demonstrated the potential of remote sensing data to contribute to the survey of
spatially distributed soil contaminants in floodplains under natural grasslands, using the spectral
response of the vegetation as an indicator. Modeling the relationship between soil contamination and
vegetation reflectance resulted in similar results for DVI, REP, and the multivariate approach using
partial least-squares (PLS) regression [32,33].
Similar studies were conducted by Clevers et al. [34,35] in contaminated floodplains in the
Netherlands. Analysis of field spectrometer measurements of reflectance found that REP and the
first derivative peaks around 705 and 725 nm were the best predictors of heavy metal contamination.
Similarly, Slonecker [36,37] showed the spectral relationship between arsenic uptake and spectral
reflectance in arsenic-hyperaccumulating Pteris ferns using a PLS regression. Rosso et al. successfully
detected plant stress due to metal pollution at the leaf level and reiterated that more investigations
need to be undertaken that link their results to canopy-level reflectance [38].
Slonecker [36] used both laboratory spectra and HyMAP imagery spectra of arsenic stress in
common lawn grasses to map the distribution of fugitive arsenic and other metals in household
lawns in an urban setting. The hyperspectral imagery was processed with a linear spectral unmixing
algorithm and mapped with a maximum-likelihood classifier. Classes included grass, arsenic-affected
grass, trees, buildings, soil, asphalt, and concrete and showed an overall accuracy of 82.9%. Critical
spectral parameters for identifying arsenic stress were located in the green, red, NIR plateau, and
water-absorption bands in both laboratory and imagery spectra. Validated against comprehensive
ground sampling efforts, final maps of the arsenic-affected grass showed an overall producer’s
accuracy of 55.8% and an overall user’s accuracy of 82.7%. See Figure 3.5.
Gallagher [39] utilized field spectrometry and Ikonos multispectral satellite measurements to
assess basal area, plant productivity, and chlorophyll content of gray birch growing in soils containing
elevated metals in a New Jersey Brownfields site. Biomass production, measured by a red/green ratio
index, showed an inverse relationship (R2 = 0.46 – 0.81) to soil zinc concentration. The relationship
was stronger when the total metal levels (TMLs) were higher. Threshold TMLs were established for
several species beyond which the normalized difference vegetation index (NDVI) decreased at both
the assemblage and individual tree level.
Mars and Crowley [40] utilized AVIRIS and digital elevation model (DEM) data to evaluate
hazardous waste contamination in southeastern Idaho, including mine waste dumps, wetland
vegetation, and other relevant vegetation types. With the mapped information and the DEM, the
delineation of mine dump morphologies, catchment watershed areas above each mine dump, flow
directions from the dumps, stream gradients, and the extent of downstream wetlands available
for selenium absorption were determined. Compared to ground-truth maps, the AVIRIS imagery
correctly identified 76% of all mine waste pixels. Additionally, Mars and Crowley were able to
characterize the physical settings of mine dumps and test hypotheses concerning the causes of
selenium contamination in the area [40].
Ren et al. [41] found that rice exposed to lead in the soil weakened the photosynthetic process
of rice as measured by field spectral measurements. Lead concentrations in rice could be reliably
predicted by changes in the normalized band absorption depth, blue shifts in the red edge region,
and the distance of the shift.
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Q1

FIGURE 3.5 Healthy and stressed grass signatures from both laboratory and hyperspectral imagery. The
same critical areas in the green, red, near-infrared, and shortwave infrared show the patterns of spectral
separation between healthy and stressed grass that enable the image processing algorithm to separate, identify,
and map arsenic-stressed grasses. (From Slonecker, E., Remote Sensing Investigations of Fugitive Soil Arsenic
and Its Effects on Vegetation Reflectance. George Mason University: Fairfax, Virginia, 2007.36)

3.5 VEGETATION INDICES
One area that has received recent attention in the area of spectroscopy of metal stress in vegetation
is that of VIs, which are mathematical manipulations of digital number values of two or more bands
of data; they have been a fundamental part of the remote sensing analysis of vegetation for decades.
VIs typically stretch or enhance a particular part of the reflected electromagnetic spectrum (EMS)
known to relate to specific vegetation qualities such as chlorophyll content, leaf moisture, pigment
ratios, and stress level. The search for stressed or unusual growth patterns in cover vegetation, such
as potential metal stress patterns, has been enhanced by the use of one or more VIs reported in the
scientific literature.
The most widely known and used VI is the NDVI, which is calculated by the following general
band formula:
NDV =

NIR − Red
NIR + Red

where NIR is the reflectance from the near-infrared band, and R is the reflectance from the red
visible band. The NDVI was first proposed by Pearson and Miller in 1972 [42] and has been widely
utilized as a general measure of vegetation condition and has both broadband and narrowband
formulas for its computation. Although the NDVI has been the most widely used VI, it has clear
limitations. The NDVI becomes saturated in areas of multilayered canopy and shows nonlinear
relationships with critical vegetation parameters such as the leaf area index (LAI). As a result,
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substantial efforts have been devoted to developing new indices that improve on the shortcomings
of the NDVI [43].
VIs have often been developed for specific purposes and optimized to assess a specific condition
or process. Also, the emergence and increasing availability of hyperspectral data and imagery have
resulted in a new class of VIs, known as narrowband indices, that capitalize on the increased spectral
resolution of hyperspectral data.
For example, Penuelas [44] proposed a structurally insensitive pigment index (SIPI) that
incorporates a NIR band (800 nm) to minimize internal leaf structure effects such as increased
scattering due to refractive index discontinuities between air and cell walls inside leaves. Gamon [45]
developed the Photochemical Reflectance Index (PRI) to estimate the physiological parameters of
sunflowers undergoing nitrogen stress. Huete [46] developed a VI that accounts for, and minimizes,
the effect of soil background conditions. The soil-adjusted vegetation index (SAVI) equation
introduces a soil-brightness-dependent correction factor, L, that compensates for the difference
in soil background conditions. NIR is the reflectance from the near-infrared band, and R is the
reflectance from the red visible band. Applying a correction for the soil provides more accurate
information on the condition of the vegetation itself. The Triangular Vegetation Index (TVI) was
developed as a very precise measure of chlorophyll concentration and absorption and depends on
very specific narrow wavelengths [47].
Agricultural vegetation applications of both field and airborne hyperspectral data analysis have
been conducted by several researchers, showing the promise of this technology in monitoring plant
production for food supplies. Strachan [48] and Daughtry [49] both showed that very narrow, cropspecific VIs could be developed and utilized from hyperspectral data and applied to the assessment
of agricultural productivity. In general, the use of VIs has seen a significant increase with the
development and availability of hyperspectral data. Elvidge and Chen [50], Blackburn [51,52], and
Thenkabail et al. [53,54] have demonstrated the effectiveness of narrowband VIs, which continues as
one of the most important analytical approaches in the area of spectroscopic analysis of vegetation.
Table 3.2 shows the several VIs that are mentioned in this paper along with the spectral calculation
and literature source.
VIs have also played an important role in the detection and analysis of stress due to heavy metals
(Table 3.3). Reusen et al. [55] successfully mapped heavy metal contamination in Belgium through
the expressions of vegetation stress in conifers near abandoned zinc smelting facilities. Utilizing
imaging data from an airborne hyperspectral sensor (CASI), they utilized a Spectral Angle Mapper
(SAM) classification to build a mask for pine trees and then computed 18 separate VIs of stress. The
Edge-Green First derivative Normalized difference (EGFN) VI proved to be the best indicator of
zinc stress in the pine trees in the surrounding area [55].
Götze et al. [56] used reflectance spectroscopic methods in both the laboratory and field to
quantify and separate heavy metal stress in floodplain vegetation. Testing a series of VIs, they
showed that metal stress could be uniquely separated from other forms of stress such as water or
nutrient stress. The indices that proved to be most sensitive to the stress from heavy metals in the
soil were the normalized pigment chlorophyll index (NPCI), the PRI, the REP, and the continuum
removed band depth at 1730 nm (CR1730) [56].
Using both field and laboratory measurements, Slonecker [36] showed that the PRI was sensitive
to metal stress in the form of inorganic arsenic, Thorhaug [57] showed that the PRI was sensitive to
the effects of low salinity in seagrass health, and Gallagher [39] showed that a red/green ratio index
had an inverse relationship with zinc concentrations in gray birch trees.
Several VIs seem to dominate the literature with respect to metal stress in vegetation. The REP
described earlier is the most dominant spectral feature used to assess plant stress. It has been used
by many researchers to evaluate decreases in plant chlorophyll, biomass, or physiological health with
respect to metal stress [7–10,17,24,34,35,39,41,56,58–63].
The PRI was developed by Gamon et al. [45] as a narrowband hyperspectral indicator of changes
in the pigment balance of plants due to photosynthetic stress. Originally designed to track diurnal
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TABLE 3.2
Vegetation Indices Specifically Referenced in This Paper
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Name

Acronym

Formula

Reference

Anthocyanin Reflectance Index

ARI

Difference Vegetation Index
Modified Triangular Vegetation Index 2

DVI
MTVI2

Gitleson et al. [84]

Moisture Stress Index

MSI

(R1599 − R819)

Hunt and Rock [87]

Normalized Difference Vegetation
Index (Broadband)
Normalized Difference Vegetation Index

NDVI

(NIR − RED)/(NIR + RED)

Rouse [88]

NDVI

(R800 − R670)/(R800 + R670)

Normalized Pigment Chlorophyll Index

NPCI

(R680 − R430)/(R680 + R430)

Sims and Gamon [89]
(Narrowband)
Peñuelas et al. [44]

Photochemical Reflectance Index

PRI

(R531 − R570)/(R531 + R570)

Gamon et al. [45]

Red Edge Position

REP

Curran et al. [90]

Red Edge Vegetation Stress Index
Soil-Adjusted Vegetation Index

RVSI
SAVI

R1Dmax: (R1D690 − R1D740)
((R714 – R752)/2)–R733

Structure-Insensitive Pigment Index

SIPI

(R800 − R445)/(R800 − R680)

Penuelas et al. [44]

Triangular Vegetation Index

TVI

0.5*(((120*(R750 − R550))−
(200*(R670−R550)))

Broge and Leblanc 2000 [47]

(1/R550)−(1/R700)
2.4 * MSS7 – MSS5
1.5[1.2(R800 − R550)−1.3
(R670 − R550)]/
SQRT[(2*(R800 + 1)2)–
(6*R800 – 5 * SQRT(R670))–0.5]

Richardson and Wiegand [85]
Haboudane et al. [86]

Merton [91]
Huete [46]

(1 + 0.5) (R800 − R670)/
(R800 + R670 + 0.5)

TABLE 3.3
Some Key Spectral Features and Vegetation Indices Related to Metal Stress in the Literature
Spectral Feature
DVI, REP
EGFN
NDVI
RGI
NDVI
PRI
PRI
REP
REP
REP

Metal(s)

Vegetation Type

Sensor

Ni, Cd, Cu, Pb, Zn
Zn
Cr, Pb, Zn, V

Floodplain, ryegrass
Conifer
Gray birch

[32]
[55]
[39]

Ni, Cd, Cu, Pb, Zn
General HM
As
Pb
Cu
Zn
General HM

Rice
Floodplain
Ferns
Rice
Peas, maize
Sunflower
Floodplain
Bluegrass, ryegrass
Mustard spinach

ASD
CASI
ASD
Ikonos
Landsat TM
ASD
ASD
ASD
PE 554
ASD

[34,35]

ASD

[59]

ASD

[56]

PE 554
PE 554
ASD
PE 554

[18]
[18]
[56]
[18]

RVI
NDVI, REP
NPCI, PRI,
REP

Hg

R850
R1650
CR1730
R2200

Cd, Cu, Pb, Zn, As
Cd, Cu, Pb, Zn, As
General HM
Cd, Cu, Pb, Zn, As
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General HM

Stinging nettles
Reed canary grass
Meadow foxtail
Peas
Peas
Floodplain
Peas

Reference(s)

[83]
[56]
[36,37]
[41]
[61]

04-09-2018 17:20:16

Downloaded By: 10.3.98.80 At: 15:16 09 Jan 2023; For: 9780429431166, chapter3, 10.1201/9780429431166-3

60

Advanced Applications in Remote Sensing of Agricultural Crops and Natural Vegetation

changes in photosynthetic efficiency, the PRI is sensitive to changes in carotenoid pigments and the
epoxidation state of the xanthrophyll cycle. This is a measure of photosynthetic light use efficiency
and the rate of carbon dioxide uptake. The PRI measures the relative reflectance on either side of
the green maxima around 550 nm and compares reflectance parameters in both the red and green
regions simultaneously. Because the change in pigment concentrations due to metal stress in most
vascular plants is similar, the PRI has been shown to be a successful indicator of a variety of stress
conditions, including stress from soil metals. Slonecker [36] computed a suite of 67 broadband and
hyperspectral VIs and used a PLS and stepwise linear regression (SLR) analysis to isolate the best
VIs for explaining arsenic stress in Boston ferns and arsenic hyperaccumulating Pteris ferns. The
results showed for the control Boston ferns that the PRI, along with the Moisture Stress Index, the
red edge vegetation stress index and the modified TVI2 provided the best model for explaining the
level of arsenic uptake. These indices measure plant stress in one form or another, which generally
increases with higher concentrations of soil arsenic. The best indices for the hyperaccumulating
Pteris ferns were the broadband green index (GI), the sum green index (SGI), and the carotenoid
reflectance index (CRI1), all relating to the green part of the spectrum. Although not fully understood,
the different indices for stressed and hyperaccumulating species reflect key differences in internal
plant physiology [36].
Götze et al. [56] found that four indices were highly correlated between heavy metal content and
chlorophyll content. The R2 values for the NCPI (0.91), PRI (0.75), REP (0.80), and the continuumremoved spectra at 1730 nm (0.74) were all sensitive to metal stress in plants. Although the underlying
physiology is not fully understood, the authors speculate that the correlation could be related to lignin
or protein production in the plant synthesis. Further, this study shows promising results for using
these values to separate heavy metal stress from water and nutrient stress [56].

3.6 EMERGING STATISTICAL METHODS
A wide variety of analytical methods can be noted in a review of the hyperspectral analysis of
vegetation and vegetation stress. One of the fundamental issues relates to the fact that the analysis of
hyperspectral data presents unique analytical problems for standard multivariate techniques because
of the highly correlative and overlapping nature of data. The large numbers of independent variables
(>1,500 spectral bands) and the highly correlated nature of those variables stem from the fact that
each individual spectral band is only a few nanometers away from the spectral bands above and
below it, and the result is that each spectral band records an energy pattern that is similar to its
neighboring bands. 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.
In recent years, a special statistical technique has emerged that addresses the problems of numerous,
highly correlated variables. The technique, known as PLS, was first introduced in 1966 by Swedish
mathematician Herman Wold as an exploratory analysis technique in the field of econometrics [64].
It was specifically designed to help researchers in situations of small, nonnormally 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 [65,66].
The underlying assumption of all PLS methods is that the observed data are generated by a
system or process that is driven by a small number of latent (not directly observed or intuitive)
variables. Projection of the observed data to their latent structure by means of PLS is a variation
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of principal component analysis (PCA). PLS generalizes and combines features from PCA and
multiple regression and is similar to canonical correlation analysis in that it can also relate a set of
independent variables to a set of multiple dependent response variables and extract latent vectors
with maximum correlation [67,68].
The overall goal of PLS processing of laboratory spectral data is the reduction of 2,151 variables
(bands 350–2,500 spectrometer data) down to a manageable number of variables (approximately
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 in projection (VIP) table. The VIP represents
the value of each variable in fitting a 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. 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 itself can
be used to construct a predictive model, but it has some drawbacks. One of the strengths of PLS is
its relaxation of collinearity and distribution assumptions, but this can also 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 in 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. The SLR
model computes the F-statistic for each variable and contains parameters for significance levels for
variables to enter and 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 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 [36,65].
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 role to
play 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.

3.7 SUMMARY AND CONCLUSIONS
This paper has reviewed the hyperspectral applications of detecting the effects on vegetation of
heavy metals in soil. Most spectral applications have been in the form of laboratory or field studies
with portable spectrometers, as opposed to hyperspectral imagery applications. But because field
spectrometers and HRS instruments essentially measure the same phenomenon at high spatial
and spectral resolutions, these studies serve as a form of benchmark for airborne or spaceborne
remote sensing development and several studies with airborne or spaceborne HRS instruments,
such as AVIRIS [40], CASI [55], and HyMAP [36], have successfully demonstrated, metal-specific
vegetation applications of hyperspectral imagery.
The metals involved included a wide range of elements, including general heavy metal
contamination, as might be expected in industrial or urban floodplains [31–35,56], and metal-specific
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applications, such as arsenic [17,36,37,69], lead [41], zinc [55], and selenium [17]. Vegetation targets
included general forest canopy, general floodplain, common grasses, and species-specific applications.
Hyperspectral methods included standard applications of the NDVI and red edge and newer methods
that included VIs such as the PRI, NCPI, and EGFN and a very interesting application of continuum
removal and 1730 nm [56,70].
Research on hyperspectral detection of heavy metals and their effects on vegetation is in its
infancy. Although much research has been carried out on other forms of vegetation condition such
as stress or agricultural productivity, specific attention to metals is currently a primary scientific gap
that demands research attention.
One of the direct needs for hyperspectral research is developing the ability to differentiate
metal-induced stress from other types of stress such as a drought or nutrient stress. Greenhouse
experiments, where stress levels are controlled and then measured with a field spectrometer, could
be extremely valuable in determining where metal stress can be reliably and uniquely identified in
spectra and for establishing underlying mechanisms causing spectral variation. Götze et al. [56]
made a breakthrough in the identification of specific stress agents, and additional work in this area
is encouraged.
Further, controlled experiments could be conducted to determine whether stress from specific
metals can be uniquely identified using hyperspectral methods. As various metals interact differently
with plant biochemistry and photosynthetic processes, it is feasible that stress patterns due to specific
metals could be identified and utilized effectively. There could also be specific indicator species
that identify the presence of metals in soil, and development of this line of research would have
commercial as well as ecological value.
Additional studies that utilize both field and overhead instruments and scale up the spectral
responses as a function of spatial scale are needed and represent a critical gap in the current state
of the science. Lastly, data-mining efforts, such as those using PLS, that systematically consider
thousands or even millions of possible band combinations and compute their statistical relevance
against a known data set, would be a valuable approach to teasing out very narrow and specific
spectral parameters that are not fully understood.

3.8 FUTURE APPLICATIONS
A better understanding of the spectral response to metals in soil has three primary and valuable
applications. First, economic prospecting for metal deposits was one of the early applications and
remains just as viable today. Second, metals often hinder agricultural productivity, and a method of
monitoring their presence remotely would have immediate application to food production throughout
much of the world. Third, the problem of fugitive hazardous wastes in the environment is not one
that is likely to diminish in the future. As the global population grows, the need for natural resource
exploitation will increase dramatically, along with the negative side effects of mining, industrial
byproducts, and both controlled and fugitive wastes. As this review has indicated, there have been
numerous successful hyperspectral applications of remote sensing for the location and monitoring
of hazardous metals in the environment. Unlike earlier systems, HRS has the potential to identify
specific materials based on molecular structure, and although considerable laboratory research
continues, overhead aircraft and satellite remote sensing applications are still in their infancy due to
complex atmospheric interferences, cost, and data availability. But all of these factors are steadily
improving, and there is opportunity for considerable research in the area of hyperspectral monitoring
of metal effects on vegetation.
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