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ARTICLE INFO ABSTRACT

The retrieval of vegetation canopy water content using thermal hyperspectral (TIR, 8-14 pum) measurements is
investigated in this study. Vegetation water content indicators such as fuel moisture content (FMC, %, mass-
based) and equivalent water thickness (EWT, g cm 2, area based) play significant roles in plant physiology, as
well as in the modelling of fire risk and behavior, particularly in forests. Although retrieval of these parameters,
in particular EWT, has been demonstrated from optical and TIR measurements, to our knowledge their pre-
diction at canopy level in the thermal part of the electromagnetic spectrum has not yet been investigated.
Therefore, the application of hyperspectral TIR data for predicting FMC and EWT parameters at canopy level is
explored here. The emissivity of spectral data in the TIR region is measured for four species (Azalea japonica,
Buxus sempervirens, Euonymus japonicus, and Ficus benjamina) under controlled laboratory conditions, using a
portable MIDAC Fourier transform infrared spectrometer. EWT, FMC, and their corresponding canopy emissivity
measurements are assessed by destructive sampling of the leaves. Leaf area, as well as fresh and dry mass of the
harvested leaves, is determined for all four species. Partial least square regression and artificial neural networks,
using various spectral subsets, are used to predict the two variables of interest. Higher estimation accuracies
have been obtained for both FMC and EWT at canopy level using artificial neural networks. Unexpectedly, the
FMC at canopy level, as a mass-based variable, more accurately retrieved using either method. This is contrary to
previous findings using multispectral and hyperspectral data. Our results suggest that plant mass may play a
greater role in determining spectral emissivity than plant area does.
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1. Introduction

In the past decades, remote sensing has been recognized as a tool to
monitor and quantify vegetation variables. Canopy biophysical and
biochemical variables involved in biophysical processes of terrestrial
ecosystems (e.g. carbon and water cycling) determine how plants re-
spond to environmental factors and influence ecosystem processes as
well as responses to climate change. Vegetation water content is an
indication of vegetation physiological condition and terrestrial eco-
system status (Claudio et al., 2006). It plays a significant role in the
understanding of the earth's ecosystem functioning (Clevers and
Kooistra, 2006) when assessing drought status in forestry and agri-
culture (Penuelas and Filella, 1998), or estimating wildfire occurrence
(Chuvieco et al., 2004). For instance, biochemical processes (e.g. pho-
tosynthesis and evaporation) are limited by vegetation water content
(Peniuelas et al., 1994). Flammability in a forest, a critical parameter in
fire ignition, also depends on vegetation water content (i.e., Fuel
Moisture Content (FMC) in forest fire literature). The principal
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indicators used in remote sensing that characterize the amount of water
in vegetation are fuel moisture content (FMC, %) and equivalent water
thickness (EWT, g cm ™~ ?) (Colombo et al., 2008). EWT is the amount of
water per unit leaf area (Clevers et al., 2010; Hunt and Rock, 1989;
Jacquemoud and Baret, 1990). In remote sensing studies EWT is at
times also expressed as vegetation liquid water content (Cheng et al.,
2006). FMC can be defined as the ratio between the water quantity in
the fuel (the difference between fresh and dry weight) and either the
fresh weight or the dry weight (Ceccato et al., 2001; Danson et al.,
1992). FMC is highly correlated with risk of wildfire (Chuvieco et al.,
2004; Hunt et al., 2013) and is described as leaf water content or leaf
gravimetric water content in remote sensing studies (Buitrago et al.,
2016; Ceccato et al., 2002a; Ceccato et al., 2001; Colombo et al., 2008;
Ullah et al., 2014). In this study, EWT and FMC are considered to be
indicators for area-based and mass-based vegetation water content,
respectively. Area-based variables are valuable from a plant physiolo-
gical point of view. Transpiration, respiration, gas exchange (e.g. up-
take of CO, and H,0), as well as plant physiochemical processes of
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photosynthesis (e.g. carbon fixation), occur as a flux per unit leaf sur-
face area (Hikosaka, 2004; Lloyd et al., 2013). Mass-based parameters
are important for estimating carbon flux, as well as growth in leaves.

In the past decades, retrieval of these variables from remote sensing
data was investigated using a broad range of approaches (Gao, 1996;
Gao and Goetzt, 1995; Serrano et al., 2000). The majority of these
studies focused on the visible, near-infrared (VNIR, 0.3-1.0 ym), and
shortwave-infrared (SWIR 1.0-2.5 pm) regions (Ali et al., 2015; Ceccato
et al., 2002a; Clevers and Kooistra, 2006; Clevers et al., 2010; Dawson
et al., 1999; Jin and Liu, 1997; Kalaitzidis et al., 2010; Laurin et al.,
2014; Mirzaie et al., 2014; Qi et al., 2014; Tucker, 1980; Ustin et al.,
1998; Yebra et al., 2013; Zhu et al., 2015), as well as on mid-wave
infrared (2.5-6 um) (Ullah et al., 2013). Estimation of EWT and FMC
using remote sensing data has posed different challenges. Verbesselt
et al. (2007) and Chuvieco et al. (2003) state that operational estima-
tion of EWT is difficult in the field because it requires the calculation of
leaf area; while Jacquemoud and Baret (1990) demonstrate that it is a
challenge to predict FMC due to the difficulty in calculating vegetation
dry matter content (DMC, g m ™~ ?). Despite the fact that both EWT and
FMC provide information on the amount of water present in vegetation,
estimation of EWT using empirical and physical models has been more
successful than FMC when using remote sensing data (Colombo et al.,
2008). Moreover, it has been demonstrated that EWT relates better to
spectral reflectance measurement (Ceccato et al., 2002b; Danson and
Bowyer, 2004) and its estimation is less problematic than FMC’s from
remote sensing data in the VNIR and SWIR regions (Colombo et al.,
2008; Danson and Bowyer, 2004). In contrast, it is hard to generalize
the relationship between FMC and spectral reflectance as the found
relationships in the optical domain (VNIR/SWIR) differ in previous
studies (Chuvieco et al., 2003; Chuvieco et al., 2002; Paltridge and
Barber, 1988; Pinol et al., 1998). In this respect, using thermal infrared
hyperspectral data (TIR, 8-14 um) opens new opportunities for esti-
mating FMC for vegetation studies, particularly in forestry applications
to model the fire risk.

To our knowledge, spectral emissivity from hyperspectral thermal
data has been poorly studied in the past and has not yet been used to
retrieve EWT and FMC from multiple plant species at canopy level. A
few studies have attempted to relate emissivity spectra in the TIR do-
main to vegetation water content at leaf level using hyperspectral TIR
data (Buitrago et al., 2016; Ullah et al., 2012). Recently, Ullah et al.
(2014) revealed that the MIR domain is a highly sensitive spectral re-
gion for estimating water content at the leaf level, using narrow band
indices developed from hyperspectral MIR and TIR data. Their findings
show that the optimal narrow-band indices in the TIR region are the
wavebands 11.31 pm and 11.46 pm.

Additionally, little is known about properties of vegetation in the
TIR region, while the TIR offers a wide atmospheric window with large
transparency which makes this region suitable for remote sensing stu-
dies (Clerbaux et al., 2011). Remote sensing data from the VNIR-SWIR
alone is not sufficient to explain the structural and chemical char-
acteristics of vegetation. For instance, the spectral features resulting
from the combination of primary absorption features in the VNIR and
SWIR regions, make it challenging to link particular wavebands to an
individual chemical constituent, due to overlapping absorption features
of plant biochemical contents (Kokaly et al., 2009). Moreover, the
spectral profiles of plant species in the VNIR and SWIR regions are
mostly similar in shape because reflectance spectra in these regions are
conquered by absorption features of chemical components weighted by
their concentrations and to a great extent, masked by water (Kokaly and
Clark, 1999). In contrast, recent studies in the TIR domain demon-
strated that leaf water content is the most important parameters asso-
ciated with variations in TIR spectra (Buitrago et al., 2017), and also
that the response of emissivity spectra (in particular for fresh leaves)
are linked to structure and thickness of cuticle as well as leaf water
content (Buitrago et al., 2016).

To scale EWT and FMC up from leaf level up to canopy level
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requires considering leaf area index (LAI, m®> m~?) as an indispensable
variable. This study considers both EWT and FMC variables at canopy
level (hereafter referred to as EWTc and FMCc, respectively) and re-
flects on the applicability of emissivity spectra from hyperspectral TIR
data to estimate the EWT; and FMCc, using partial least square re-
gression (PLSR) and artificial neural networks (ANN). To estimate these
variables from emissivity spectra in the TIR region, we conducted a
laboratory experiment, measuring emissivity spectra for four plant
species in the thermal infrared domain between 8 um and 14 pm.

2. Materials and methods
2.1. Vegetation measurements

Four different plant species were selected: Azalea japonica (Azalea)
(n = 10), Buxus sempervirens (Common box) (n = 10), Euonymus japo-
nicus (Japanese spindle) (n = 11), and Ficus benjamina (Weeping fig)
(n = 6). To create variation in the variables values of interest (i.e.,
EWCc and FMCc¢) and their corresponding canopy emissivity, leaves
from different layers of the canopy were randomly removed in 3-4
consecutive steps (depending on the plant size) hence after each re-
moval phase, the total value of the considered variables were lowered.
The destructive sampling of the 37 plants thus yielded 144 estimates for
both EWT¢ and FMCec. The leaf harvesting was executed within a couple
of hours to minimize possible changes in the plant's physiological
status, such as stomatal conductance, and to capture the potential in-
terference of different physiological processes as a result of these de-
foliations. The leaf area of the harvested leaves was measured using a
LI-3000C portable leaf area meter (LICOR, NE, USA).

2.2. Calculation of vegetation water indicators

The mass of the freshly harvested leaves from each sample was
precisely weighed, using a digital weight balance with a 100 pg accu-
racy, immediately after harvesting. Leaves were then oven-dried at
75° C for 48 h until a constant weight was attained. EWT was computed
using the following equation (Colombo et al., 2008):

Wy — Wa

EWT =
A X P,

(€9
where wy and wy stand for a given sample’s fresh and dry mass, re-
spectively, A is sample leaf area and, P, is a physical constant re-
presenting the density of pure water (1 g cm ™).

LAI is the one-sided leaf area (m?) per unit of horizontal surface area
(m?) (Watson, 1947). To calculate the LAI (m?m™?2), the measured
surface areas of the leaves (m?) were divided by the corresponding
ground area of the canopy (m?). By multiplying EWT with the LAI, the
total canopy water content per unit of ground area (EWT¢, g cm ™ ?) is
obtained (Clevers et al., 2010; Yebra et al., 2013):

EWT; = EWT x LAI 2)

EWT and FMC refer to two different quantities and describe vege-
tation water content in a different way (Ceccato et al., 2001; Ghulam
et al., 2007). Several methods have been proposed to measure FMC.
Since FMC is controlled and determined by EWT and dry matter content
(DMC) according to FMC = W1/, (Jacquemoud and Baret, 1990),
Riafio et al. (2005) predicted FMC by separately predicting EWT and
DMC. They assumed vegetation DMC to be constant throughout the
year. However, this assumption is not necessarily valid, particularly
during drought periods. Garnier et al. (2001) observed that vegetation
DMC decreased during a period of drought due to reduced productivity.
In addition, these variables (i.e., EWT and DMC) are entirely in-
dependent of each other. Therefore, in this study, the most common Eq.
(3) which is used by many researchers (Chuvieco et al., 1999; Desbois
et al., 1997) is applied to calculate FMC. For scaling up of FMC, Hunt
et al. (2012) estimated FMC¢ by multiplying leaf EWT and DMC by LAIL
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In this respect, FMCc is estimated by multiplying FMC by LAL

Wy — Wa
————— x 100

FMC =
Wy or Wy 3
Wy — Wy
FMCc = X LAI
W or Wy “4)

2.3. Laboratory conditions

To create optimal measurement conditions and reduce any possible
error from changing atmospheric conditions or temperature, measure-
ments were carried out under controlled laboratory conditions, with
walls, ceiling, and ground coated with a black material (Avis Aqua
Blackboard Black) and plastic of known emissivity. The traditional
procedure when measuring emissivity is to heat samples (e.g. geological
samples) to a temperature above the ambient condition to create a
thermal contrast (Ribeiro da Luz and Crowley, 2007; Salisbury, 1998).
However, such treatment stresses plant samples, so instead we held the
laboratory temperature at 10 °C, thus generating a suitable thermal
contrast with the plants, which were kept at room temperature (20 °C)
and only briefly (individually) transferred to the cool laboratory room
to make the spectral measurements. Because Cheng et al. (2006) re-
vealed that EWT( is under-estimated in a semi-arid ecosystem due to a
significant proportion of the soil background being mistakenly included
as canopy closure, the background soil was covered with black plastic
of known emissivity to minimize possible soil effects. We measured the
emissivity spectra of the black plastic using a BRUKER Vertex 70 la-
boratory FTIR spectrometer. The black plastic had low emissivity and
was assumed to cause minimal interference with the thermal radiance
measurements of the samples.

2.4. Canopy spectroscopic measurement

2.4.1. Thermal infrared emission spectroscopy

The radiance spectra were measured using a portable FTIR spec-
trometer (Model M4401-F; MIDAC Corporation, CA, USA). The MIDAC
configuration enables measurement of radiance spectra within the
spectral range of 2.5 um to 20 um with an adjustable spectral resolution
of 32-0.5 cm ™ (Eisele et al., 2015). The MIDAC has a liquid-nitrogen-
cooled Mercury-Cadmium-Telluride (MCT) detector and customized
foreoptics that consist of a flat folding mirror on a rotational axis, which
allows measurements of two internal blackbodies (hot and cold) for
calibration and measuring each sample. The MIDAC's folding mirror
was kept at nadir position above the samples. The MIDAC's field of view
(using a cut-off point of 5% of the maximum responsivity) has a starting
diameter of 53 mm at the folding mirror and spreads with about 18
mrad. Since the amount of thermal emission varies according to the
distance between the sample and the sensaor (Ribeiro da Luz and
Crowley, 2007), and in order to reduce atmospheric attenuation (Korb
et al., 1996), measurements were made with a fixed vertical distance
between sensor and sample (60 cm).

The emissivity spectra of plant canopies were obtained using a
series of FTIR measurements performed in the following order: radiance
measurements of the hot blackbody, radiance measurement of the cold
blackbody, radiance measurement of the sample (the plant canopy),
and finally, radiance measurements of a highly diffuse reflecting gold
plate (Infragold®). The temperature of the hot and cold blackbodies was
checked between the measuring of each sample. The cold blackbody
temperature was set just below the ambient temperature, at 5 °C (Korb
et al., 1996). The hot blackbody temperature was set above the sample
temperature, at 30 °C (Hori et al., 2006; Salvaggio and Miller, 2001).
Details of the radiometric calibration of the blackbodies radiances can
be found in Hook and Kahle (1996). A diffuse reflecting gold plate with
an emissivity of ~0.04 was used to measure downwelling radiance
(DWR) to correct radiance measurements and determine any significant

Agricultural and Forest Meteorology 247 (2017) 365-375

influence of laboratory background emissions (Eisele et al., 2015). The
infragold plate was placed directly under the MIDAC sensor at the same
distance as the sample. The temperature of the sample, the infragold
plate, and the laboratory was frequently monitored before and after
each measurement, using thermistors (FLUKE 51 II Thermometer and
Precision IR Thermometer) to detect any possible changes in tempera-
ture. Such changes in temperature could disturb the thermal contrast
and result in over- or under-estimation of the emissivity values. The
measurement series took less than five minutes each to minimize pos-
sible temperature drift of the instrument, physiological changes in the
plants, and fluctuations in laboratory temperature (Hori et al., 2006).

The radiance spectra of the plant canopies were measured at wa-
velengths of 2.5um and 20 um with a resolution of 2cm™'. On
average, 32 scans were performed for each sample. The canopy emis-
sivity measurements included 279 wavebands between 8 um and
14 um. Measurements outside this range had very low signal strength
and were therefore excluded from further analysis. After each set of
measurements, the canopy was rotated 90 ° clockwise, and the series of
measurements was repeated until the canopy was fully rotated. The
final corresponding canopy emissivity spectra of each sample for a
particular value of FMCc and EWT; was then calculated from the
average of four sets of measurements (covering 360°). The position of
the MIDAC sensor above the canopy was kept constant. In total, 576
(4*144) canopy radiance measurements were obtained from the four
plant species.

2.5. Data preprocessing

Spectral emissivity of the plants was calculated from their absolute
radiance using the following equation (Korb et al., 1996),

Lsam ()L) - LDWRO‘)
B()\, Tsam) - LDWR()\) (5)

where €g,, (1) denotes the directional emissivity of the sample at wa-
velength A, Lg,m(1) is the spectral radiance from the target, Tsap, is the
actual physical temperature of the sample, B(A, Ty,,)is the Planck
function at wavelength A and the sample temperature, and Lpwg(R) is
the total spectral DWR from the hemisphere above the sample. To re-
trieve canopy surface emissivity, the information regarding the precise
surface temperature (Ts,,) at the time of the measurement is essential.
Therefore, despite measuring canopy temperature before and after each
measurement, the blackbody fit method was used to estimate the exact
sample surface temperature value at the time of measurement. Details
on the blackbody fit method can be found in Kahle and Alley (1992)
and Salvaggio and Miller (2001). A Savitzky-Golay filter with a frame
size of 15 data points and second- degree polynomial was used to re-
duce the noise in the canopy emissivity spectra (Savitzky and Golay,
1964). Data were analyzed and processed using MATLAB R2013b
(Mathwork, Inc).

Esam(A) =

2.6. Estimation of variables

2.6.1. Partial least square regression

Hyperspectral data have a high dimensionality and also a high de-
gree of collinearity in adjacent wavebands. This challenge is somewhat
overcome using partial least squares regression (PLSR), one of the most
used multivariate statistical techniques in hyperspectral studies, which
transforms the variables into new orthogonal (Abdel-Rahman et al.,
2014; Abdi, 2010; Chin et al., 2003). PLSR has been broadly applied as
a multivariate quantitative technique in remote sensing vegetation
analysis (Cho et al., 2007; Kooistra et al., 2004). It is a successful em-
pirical approach to derive biochemical and biophysical properties from
canopy spectral data in the VNIR (Asner and Martin, 2008;
Darvishzadeh et al., 2008; Mirzaie et al., 2014), as well as biochemical
and biophysical variables at both leaf and canopy level from emissivity
spectra in the TIR region (Neinavaz et al., 2016b; Ullah et al., 2014). It
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Table 1
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The statistics of the variables measured per plant species. LAI represents the leaf area index; EWT¢ is the canopy equivalent water thickness, EWT is the equivalent water thickness, FMCc

is the canopy fuel moisture content, and FMC is the fuel moisture content.

Species Variables Min Max Mean Statistic Mean Std. Error Std. Deviation Sample size
Buxus sempervirens LAI (m*>m~?) 1.17 9.80 4.548 0.344 2.149 30
EWTc (gcm™?) 0.03 0.20 0.108 0.008 0.04
EWT (gcm™?) 0.01 0.08 0.027 0.002 0.01
FMCc 0.79 5.09 3.046 0.269 1.32
FMC (%) 46.54 84.58 69.215 1.773 8.68
Azalea japonica LAI (m®*m~?) 0.60 3.35 1.573 0.099 0.543 30
EWTc (gcm™2) 0.02 0.08 0.047 0.002 0.01
EWT (gcm™?) 0.02 0.04 0.030 0.0008 0.004
FMCc 0.51 2.60 1.254 0.076 0.42
FMC (%) 71.00 80.42 75.321 0.514 2.81
Euonymus japonicus LAI (m*m~?) 1.25 7.43 3.281 0.199 1.324 44
EWTc (g cm ™) 0.08 0.16 0.113 0.004 0.02
EWT (g cm™2) 0.03 0.05 0.038 0.001 0.004
FMC¢ 1.43 3.68 2.379 0.156 0.68
FMC (%) 74.79 80.18 78.46 0.337 1.46
Ficus benjamina LAI (m?>m~?) 1.04 8.36 3.601 0.329 1.805 30
EWTc (g cm™2) 0.03 0.19 0.105 0.008 0.04
EWT (gcm™?) 0.2 0.5 0.030 0.001 0.009
FMCc 0.99 6.99 3.118 0.278 1.52
FMC (%) 79.88 95.00 87.040 0.736 4.03

is a “full spectrum” method, which has the advantage that it makes use
of all available spectral wavelengths (Haaland and Thomas, 1988).
Here, PLSR analysis was used to determine the relative contribution of
the 279 wavebands of the canopy emissivity spectra (independent
variables) to explain variation in EWT¢ and FMC¢, for all the sampled
species. The canopy emissivity spectra as independent variables were
mean-centered before performing the PLSR analysis. An optimal
number of factors was determined to avoid overfitting and to prevent
collinearity, using cross-validation procedures with the root mean
squared error (RMSE,,) as a quality indicator. An optimal number of
factors indicates the number of the extracted factor for which the total
prediction error is minimized. A cross-validation procedure, also known
as the “leave one out method” (Duda and Hart, 1973), is a method for
selecting a model according to its predictive ability (Shao, 1993). In
cross validation each data point is successively “left out” from the data
and used as the validation set. The criterion for adding an extra factor
to the model was that it would decrease the RMSEcy by > 2% (Geladi
and Kowalski (1986)). Details on the basic PLSR algorithm can be found
in Geladi and Kowalski (1986) and Williams and Norris (1987). All
PLSR analyses were carried out using the TOMCAT toolbox 1.01 within
MATLAB (Daszykowski et al., 2007). Since (3 coefficients represent the
contribution of each waveband to the model, they were utilized to
determine the importance of wavebands in each fitted PLSR model. The
thresholds for P coefficients were specified according to their standard
deviations. Wavebands with a 3 coefficient above this threshold were
considered to be contributing significantly. The sign of the (3 coeffi-
cients (i.e. plus or minus) represents the direction of the relationship
between emissivity value (i.e., independent variable) and FMCc and
EWT¢ (i.e., dependent variable). The higher absolute value of 3 coef-
ficients represents the stronger relation.

2.6.2. Artificial neural networks

The use of artificial neural networks (ANN) has been shown to be an
effective alternative to more traditional statistical techniques (Paliwal
and Kumar, 2009). Recently, Neinavaz et al. (2016b) demonstrated the
significance of using ANN for the prediction of LAI using hyperspectral
TIR data. The multi-layer perceptron is a broadly utilized neural net-
work in remote sensing studies (Atzberger, 2004; Mirzaie et al., 2014).
A typical ANN consists of different types of layers, namely: input layers,
hidden layers, and output layers. Three different data sets were em-
ployed as input layer, comprising (1) all available canopy emissivity

values in 279 wavebands between 8 pm and 14 um (labelled as ANW);
(2) the most important wavebands which were identified from PLSR
analysis (labelled as IPW); (3) the best performing narrow bands as
determined by Ullah et al. (2014) (labelled as UIPW). For network
training, two algorithms were considered: the Levenberg-Marquardt
(LMANN) and the Scaled Conjugate Gradient (ScgANN) algorithm, and
they were applied as two common training algorithms in back-propa-
gation networks to develop models for the estimation of our variables of
interest. Although there are no rules that determine the optimal number
of hidden layers, an increase in the number of hidden layers enable the
network to tackle more complex problems (Atkinson and Tatnall,
1997). For instance, Skidmore et al. (1997) revealed that higher accu-
racy is obtained with three hidden layers, than with two or one. As the
prediction performance of ANN depends on the number of neurons in
the hidden layer, the best ANN size was identified by testing different
numbers. The early stopping technique was utilized to avoid overfitting
problems. In this technique, training stops as soon as performance on a
validation data set begins to worsen (Nowlan and Hinton, 1992). Fur-
thermore, linear regression analyses were performed between the pre-
dicted and the measured values of EWT. and FMC¢ to determine the
best ANN model. The cross-validation procedure was repeated 1000
times, and results were averaged to reduce unfavorable effects from the
random initialization of the optimization routine. The reliability of
ANNs in estimating our variables was evaluated using the cross-vali-
dated coefficient of determination (RZy) and the cross-validated root
mean squared error (RMSEcy). All analyses were carried out using the
MATLAB neural network toolbox.

3. Results
3.1. Relationship between canopy variables and emissivity spectra

The measured EWT; and FMC values demonstrated a wide range
[0.02-0.2 for EWT¢; and 0.51-6.99 for FMC¢] due to the variation in
the leaf shapes and sizes of the plants. The summary of the statistics
concerning these variables is presented for each species in Table 1. As
can be observed from this Table 1, Azalea japonica has the lowest value
for EWT¢ and FMCc, while Ficus benjamina and Buxus sempervirens have
the highest values for FMCc and EWT¢, respectively.

The relationship between EWT and LAI, as well as FMC and LAI,
were studied when the data were pooled using the coefficient of
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Table 2
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The performance of partial least square regression for estimating canopy equivalent thickness (EWT, g cm ™~ 2), and canopy fuel moisture content (FMCc). RMSEgy is the relative cross-

validated root mean squared error and R? is the coefficient of determination.

Species Variable No. of Factors R? RMSEcy SD of 3 Coeff Important wavebands (pum)
Ficus benjamina EWT¢ 3 0.672 0.024 0.094 8.8, 10.6, 10.7, 10.8, 13.2-13.5
FMC¢ 4 0.757 0.875 3.766 8.8, 11.9, 12.0, 13.7-14
Azalea japonica EWT¢ 5 0.810 0.003 0.035 8.0, 8.1, 8.2, 8.8, 10.4
FMCc 5 0.807 0.180 3.360 8.3-8.6, 8.8, 9.5
Euonymus japonicus EWT¢ 4 0.789 0.012 0.138 8.3, 8.8, 9.6, 9.8, 9.9, 10.4, 10.5
FMCc 3 0.804 0.442 4.410 8.1, 8.3, 8.8, 9.6, 9.9, 10.0, 10.3-10.5
Buxus sempervirens EWT¢ 4 0.589 0.025 0.088 8.0, 8.5, 8.8, 9.2-9.5, 11.1, 13.5, 13.8-14.0
FMCc 5 0.730 0.704 7.031 8.0, 8.8, 9.0, 9.1, 9.3, 11.1, 12.0-12.3, 12.5, 13.0, 13.5
Pooled data EWT¢ 5 0.390 0.030 0.111 8.8, 9.0, 9.4, 9.6, 10.1, 11.4, 11.8, 11.9, 12.3, 14.0
FMCc¢ 5 0.429 1.076 3.776 8.7, 8.8, 9.4-9.7, 10.1, 11.1, 11.7-11.9, 13.7

determination (R?). The results reveal that LAI has a negative re-
lationship with EWT (R? = 0.25) and FMC (R? = 0.05). In addition, the
result showed that a poor relation exists between EWT and FMC
(R* = 0.20) which confirms these variables effectively reflecting dif-
ferent properties.

3.2. Partial least square regression and vegetation water content variables

The most important wavebands for each species identified in the
PLSR model are tabulated in Table 2. The number of factors included in
each PLSR model range from three to five per species. The f coefficients
associated with the PLSR model for estimation of EWT; and FMCc
across the species and pooled data are shown in Fig. 2. As can be seen in
Table 2, among the investigated species EWTc and FMCc have been
accurately retrieved for Azalea japonica and least accurately retrieved
for Buxus sempervirens addition, the results show that FMCc is predicted
more accurately than EWTc. As can be seen from Fig. 2, standard de-
viations thresholds values are vary among the plant species. Ad-
ditionally, among the most important wavebands (Table 2 and Fig. 2),
waveband 8.8 pm is common to all the plant species, which could be
related to the emission of oleanolic acid (Ribeiro da Luz and Crowley,
2007) or leaf compounds other than cellulose (Fabre et al., 2011).

3.3. Estimating vegetation water content using artificial neural networks

A comparative analysis of ANNSs, resulting from the LMANN and
ScgANN training algorithms with different network inputs, is tabulated
in Table 3 and presents the estimated accuracy of the optimal ANN
structure for each species. The reliability of ANNs for estimating EWTc,
and FMC is confirmed by the high values of R%, and low values of
RMSEcy. The most remarkable result is that FMCc is retrieved with
higher accuracy than EWTc for all four species. As can be seen in
Table 3, in general, FMCc and EWT; are more accurately estimated
with the LMANN than with the ScgANN training algorithm. This can be
seen clearly in the estimation of both variables for Ficus benjamina,
Azalea japonica, as well as the pooled data. However, for Euonymus
japonicus the variables are more accurately estimated using the ScgANN
algorithm,; this is also the case for the EWT( in Buxus sempervirens with
all 279 narrow wavebands as network input.

Of the four species, Euonymus japonicus displays the most accurate
estimation of FMC¢ (RZy = 0.89 and RMSEcy = 0.007) and EWT¢
(RZy = 0.91 and RMSEcy = 0.18). As can be seen in Table 3, wave-
bands important for estimating water content at leaf level (Ullah et al.,
2014) used in ANN, result in the lowest accuracy for both FMC¢ and
EWT¢. The highest predicted accuracy using ANN is obtained using two
and seven neurons, respectively, in hidden layers for EWT; and FMCc.
The relationship between estimated and measured EWTc, and FMCc
using ANN models is shown in Fig. 3. Additionally, the results in
Table 3 demonstrate that using the most important wavebands,
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identified with PLSR as the network input, leads to higher prediction
accuracy, than using all the 279 available wavebands does among four
plant species. However, as can be seen from Table 3, using all 279
wavebands as network input achieved a higher prediction accuracy for
the pooled data for both EWT¢ and FMCc variables.

4. Discussion

This study attempts to highlight how emissivity spectra from the TIR
region can estimate mass based canopy water content (FMCc) and area
based canopy water content (EWTc) with statistical methods (i.e.,
PLSR) and machine learning algorithms (i.e., ANN). Previous literature
shows that EWT as an area-based variable can be estimated from water
absorption features in the VNIR and SWIR spectral domains (Bowyer
and Danson, 2004; Mirzaie et al., 2014). However, estimating the re-
lationship between FMCc and spectral data in the optical region re-
mains problematic (Chuvieco et al., 2003; Paltridge and Barber, 1988).
It seems that spectral information from these VNIR and SWIR is not
adequate for retrieving FMCc due to the internal structure of leaves as
well as the influence of vegetation DMC (Bowyer and Danson, 2004;
Ceccato et al., 2001). Our results demonstrate that both variables can
be predicted reasonably well from TIR emissivity spectra. However, we
demonstrate that mass-based canopy water content can be more accu-
rately retrieved across species from hyperspectral TIR data (Tables 2
and 3) than area-based canopy water content. A possible justification
for FMCc being predicted more accurately than EWT¢ using emissivity
spectra may be the relation between FMCc and the combination of heat
flow and mass. FMC¢ as a mass-based variable indirectly represents
temperature and light use efficiency and also represents the water
availability in the plant (Yebra et al., 2013).

In this study, FMC¢ and EWT¢ are calculated respectively by mul-
tiplying FMC and EWT with the LAI, which can be a proxy of mass.
Recently Neinavaz et al. (2016a) found that there is a positive corre-
lation between LAI and TIR emissivity spectra. As can be observed in
Fig. 1, the correlation between LAI and EWT is higher (R? = 0.25) than
between LAI and FMC (R? = 0.05). Therefore, when using LAI, one may
expect to retrieve EWT¢ with higher accuracy than FMCc. However, this
is not observed here. As FMC does not scale with LAI, which means that
canopies with similar FMC may have varying LAI values (Fig. 1) and,
consequently, differing spectral responses (Bowyer and Danson, 2004;
Yebra et al., 2013). In addition, our results show that both FMC¢ and
EWTc can be predicted with higher accuracy than LAI using TIR hy-
perspectral data (Neinavaz et al., 2016b).

Although in our study LAI was poorly correlated with EWT (leaf
level), this relationship might not always be strictly valid under all
conditions and may have different temporal (daily or seasonal) trends
or vary across ecoregions (Trombetti et al., 2008). It should be noted
that besides LAI some other factors such as canopy structure, tem-
perature, species physiology as well as the environmental conditions
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Cross-validated results (R%, and RMSEcy) of estimated canopy equivalent water thickness (EWT.) and canopy fuel moisture content (FMCc), obtained using artificial neural networks
with different network inputs structures, i.e., ANW is using All narrow wavebands, IPW is using Important wavebands identified by PLSR, and UIPW is using Optimal Waveband Index
identified by (Ullah et al. 2014) as network input parameters. LMANN and ScgANN are Levenberg-Marquardt and Scaled Conjugate Gradient training algorithms, respectively.

Species Input Training algorithm FMC¢ EWT¢
No. of neuron RZy RMSEcy No. of neuron R2y RMSEcy (g cm ™ 2)
Ficus benjamina ANW LMANN 6 0.76 0.77 1 0.67 0.02
PW 6 0.90 0.49 5 0.88 0.01
UIPW 7 0.21 1.38 2 0.49 0.03
ANW ScgANN 5 0.71 0.88 3 0.53 0.03
IPW 6 0.80 0.71 4 0.78 0.02
UIPW 5 0.20 1.39 4 0.26 0.04
Azalea japonica ANW LMANN 1 0.78 0.23 3 0.75 0.00
PW 1 0.91 0.13 2 0.57 0.01
UIPW 3 0.57 0.28 7 0.46 0.012
ANW ScgANN 6 0.75 0.23 7 0.47 0.01
PW 7 0.85 0.17 4 0.48 0.01
UIPW 6 0.26 0.37 6 0.39 0.011
Euonymus japonicus ANW LMANN 6 0.68 0.39 6 0.52 0.01
PW 7 0.91 0.18 2 0.89 0.007
UIPW 6 0.21 0.67 6 0.30 0.02
ANW ScgANN 4 0.83 0.31 3 0.82 0.00
PW 6 0.81 0.34 2 0.74 0.01
UIPW 6 0.17 0.63 6 0.19 0.02
Buxus sempervirens ANW LMANN 5 0.86 0.51 5 0.62 0.02
PW 3 0.91 0.40 5 0.70 0.02
UIPW 7 0.28 1.57 3 0.41 0.03
ANW ScgANN 6 0.65 0.84 4 0.65 0.02
IPW 6 0.79 0.61 5 0.69 0.02
UIPW 6 0.19 1.23 6 0.16 0.03
pooled data ANW LMANN 5 0.74 0.76 5 0.51 0.03
IPW 5 0.57 0.90 7 0.50 0.03
UIPW 7 0.24 1.17 5 0.19 0.03
ANW ScgANN 5 0.50 0.95 5 0.49 0.03
IPW 5 0.39 1.06 4 0.38 0.03
UIPW 6 0.15 1.25 5 0.13 0.04

can have an influence on the amount of water content in vegetation
(Aassine and El Jai, 2002; Atzberger et al., 2013; Serrano et al., 2000;
Trombetti et al., 2008). In this study, due to the stable conditions
provided during the laboratory measurements, potential variation
caused by environmental conditions (e.g. temperature) may be ignored.
However, further experimental work is required to confirm this asser-
tion.

As can be seen in Tables 2 and 3, our results indicate that EWT¢
(ANN: RZy = 0.51, RMSEcy = 0.03) and FMCc (ANN: Ry = 0.74,
RMSEcy = 0.76) have been predicted with moderate accuracy from the
pooled data. However, these variables have been retrieved with higher
accuracy at the species level. In other words, the observed relationships
with TIR emissivity spectra using both proposed statistical techniques
are likely to be species-specific. In this respect, the correlation between
emissivity spectra in the TIR region and variation in cuticle composition
in different plant species is a possible explanation (Elvidge, 1988;
Salisbury, 1986). Recently, Buitrago et al. (2016) studied the correla-
tion between leaf water content and TIR emissivity spectra and sug-
gested that the plant’s cuticle thickness and structure may be linked to
the changes in emissivity spectra. Additionally the multi-functional
properties of the cuticle, due to its heterogeneous structure and che-
mical nature (Khayet and Fernandez, 2012), may additionally vary
between e.g., species, genotypes, plant physiological status as well as
environmental conditions during growth (Fernandez et al., 2016, 2014;
Guzman-Delgado et al., 2016; Knoche et al., 2004; Szakiel et al., 2012),
and could consequently affect the emissivity spectra. Moreover, the
prediction of canopy water content (in terms of EWT¢ and FMCc) in the
TIR domain could be affected by differences in the vegetation canopy
architecture (Pinter et al., 1985) as well as canopy gap size (Ribeiro da
Luz and Crowley, 2010) through the control of energy transfer (Kimes,

1980). Therefore, in order to obtain an accurate estimation of canopy
parameters such as EWT¢ and FMCc in heterogeneous ecosystems,
knowledge of other biophysical and biochemical properties of plant
species is probably a prerequisite.

Our findings revealed that compared with PLSR models, the ANN
approach obtained relatively higher prediction accuracy. This may be
due to the fact that ANN method as a machine learning algorithm offers
a powerful means of analyzing complex datasets without making as-
sumptions about the model parameterization. Our results are in
agreement with the previous finding of Neinavaz et al. (2016b) who
revealed that ANN improves the prediction accuracy of canopy bio-
physical variables compared with PLSR using emissivity spectra over
the entire TIR spectrum. Both methods (i.e., PLSR and ANN) have their
strengths and limitations which have been addressed by many re-
searchers (Cramer, 1993; Mehrotra et al., 1997; Pirouz, 2006).

Of the three categories of network input for ANN used to retrieve
EWT¢ and FMCc, the important wavebands identified using PLSR (i.e.,
IPW) were superior to the others for the prediction of these variables for
individual species (RZy = 0.92, RMSEcy = 0.19 for FMCg and
R2y = 0.89, RMSEcy = 0.007 for EWT(). In contrast, the ANW network
input achieved a higher prediction accuracy (RZy = 0.74,
RMSEqy = 0.76 for FMCg; and RZy = 0.51, RMSEcy = 0.03 for EWTc)
for pooled data. A possible explanation is that by incorporating im-
portant wavebands into the back-propagation neural network as input
variables, over-fitting was prevented and data dimension was reduced
for individual plant species. It should be noted that previous studies
have shown that emissivity spectra are species-specific over TIR region
(Neinavaz et al., 2016b; Ribeiro da Luz and Crowley, 2007) and the
spectral features in the TIR domain varied from one species to another
(Fabre et al., 2011). Therefore, the ANW input network, which contains
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Fig. 1. Measured leaf area index (m? m~?) versus equivalent water thickness (g cm?) (a), and estimated fuel moisture content (%) (b), and measured equivalent water thickness versus

estimated fuel moisture content (c) for the pooled dataset.

279 wavebands, seems more suitable to use for pooled data. Wavebands
identified by Ullah et al. (2014) achieved lower accuracies estimating
both variables than other network inputs (Table 3). The reason for this
may be that their study was carried out at leaf level and that the canopy
structure and architecture of different plant species did not play any
role in their findings.

In this study, we did not assess the strength of the entire spectra
(i.e., VNIR-TIR region) for the retrieval of vegetation water content
(i.e., FMC and EWT) at canopy level. However, since FMC¢ was pre-
dicted with higher accuracy than EWT¢ which is contrary to previous
findings using hyperspectral and multispectral data, further experi-
mental efforts would be required to assess the improvement in pre-
diction accuracy of FMC and EWT at canopy level over different regions
of electromagnetic spectrum.

The results that are reported in this study are derived from emis-
sivity measurements under controlled laboratory conditions.
Accordingly, atmospheric absorption and scattering effects have been
dismissed from our data set, and possible sources of error such as at-
mospheric corrections, and the effect of the background have been re-
duced. It will require further study to quantify the possible effect of
these factors on the success of estimating EWC and FMC at canopy level
from TIR spectra. However, this study provides an initial basis for
evaluating the potential of thermal hyperspectral remote sensing for
EWT¢ and FMC¢ prediction.

5. Conclusion

Our results demonstreted the value of thermal emissivity spectra
from the TIR region for predicting FMCc and EWT. using multivariate
statistical technique and machine learning algorithm (i.e., PLSR and
ANN, respectively) at canopy level for multiple plant species. FMCc as a
representative of mass-based variables has been retrieved more accu-
rately than EWT¢ from hyperspectral TIR data. When pooled data of
several plant species is considered, the prediction accuracy drops for
both variables (i.e., EWT; hand FMC¢). When combined with ANN,
optimized narrow wavebands as network input data present the most
satisfactory performance predicting EWT¢ and FMCc. Clearly, given the
results of our experiments, it will be difficult, although not impossible,
to extend our findings to airborne and satellite level, particularly in
different ecosystems. Field conditions, including canopy structure and
atmospheric conditions, coupled with the spatial and spectral resolu-
tion of satellite observations, may provide challenges when upscaling to
canopy level. However, in our perspective, the findings of this study
prove the concept of predicting vegetation water content at canopy
level by means of hyperspectral TIR data to be valid.
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Fig. 3. Scatterplots of measured versus estimated ca-
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