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Summary 

Water is essential for the growth of plants, their metabolic processes, and their general health. Wa-

ter-deficit stress, usually shortened to water- or drought stress, is one of the most critical abiotic stressors 

limiting plant growth, crop yield and quality concerning food production. Today, agriculture consumes 

about 80 – 90 % of the global freshwater used by humans and about two thirds are used for crop irriga-

tion. An increasing world population and a predicted rise of 1.0 – 2.5°C in the annual mean global 

temperature as a result of climate change will further increase the demand of water in agriculture. There-

fore, one of the most challenging tasks of our generation is to reduce the amount water used per unit 

yield to satisfy the second UN Sustainable Development Goal and to ensure global food security. Pre-

cision agriculture offers new farming methods with the goal to improve the efficiency of crop produc-

tion by a sustainable use of resources. 

Plant responses to water stress are complex and co-occur with other environmental stresses under 

natural conditions. In general, water stress causes plant physiological and biochemical changes that 

depend on the severity and the duration of the actual plant water deficit. Stomatal closure is one of the 

first responses to plant water stress causing a decrease in plant transpiration and thus an increase in 

plant temperature. Prolonged or severe water stress leads to irreversible damage to the photosynthetic 

machinery and is associated with decreasing chlorophyll content and leaf structural changes (e.g., leaf 

rolling). Since a crop can already be irreversibly damaged by only mild water deficit, a pre-visual de-

tection of water stress symptoms is essential to avoid yield loss.  

Remote sensing offers a non-destructive and spatio-temporal method for measuring numerous phys-

iological, biochemical and structural crop characteristics at different scales and thus, is one of the key 

technologies used in precision agriculture. With respect to the detection of plant responses to water 

stress, the current state-of-the-art hyperspectral remote sensing imaging techniques are based on meas-

urements of thermal infrared emission (TIR; 8 – 14 µm), visible, near- and shortwave infrared reflec-

tance (VNIR/SWIR; 0.4 – 2.5 µm), and sun-induced fluorescence (SIF; 0.69 and 0.76 µm). It is, how-

ever, still unclear how sensitive are these techniques with respect to water stress detection. 

Therefore, the overall aim of this dissertation was to provide a comparative assessment of remotely 

sensed measures from the TIR, SIF, and VNIR/SWIR domains for their ability to detect plant responses 

to water stress at ground- and airborne level. In particular, the objectives of the thesis were to: (i) assess 

the ability of hyperspectral remote sensing indices (including spectral emissivity, CWSI, PRI, SIF) to 

detect water stress, (ii) examine the potential of hyperspectral remote sensing indices for water stress 

detection at airborne level and provide an outlook for future satellite missions, (iii) determine the ad-

vantages of hyperspectral TIR instruments in comparison to broadband TIR instruments for the retrieval 
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of temperature and emissivity, (iv) assess the effect of other factors than stress (i.e., plant species) on 

spectral emissivity. The research objectives were examined in four experimental studies and are the 

subject of four peer-reviewed publications.  

The main finding of this thesis is that temperature-based indices (e.g., CWSI) were most sensitive 

for the detection of plant water stress in comparison to reflectance-based VNIR/SWIR indices (e.g., 

PRI) and SIF, at both ground- and airborne level. Further findings are, first, that even mild effects on 

plant transpiration could be measured at airborne level using temperature-based indices retrieved by 

high spatial resolution TIR images. Second, for the first time, spectral emissivity as measured by the 

new hyperspectral TIR imaging instrument could be used to detect plant water stress at ground level. 

Third, temperature-based indices were equally sensitive for the detection of plant responses to water 

stress as retrieved from hyperspectral or broadband TIR images. Finally, different plant species revealed 

distinct spectral emissivity features in the TIR spectral domain.  

Based on these findings it can be stated that hyperspectral TIR remote sensing offers great potential 

for the detection of plant responses to water stress at ground- and airborne level based on both TIR key 

variables, surface temperature and spectral emissivity. However, the large-scale application of water 

stress detection based on hyperspectral TIR measures in precision agriculture will be challenged by 

several problems: (i) missing thresholds of temperature-based indices (e.g., CWSI) for the application 

in irrigation scheduling, (ii) profound knowledge about the relationship between the spectral emissivity 

features and changes in leaf traits under environmental stress conditions is missing, (iii) lack of current 

TIR satellite missions with suitable spectral and spatial resolution, (iv) lack of appropriate data pro-

cessing schemes (including atmosphere correction and temperature emissivity separation) for hyper-

spectral TIR remote sensing at airborne- and satellite level. 
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1 Importance of Water Stress Detection 

Water-deficit stress, usually shortened to water- or drought stress, describes the plant physiological 

responses induced by lack of available water due to either soil water deficit or high evaporative demand 

of the atmosphere. Water stress induces dehydration in the plant and prevents plant cells to keep water 

concentrations at an acceptable and healthy level (Hopkins and Hüner, 2009; Porporato and Laio, 2001). 

Therefore, water stress is one of the most critical abiotic stressors limiting plant growth, crop yield and 

quality concerning food production (Chaves et al., 2002; Hsiao et al., 1976). 

Since the global population is projected to grow by about 2.3 billion people between 2015 and 2050 

and societies are changing from low to medium per capita income, global food demand is expected to 

double within the same time (Atzberger, 2013; Tilman et al., 2011; United Nations, 2015a). Therefore, 

one of the most challenging tasks of our generation is to meet the second Sustainable Development 

Goal as defined in the 2030 agenda for sustainable development by the United Nations: ‘End hunger, 

achieve food security and improved nutrition and promote sustainable agriculture.’ (United Nations, 

2015b). In this respect, agricultural processes need to be optimized and innovative farming methods 

must be developed to guarantee global food supply, as arable land and environmental resources have 

almost reached the limits of sustainability.  

Water is the most valuable resource of our planet. Today, agriculture consumes 80 – 90 % of fresh-

water used by humans worldwide and about two-thirds of this freshwater is required for crop irrigation 

(Fereres and Evans, 2006). In the words of Kofi Annan, former UN Secretary General, in 2000: ‘we 

need a Blue Revolution in agriculture that focuses on increasing productivity per unit of water’. The 

ultimate goal must be a reduction of the amount of water used per unit yield (Morison et al., 2008).  

In addition, anthropogenic climate change is predicted to cause an increase of 1.0 – 2.5°C in the 

annual mean global temperature over the next 50 years with tremendous impact on agriculture (IPCC, 

2007). As a consequence, evapotranspiration rates will increase and thus, the demand of water for crop 

irrigation will further rise. At the same time, extreme weather events such as droughts will appear more 

frequently and be more severe. These facts add some extra pressure to an increasing global water scar-

city and the need for saving water.  

Hence, it is desired to reduce the amount of water used per unit yield by reducing yield loss and by 

reducing the amount of water used for irrigation. To achieve this goal, early detection and monitoring 

of plant responses to water stress in agricultural crops are mandatory. Remote sensing offers the oppor-

tunity to acquire high spatial, spectral and temporal resolution data as input for precision agriculture 

(Gebbers and Adamchuk, 2010). Precision agriculture promises great potential to close the yield gap 

by optimising food production using the right management practice at the right place and the right time, 

while keeping the consumption of resources at an environmentally sustainable level (Mulla, 2013).  
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2 Plant Responses to Water Stress 

Plant responses to water stress are numerous and complex (see Chaves et al., 2002; Hsiao, 1973; 

Mahajan and Tuteja, 2005; Yordanov et al., 2003 for comprehensive reviews). They appear synergisti-

cally or antagonistically and are modified by co-occurring plant stresses under field conditions (Fig. I-

1) (Chaves et al., 2002; Jones and Schofield, 2008; Schulze, 1986). Therefore, it remains difficult to 

detect and monitor plant water deficit based on a single plant response (Jones and Vaughan, 2010). In 

general, water deficit causes physiological and biochemical changes which induce a reduction in pho-

tosynthesis and thus plant growth (Yordanov et al., 2003). However, the timing, intensity and duration 

of water stress are crucial to determine the plant physiological responses and their impact on plant 

metabolism (Chaves and Oliveira, 2004). For example, under mild water stress conditions, plant regu-

lation of water loss and uptake still allows the plant to maintain relative leaf water content with no or 

only little change in photosynthetic capacity. In contrast, severe water deficit induces serious physio-

logical and biochemical changes, which lead to effects ranging from inhibition of photosynthesis and 

growth to leaf wilting and the loss of key pigments like chlorophyll and thus to irreversible damage to 

the photosynthetic machinery (Jones and Schofield, 2008; Mahajan and Tuteja, 2005; Yordanov et al., 

2003). Hence, plants have developed multiple mechanisms to prevent severe damage through water 

stress (Bray, 1997).  

The first plant response to water stress is stomatal closure, which prevents transpirational water loss 

(e.g., Chaves et al., 2002; Jones and Schofield, 2008; Mahajan and Tuteja, 2005). In particular, stomatal 

closure is the response to either a deficit in soil water supply or to low-humidity atmosphere with a high 

evaporative demand. It is commonly assumed that stomatal response is rather linked to soil water con-

tent than to leaf water content. This suggests that stomata are most likely triggered by chemical signals, 

such as the accumulation of abscisic acid (ABA) in dehydrated roots rather than by a reduced cell turgor 

(Chaves et al., 2002). However, under severe and/or prolonged water stress, cell turgor and leaf water 

content is also reduced (Mahajan and Tuteja, 2005). As a consequence, the exchange of water vapor 

between plants and atmosphere is reduced by stomatal closure and thus, the evaporative cooling effect 

is decreased resulting in an overall increase of plant temperature compared to a plant which does not 

suffer from water stress (Hsiao, 1973; Jones, 2004a; Schulze, 1986).  

However, the stomata not only control plant transpiration but also plant respiration which inhibits 

CO2 uptake and fixation. As a result of stomatal closure, the photosynthetic rate is reduced, which 

causes a reduction in cell division and thus slows down leaf growth and decreases leaf surface area. A 

persistent water deficit will further damage the photosynthetic machinery through loss of chlorophyll, 

which finally introduces changes in leaf colour and wilting (Chaves and Oliveira, 2004; Mahajan and 

Tuteja, 2005; Yordanov et al., 2003). Another plant response to water stress is the change in sun-in-

duced fluorescence (SIF). While the photosynthetic rate is reduced by a decreased CO2 uptake due to 
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stomatal closure, irradiance and absorbed photosynthetically active radiation (fAPAR) remain constant. 

In general, energy absorbed by plant pigments (i.e., the chlorophylls and carotenoids) is dissipated by 

three competitive processes (i.e., photosynthesis, SIF and heat emission). Consequently, a reduction of 

photosynthesis implies an increase in SIF and/or heat dissipation (Porcar-Castell et al., 2014).  

Besides these plant responses to water stress, osmotic adjustment is a further strategy to prevent 

irreversible damage. Osmotic adjustment describes the process of the accumulation of solutes such as 

carbohydrates and proteins to maintain the cell turgor at osmotic equilibrium (Bradford and Hsiao, 

1982). 

In summary, plant responses to water stress can be recognized as a sequence of physiological and 

biochemical changes depending on the severity and duration of plant water deficit. Hence, the detection 

of water stress symptoms is a function of time and depends on the plant responses to water deficit and 

their corresponding physiological changes, which may be sensitive to different remote sensing tech-

niques.  

 

Fig. I-1: Most important relationships between primary plant stresses, the induced plant responses, and the hyperspectral re-

mote sensing techniques for the detection of environmental stresses (modified after Jones and Vaughan, 2010, p. 272). 
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3 Remote Sensing of Water Stress 

Remote sensing is one of the key technologies in precision agriculture, which has an enormous 

demand for geospatial information (Gebbers and Adamchuk, 2010; Mulla, 2013). Besides the infor-

mation needs for soil properties, crop nutrients, crop biomass and diseases, farmers and decision makers 

have a major interest in the detection of plant responses to environmental stresses for (Lee et al., 2010). 

In general, remote sensing provides a fast, cost-efficient, non-destructive and spatio-temporal measure 

of numerous physiological, biochemical and structural crop characteristics at different scales (ground, 

airborne, and satellite). Since the plant can already be irreversibly affected once visible symptoms of 

water stress appear, a pre-symptomatic or pre-visual detection of plant physiological changes can con-

tribute essentially to avoid severe crop damage (Chaerle and Van Der Straeten, 2000). Especially hy-

perspectral imagery, with its continuous spectral data, has the potential to provide further insights into 

the relationship between spectral features and associated plant conditions (Pinter Jr. et al., 2003). Fo-

cusing on the detection of plant responses to environmental stresses, the main hyperspectral remote 

sensing techniques are thermal imaging (TIR; 8 – 14 µm), visible, near- and shortwave infrared reflec-

tance (VNIR/SWIR; 0.4 – 2.5 µm), and sun-induced fluorescence (SIF; 0.69 and 0.76 µm).  

3.1 Thermal Infrared Domain 

Since the 1970’s thermal remote sensing (8 – 14 µm) has been recognized as a potential tool for 

early plant water stress detection. In general, emitted radiance in the TIR contains two kinds of infor-

mation: (i) surface temperature of the object of interest and (ii) its spectral emissivity. 

3.1.1 Temperature Approach 

Measuring leaf or canopy temperature for the detection of plant responses to water deficit stress is 

based on the idea of Tanner (1963). It is well established from the leaf energy balance equation that leaf 

temperature varies with (evapo-) transpiration rates of the leaves and hence is a function of stomatal 

conductance (Fuchs and Tanner, 1966; Jones, 1999a; Tanner, 1963). The transpiration rate is inversely 

correlated to leaf temperature (Inoue et al., 1990). The underlying principle is that if plant water status 

decreases, leaf transpiration is reduced as a result of active regulation of stomatal aperture (Chaerle and 

Van Der Straeten, 2000). Consequently, the inhibited evaporative cooling effect leads to higher leaf and 

canopy temperatures in comparison to a well-watered plant (see section 2 of this Chapter). Normally, 

the leaf temperature of a fully transpiring plant is about 2 – 5 K below the ambient air temperature 

(Jones, 1999b). Thus, leaf or canopy temperature depends highly on stomatal conductance (Jones, 

2004a). Accordingly, as stomatal closure is the first plant response to water deficit, thermal remote 

sensing of leaf and/or canopy temperature has become an established technique to detect pre-visual 
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water stress detection (e.g., Costa et al., 2013; Idso et al., 1981, 1977a; Jackson et al., 1981; Jones, 

2004b; Maes and Steppe, 2012). 

The major limitation of this temperature-based approach is that the use of leaf or canopy tempera-

ture values alone cannot directly estimate the physiological status of crop plants (Inoue et al., 1990). 

This is because leaf temperatures measured under natural field conditions are very sensitive to highly 

fluctuating environmental factors such as air temperature, humidity, vapour pressure deficit (VPD), 

wind speed and incident radiation. Therefore, a variety of crop water stress index approaches have been 

developed in the past with the aim of estimating plant water stress more quantitatively by normalizing 

radiatively measured leaf temperatures to actual environmental conditions. Following, a concise over-

view of the most important approaches of TIR sensing for water stress detection is given (see Costa et 

al., 2013; Jones, 2004a; Maes and Steppe, 2012 for comprehensive reviews).  

The first development was the normalization of plant temperatures against air temperature formu-

lated in the Stress Degree Day (SDD) by Jackson et al. (1977) and Idso et al. (1977b). This approach is 

based on the difference between leaf and air temperature (Tleaf – Tair) measured 1 – 1.5 hours after solar 

noon. Appearance of water stress is assumed as soon as Tleaf – Tair rises above 0 K.  

A further improvement of SDD was the commonly established and mostly used index for remotely 

sensed water stress detection, the Crop Water Stress Index (CWSI, Idso et al., 1981b; Jackson et al., 

1981):  

𝐶𝑊𝑆𝐼= 
𝑇𝑙𝑒𝑎𝑓−𝑇𝑤𝑒𝑡

𝑇𝑑𝑟𝑦−𝑇𝑤𝑒𝑡
 (I-1), 

where Tleaf is the measured leaf temperature, Twet is the lower boundary for canopy temperature, 

assuming a leaf with stomata fully open and a maximum potential transpiration rate, and Tdry is the 

upper boundary represented by a non-transpiring leaf with stomata completely closed. The greatest 

advantage in comparison to the simple approach of SDD is that CWSI considers not only actual air 

temperature but also other environmental factors (i.e., wind, radiation, VPD, etc.) by defining potential 

boundaries. Therefore, CWSI should be adaptable to any crop under any meteorological condition.  

A variety of approaches have been developed to estimate Twet and Tdry as the input of CWSI calcu-

lation. For example, the analytical CWSI is a combination of leaf temperature measurements and actual 

micro-meteorological data (e.g., wind, air temperature, VPD). Whereas, the empirical approach only 

accounts for leaf temperature, air temperature, VPD and two empirically determined crop-specific var-

iables (Maes and Steppe, 2012).  

However, CWSI works well in dry and hot climates with high VPD, but is limited in humid climates 

with lower VPD and higher variability in wind speed, cloud cover and thus incident radiation (Jones, 
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2004a). Therefore, the most powerful approach to overcome these problems is the use of artificial ref-

erence surfaces. This approach allows simultaneous measurement of reference and leaf temperature. To 

simulate Twet, an artificial surface with the same aerodynamic properties or a natural leaf is sprayed with 

a thin water layer on one or both sides. Tdry can be created by covering natural leaves with petroleum 

jelly or by using an untreated artificial reference surface. The main advantage of using reference sur-

faces is that no additional meteorological measurements are required and all needed values can be meas-

ured within the same image (e.g., Jones, 2004a; Maes et al., 2016; Maes and Steppe, 2012). However, 

the use of artificial reference surfaces presents some problems with regard to the choice of material and 

its handling in the field. In principle, it should have the same aerodynamic and optical properties as real 

leaves. Further, its spectral emissivity must be close or similar to the emissivity of the observed leaves 

to prevent errors in temperature estimation (Jones, 2004a). At airborne and satellite scale the application 

of artificial reference surfaces seems to be difficult (Jones et al., 2009a) and could be replaced by larger 

wet references as suggested by Meron et al. (2003).  

Alternative derivatives of the CWSI are the Water Deficit Index (WDI, Moran, 1994) and the ther-

mal index of relative stomatal conductance (IG, Jones, 1999a). WDI takes advantage of an optical VI 

(e.g., NDVI) to separate vegetation from soil pixels within a field. Based on some rearrangement of the 

leaf energy balance equation, IG has the advantage over CWSI that it is directly linearly related to sto-

matal conductance (Maes and Steppe, 2012). Since temperature-based indices are only relative 

measures of plant stress, the physically-based modelling of evapotranspiration could offer an alternative 

approach not only for the detection of plant responses to water deficit but also to gain further insights 

into the interaction of plants with the intervening pedosphere and atmosphere under environmental 

stress conditions. For example, Mallick et al. (2015) provide a physically-based model approach to 

retrieve evapotranspiration from remotely sensed surface temperatures, called Surface Temperature In-

itiated Closure (STIC). STIC is based on the integration of surface temperature into the Penman-Mon-

teith (PM) equation and offers the opportunity to be conducted on field-, regional- and global scale.  

Because of the enormous potential of temperature-based indices for the pre-visual detection of plant 

responses to water stress, many airborne (e.g., AHS, TIMS, ATLAS) and satellite (e.g., ASTER, 

AVHRR, MODIS, Landsat series) TIR sensors have been developed and have been applied in agricul-

ture (see Khanal et al., 2017 for review). However, satellite sensors have limitations for applications in 

precision agriculture because of their low spatial and temporal resolution. For example, the best spatial 

resolution with 100 m is delivered by Landsat 8, which, for most agricultural cultivation systems, cor-

responds to a single field per pixel (Mahlein, 2016). Thus, recent developments in TIR remote sensing 

from airborne and Unmanned Aerial Vehicles (UAVs) have great potential to bridge the gap between 

low-resolution satellite images and small-scale in situ measurements. For example, Berni et al. (2009) 
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demonstrated the ability of quantitative UAV remote sensing for a number of agricultural applications 

by using thermal and narrowband multispectral optical sensors. 

However, for the majority of studies, broadband TIR sensors are used to estimate temperature-based 

indices for the detection of plant responses to water stress (Grant et al., 2012, 2007, 2006; Jones et al., 

2009a; Zarco-Tejada et al., 2013). Broadband TIR imagers (i.e., one spectral band in the wavebands of 

7 – 14 µm) are based on the assumption of a constant emissivity (e.g., 0.97 for vegetation), which does 

not exist in nature (Ullah et al., 2012b). Thus, neglecting the spectral emissivity of the leaves themselves 

limits the accuracy of temperature estimation. For example, an error in the assumed emissivity of 1 % 

results in absolute temperature errors of about 1 K (Jones, 2004a). However, new hyperspectral TIR 

imagers provide innovative techniques to overcome this limitation by many narrowband measures, 

which allow precise spectral emissivity retrieval and hence better surface temperature estimation com-

pared to broadband thermal cameras (for more details see section 3.1.3 in this Chapter). 

3.1.2 Emissivity Approach 

Despite a variety of geological applications using TIR spectroscopy (e.g., Hecker et al., 2011; van 

der Meer et al., 2012), up to now, hyperspectral TIR remote sensing of plant properties has received 

little attention. The general assumption that vegetation does not provide suitable spectral features in the 

TIR to study plant physiological traits depends on several issues as summarized by Ribeiro da Luz and 

Crowley (2007): (i) general lack of hyperspectral instruments for remote sensing (most available setups 

are based on laboratory equipment), (ii) very low and complex spectral emissivity variations are origi-

nating from complex plant physiological and biochemical processes, (iii) low SNR as well as low spatial 

and spectral resolution of airborne or satellite remote sensing TIR sensors fail to detect minor variations 

in plants TIR spectral fingerprint, (iv) proper atmospheric correction and advanced temperature 

emissivity separation (TES) methods are needed to retrieve accurate emissivity spectra. 

Only few scientists have studied vegetation spectra in TIR thus far. Salisbury (1986) was the first 

who recognized detectable spectral variations in fresh leaves of 13 different tree species using Direc-

tional Hemispherical Reflectance (DHR) measurements at laboratory level. In 2007, Ribeiro da Luz 

and Crowley associated vegetation spectral features to leaf chemical compounds such as cellulose, xy-

lan, lignin, cutin and silica. Further, they were the first who carried out suitable field, canopy and air-

borne measurements of vegetation spectra in the TIR (Ribeiro da Luz and Crowley, 2010). These find-

ings, together with recent advances in sensor technology and the availability of hyperspectral TIR im-

agers (e.g., Telops Hyper-Cam LW, Speciem AisaOWL, Itres TASI-600, SEBASS (Spatially Enhanced 

Broadband Array Spectrograph System)) facilitate new possibilities to detect environmental stress 

based on spectral emissivity.  
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The main underlying advantage of TIR spectral information in comparison to the VNIR/SWIR do-

main is that TIR spectral features originate from primary absorption bands of biochemical leaf com-

pounds (e.g., cellulose) and should thus exhibit higher spectral contrast as VNIR/SWIR spectra which 

are mainly dominated by overtones and combination modes of fundamental vibrations originating from 

the interactions between solar radiation and leaf contents (e.g., leaf pigments). Therefore, changes in 

the compositions of leaf constituents due to osmotic adjustment induced by water stress should be ac-

companied with changes in the emissivity spectra. However, only little effort has been directed to the 

detection of plant responses to environmental stresses based on spectral emissivity. Buitrago et al. 

(2016) showed the ability of spectral emissivity to detect water and cold stress on both European beech 

(Fagus sylvatica) and rhododendron (Rhododendron cf. catawbiense) leaves using DHR laboratory 

measurements. Using spectral emissivity measurements from a field experiment Buddenbaum et al. 

(2015) were able to differentiate stressed from non-stressed European beeches (Fagus sylvatica).  

The retrieval of spectral emissivity and surface temperature requires an exact pre-processing of 

hyperspectral TIR images which is detailed in the next section.  

3.1.3 Hyperspectral TIR Image Pre-Processing 

In order to derive both accurate surfaces temperatures and emissivity spectra from hyperspectral 

TIR data, two fundamental problems have to be solved (e.g., Kealy and Hook, 1993; Schmugge et al., 

2002; Sobrino et al., 2008). First, atmospheric correction is needed, hence, the spectral radiance meas-

ured at sensor consists not only of the radiance emitted by the object of interest itself, but also includes 

thermal radiation emitted by surroundings and reflected from the surface of the object (down-welling 

radiance, DWR). It is further influenced by the intervening atmosphere in terms of absorption, emission 

and scattering (upwelling radiance and transmittance (τ) of the atmosphere). Upwelling path and τ can 

be neglected for short distance measurements, but should be corrected for airborne or satellite imagery. 

Second, a solution of the so-called TES-problem (Temperature Emissivity Separation) is required. The 

measured spectral radiance is, with regard to Planck’s law, a function of the absolute temperature and 

the spectral emissivity of the observed object. Thus, if the radiance is measured in n channels, there will 

be n + 1 unknowns, n emissivities values, plus the surface temperature. Therefore, to retrieve accurate 

surface temperatures, the spectral emissivity must be known and vice versa.  

While in theory the equation is still underdetermined, hyperspectral data in comparison to multi-

spectral data allows a good fit to Planck’s radiance curve for a specific temperature (Vaughan et al., 

2003). Nowadays, a variety of algorithms exist which differ in the underlying assumptions and the data 

basis. A comprehensive review is given by Li et al. (2013). In general, it must be distinguished between 

short (indoor and outdoor measurement with 1 – 3 m) and large (field or air- and space-borne measure-

ments) sensor – target distances. The ‘spectral smoothness’ method introduced by Horton et al. (1998) 
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is the most accurate TES-approach for short distance field measurements. This is because no a priori 

knowledge - neither the maximum value of the emissivity nor the corresponding wavenumber - are 

required. The atmospheric emission lines (i.e., H2O) are negatively oriented if the sample temperature 

is overestimated and vice versa. Using this atmospheric characteristic, the target emissivity spectrum 

can be accurately retrieved by iteratively changing the target temperature. However, this approach is 

only suitable for outside measurement in the presence of atmospheric water vapour lines. For indoor 

measurements, the Reference Channel or the Blackbody Fit should be used alternatively (Hecker et al., 

2013). Concerning measurements from greater distance (field, airborne or satellite), atmospheric 

upwelling path and τ cannot be neglected. The ‘Automatic Retrieval of Temperature and Emissivity 

using Spectral Smoothness’ (ARTEMISS) by Borel (2003) is a hybrid approach, combining atmos-

pheric correction and TES. First, the required atmospheric parameters (DWR, upwelling, τ) are deter-

mined using a MODTRAN (MODerate resolution atmospheric TRANsmission) look-up-table (LUT). 

To this end, a pre-selection of potential atmospheric parameters is completed by using the ‘In Scene 

Atmospheric Compensation’ (ISAC) approach by Young et al. (2002). Finally, spectral emissivity is 

retrieved using a spectral smoothness approach called ISSTES (Iterative Spectrally Smooth Tempera-

ture and Emissivity Seperation, Borel, 1997). In comparison to other in-scene atmospheric correction 

approaches, such as ISAC or AAC (Autonomous Atmospheric Compensation, Gu et al., 2000), 

ARTEMISS does not require any a priori knowledge and considers DWR. Therefore, ARTEMISS can 

be considered the state-of-the-art algorithm for hyperspectral TIR airborne data.  

3.2 Solar-Reflective Domain 

Over the past four decades, remote sensing of vegetation has focused on the solar- or optical-reflective 

domain of the electromagnetic spectrum (0.4 – 2.5 µm; VNIR/SWIR) with a large number of available 

multi- and hyper-spectral sensors at ground- (e.g., ASD FieldSpec, SpectralEvolution PSR+), airborne- 

(e.g., AVIRIS, HyMap, HySpex, Aisa EAGLE), and spaceborne-level (e.g., Landsat, SPOT, MODIS, 

IKONOS). Optical-reflective remote sensing is based on the spectral reflectance properties of mainly 

the leaves, the canopy and the underlying soil. (Peñuelas et al., 1994; Pinter Jr. et al., 2003). The visible 

spectral range (0.4 – 0.7 µm) is primarily sensitive to leaf pigments, while the near infrared 

(0.7 – 1.3 µm) and the shortwave infrared (1.3 – 2.5 µm) are predominantly sensitive to leaf cell struc-

ture and canopy structure and leaf/canopy water content, respectively. Especially hyperspectral data 

opened the opportunity for the development of narrowband vegetation indices (VIs), simplifying the 

interpretation of complex vegetation reflectance signatures based on their indirect relationships to plant 

physiological and structural parameters (Govender et al., 2009). Numerous VIs have been developed to 

detect plant water stress based on VNIR/SWIR reflectance. Since most VIs are based on empirical 

relationships under specific experimental conditions, they are suffering from limitations of transferabil-

ity to different species or environmental conditions (Jones and Vaughan, 2010).  



Introduction Remote Sensing of Water Stress 

 

11 

 

Since the leaf chlorophyll content may decrease under water stress conditions (see section 2 of this 

Chapter), numerous narrowband spectral indices sensitive to leaf chlorophyll were developed 

(Haboudane et al., 2002). While some chlorophyll-based spectral indices are sensitive to leaf color (i.e., 

yellowing of the leaf) such as the Simple Ratio (SR, Asrar et al., 1984), Normalized Difference Vege-

tation Index (NDVI, Rouse et al., 1974) is sensitive to both chlorophyll content and canopy structural 

parameters (i.e., changes in leaf area index (LAI)).  

Leaf water content is highly correlated with water absorption bands in the NIR and SWIR (Tucker, 

1980). Since leaf water content is decreased with prolonged or severe water stress (see section 2 of this 

Chapter), changes in the corresponding leaf reflectance signal (i.e., saturation of water absorption 

bands) can be used to calculate water content related VIs. For example, simple ratio indices like the 

Water Index (WI) (Peñuelas et al., 1993), the Leaf Water Index (LWI) (Seelig et al., 2008) and the 

Moisture Stress Index (MSI) (Hunt Jr. and Rock, 1989), are sensitive to variations in the water absorp-

tion bands at 0.97 µm and 1.45 µm, respectively. 

However, VIs related to chlorophyll or leaf water content are related to late plant responses which 

tend to arise with visible symptoms (i.e., changing leaf color, leaf rolling or wilting). Thus, it can be 

assumed that their usage for pre-visual water stress detection in crops is limited.  

As another narrowband spectral index, the Photochemical Reflectance Index (PRI, Gamon et al., 

1992) is sensitive to variations in the leaf xanthophyll pigments. PRI is directly linked to the photosyn-

thetic process due to short-term changes in xanthophyll pigments under stress conditions. Therefore, 

PRI is considered a pre-visual proxy for water stress detection. For instance, Suárez et al. (2009) and 

Panigada et al. (2014) illustrated the feasibility of PRI as a pre-visual water stress indicator at airborne 

level. Suárez et al. (2009) observed robust relationships with canopy temperatures for various crops 

(e.g., r²=0.8 for peach trees, r²=0.65 for olive trees, r²=0.72 for maize). Additionally, Panigada et al. 

(2014) found that PRI is more sensitive to an early plant water stress stadium than traditional VIs (e.g., 

NDVI). However, the ability of the PRI to be used for water stress detection is not conclusive (Gerhards 

et al., 2016; Panigada et al., 2014; Rossini et al., 2015b). 
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3.3 Sun-Induced Fluorescence (SIF) 

As narrowband reflective VIs underlie several limitations, especially in their capability of an early 

or pre-visual stress detection, remote sensing of sun-induced fluorescence (SIF) has become more and 

more prominent over the last decade (see Meroni et al. (2009) for a comprehensive review). SIF is the 

passive measurement of chlorophyll fluorescence emission peaks centered at 670 nm and 760 nm and 

is considered a direct indicator of photosynthetic efficiency (Rascher et al., 2015). The utility of SIF for 

monitoring the functional status of actual photosynthesis and the detection of plant responses to envi-

ronmental stresses has been examined in ground-based experiments, airborne campaigns and even to-

wards satellite missions (Meroni et al., 2009).  

Simplified, the rationale for remote sensing of SIF is based on the competitive interactions of how 

radiative energy absorbed by leaf chlorophyll is processed within the plant: (i) most of the energy is 

used for the photochemical conversion to sugars through photosynthesis, (ii) the non-used energy is 

rapidly re-emitted through chlorophyll fluorescence or (iii) heat dissipation (Porcar-Castell et al., 2014). 

Since CO2 uptake is reduced under water stress conditions and thus energy used by photosynthesis is 

also decreased, meanwhile the amount of radiative energy remains constant, SIF and/or heat dissipation 

would consequently also change. Therefore, changes in SIF might be highly correlated with photosyn-

thetic efficiency and it can thus be assumed to be a proxy for early detection of plant responses to water 

stress (Rascher et al., 2015; Rossini et al., 2015a; Wieneke et al., 2016).  

Many ground-based studies have been undertaken to demonstrate the feasibilities of fluorescence 

sensing to detect and monitor plant stresses. However, current advances in sensor technology have 

opened new opportunities to focus on SIF imaging from airborne and even spaceborne platforms. Since 

the fluorescence signal is considerably lower (about 1 – 2 % of the radiation absorbed by chlorophyll) 

than the plant reflectance used by optical sensor systems, a sensor for SIF sensing requires an extremely 

high signal-to-noise-ratio (SNR) which traditionally limits other sensor abilities (i.e., spectral and/or 

spatial resolution). Apart from this limitation, the fluorescence emission peaks appear in super-narrow 

spectral windows (i.e., around 670 nm and 760 nm), requiring extremely high spectral resolution in the 

range of nanometers. Notwithstanding, major potential of SIF remote sensing could be presumed from 

the FLEX (Fluorescence Explorer) satellite mission supported by the European Space Agency (ESA). 

The aim of the FLEX mission is to measure the full spectrum of SIF emission with a spectral resolution 

of 0.2 nm (Rascher et al., 2015). As a preliminary concept of FLEX, HyPlant airborne sensor (For-

schungszentrum Jülich (Germany) and Specim Spectral Imaging Ltd (Finland)) enables sub-nanometer 

imagery of the red (670 nm) and far red (760 nm) SIF emission peaks. Although recent experiments 

based on HyPlant data demonstrated the utility of SIF for quantitative plant stress detection at airborne 

level (Rossini et al., 2015a, 2015b), further multi-sensor airborne studies (e.g., comparative research of 

SIF, VNIR/SWIR and TIR) are needed to establish a consistent basis for a robust assessment.  
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3.4 Multi-Sensor Approach 

Since different plant stresses co-occurring under field conditions cause various plant responses, a 

multi-sensor approach not only provides useful information about actual plant status but also on the 

causes of biophysical, physiological and photochemical changes. Several airborne studies examined the 

relationship between different remote sensing approaches for water stress detection, ranging from opti-

cal indices over SIF to temperature-based indices. For example, Zarco-Tejada et al. (2013) examined 

the performance of a new formulation of PRI over an experimental vineyard site with three different 

irrigation treatments. They found that the new normalized PRI, a combination of Renormalized Differ-

ence Vegetation Index (RDVI, Roujean and Breon (1995), as an structural index) and the red edge ratio 

index (R700/R670, which is sensitive to pigment content), allows for better detection of diurnal changes 

in stomatal conductance and thus is a better proxy for early water stress detection compared to the 

original PRI. A further comparative analysis on airborne level was performed by Panigada et al. (2014). 

They found that temperature-based indices performed best in comparison to SIF and optical indices 

(e.g., PRI) in cereal crops under different irrigation levels. However, they suggested an integrated use 

of thermal and narrowband optical imagery to accurately retrieve stress-related plant responses as an 

input for agricultural applications (e.g., irrigation scheduling, phenological growth stage, agricultural 

species detection).  

In 2018 four innovative earth observations instruments will be tested for potential future satellite-

based plant function monitoring on the International Space Station (ISS) (Stavros et al., 2017). This 

multi-sensor approach covers a wide range of instruments for the survey of novel regional and global 

insights into ecosystem processes and functions. The instruments are: the Global Ecosystem Dynamics 

Investigation (GEDI, NASA), the Ecosystem Spaceborne Thermal Radiometer Experiment on Space 

Station (ECOSTRESS, NASA), the Orbiting Carbon Observatory (OCO-3, NASA), and the Hyper-

spectral Imager Suite (HISUI, JAXA). GEDI carries a LIDAR measuring canopy structural parameters 

(e.g., height, biomass). TIR data products (i.e., surface temperature, evapotranspiration) will be deliv-

ered by ECOSTRESS. SIF is measured by OCO-3 and HISUI delivers surface reflectance (10 nm spec-

tral resolution) in the VNIR/SWIR. The data products will be freely available and will open the unique 

opportunity for scientists to examine the performance and capabilities of such innovative satellite-based 

multi-sensor approach to study plant functioning and the response to environmental stress in a wide 

range of ecosystems. However, before the plant functioning monitoring on ISS will be established, 

multi-sensor research is limited to ground and airborne studies. 
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4 Objectives 

As a matter of fact, it remains unclear to what extent current state-of-the-art hyperspectral remote 

sensing techniques can contribute to detect environmental stresses. It is also unclear how and why in-

dices of different spectral domains respond to water stress. Therefore, the overall aim of this thesis is 

to compare and assess different remotely sensed indices for their ability to detect plant responses to 

water deficit stress. 

Following, the specific objectives of this dissertation are listed:  

 

Objective I: A comparative assessment of hyperspectral remote sensing indices 

for water deficit stress detection – A systematic comparison of the ability of different 

temperature-based indices (e.g., CWSI), spectral emissivity, traditional VNIR/SWIR in-

dices (e.g., PRI, NDVI, WI, MSI), and SIF indices to detect plant water stress symptoms. 

Additionally, provide an assessment of the sensitivity of the different indices for the de-

tection of water stress with respect to the underlying physiological processes. 

 

Objective II: Assess the potential of hyperspectral remote sensing indices for 

water stress detection at airborne level – Compare the sensitivities of different indices 

at ground and airborne levels and provide an outlook to the prospects of satellite remote 

sensing of water stress detection.  

 

Objective III: Examination of the advantages of hyperspectral TIR remote sens-

ing sensors for the retrieval of temperature and emissivity – First, providing a com-

parison of hyperspectral and broadband TIR imaging systems with respect to their tem-

perature retrieval accuracy as a basis for water stress detection. Second, examine the abil-

ities of spectral emissivity of vegetation to detect water stress.  

 

Objective IV: Assess the effect of plant species on spectral emissivity – Investi-

gate if different plant species show pronounced differences in spectral emissivity derived 

from hyperspectral TIR imaging spectroscopy and use the derived emissivity spectra in 

comparison with VNIR/SWIR reflectance for species classification.  
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5 Overview and Structure of the Thesis 

To provide an overview of the following chapters, short summaries of the main part of this the-

sis - the publications - are introduced. Three of the four presented manuscripts have been published in 

peer-reviewed journals. The latest research paper (Chapter IV) has been submitted to a peer-reviewed 

journal. Further, large parts of the introduction- (Chapter I) and synthesis chapter (Chapter VI) have 

been used in a review paper which is ready for submission to a peer-reviewed journal. All subjected 

journals are listed in the Science Citation Index Expanded (SCIE) established by the Institute for Sci-

ence Information (ISI). Finally, a synthesis of the thesis is provided in Chapter VI to depict the internal 

coherence of the standalone publications and to give a comprehensive conclusion and outlook.  

 

Chapter II: “A Hyperspectral Thermal Infrared Imaging Instrument for Natural Resources 

Applications” 

In this paper, first comparative measurements and a detailed instrument description of the Telops 

Hyper-Cam LW is presented. This device was also used in all following publications. The base instru-

ment, the Telops Hyper-Cam LW, is a hyperspectral thermal infrared imaging spectrometer measuring 

emitted radiation in the 8 to 12 μm range at a spectral resolution of up to 0.25 cm−1. The base instrument 

can be extended with a customized fore-optic allowing vertical measurements at ground and an airborne 

platform for aerial image acquisitions. Thus, the Telops Hyper-Cam LW has a large variety of applica-

tions including laboratory-, field- and airborne-scale.  

The main findings of this study were: (i) first tests with Hyper-Cam LW on rock samples showed 

that the measured spectral emissivity is in overall good agreement in comparison to reference spectra 

measured by laboratory spectrometers (Bruker Vertex 70 (ITC) and JHU spectral library), (ii) based on 

this results, airborne measurements are supposed to provide high spatial resolution land surface emis-

sivity and temperature maps for environmental monitoring (e.g., plant water stress detection).  

 

Chapter III: “Water Stress Detection in Potato Plants using Leaf Temperature, Emissivity, 

and Reflectance” 

In a first ground-based experiment, a systematic comparison of remote sensing techniques for water 

stress detection was performed based on 60 potato plants, half of them watered and the other half de-

prived of water. The overall aim of this study was to evaluate the ability of detecting plant responses 

induced by water stress using: (i) stomatal conductance as measured by leaf porometry, (ii) temperature-

based indices retrieved from broadband and hyperspectral TIR imaging, (iii) spectral emissivity meas-

ured by hyperspectral TIR imaging, and (iv) traditional VNIR/SWIR based indices.  
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The results of the experiment showed that water stress was detectable two days after stress initiation 

as measured by stomatal conductance. Concerning remote sensing data, temperature-based indices (e.g., 

CWSI), VNIR/SWIR indices related to plant water content (e.g., MSI) and spectral emissivity were 

equally sensitive starting seven days after watering was stopped. Whereas, visual indices (e.g., PRI) 

were either not sensitive to water stress symptoms at all or responded in an inconsistent manner. As an 

additional result, we did not examine striking differences between hyperspectral and broadband TIR 

imagers in deriving accurate leaf temperatures.  

In conclusion, the most important finding of this research is that pre-visual measures of plant re-

sponses to water stress (i.e., temperature-based indices, spectral emissivity and VNIR/SWIR based in-

dices related to plant water content) react faster than visual measures (i.e., based on leaf colour). Since 

pre-visual measures are based on the plant physiological response to water shortage (i.e., stomatal clo-

sure), the findings should also be transferable to different crops and growth stages. However, for a 

potential application of TIR imaging in precision agriculture, further airborne experiments are manda-

tory to transfer the findings of this study from plant- to field- and regional scale.  

 

Chapter IV: “A Comparative Analysis for Remote Sensing of Plant Water Stress Symptoms 

Based on Airborne Optical and Thermal Hyperspectral Images” 

In a second experiment at airborne-level, water stress symptoms over a commercial grass (Festuca 

arundinacea and Poa pratense) farm were induced by modifying plant physiological characteristics 

with an anti-transpirant agent (Vapor Gard; VG) which reduced stomatal conductance, and a highly 

reflective powder (kaolin, KA), which increased plant surface albedo. State-of-the-art airborne remote 

sensing indices were retrieved from hyperspectral thermal (TIR), sun-induced fluorescence (SIF) and 

hyperspectral optical (VNIR/SWIR) images in order to evaluate their potential for the detection of water 

stress symptoms at airborne level. Airborne images were acquired at three time points during the day. 

The objectives of the study were: (i) to systematically compare and assess the strength of different TIR 

indices (e.g., CWSI, Ts, Ts – Ta), VNIR/SWIR indices (e.g., PRI, NDVI, WI, MSI), and SIF for the 

detection of plant symptoms as induced by chemical agents (i.e., VG and KA), (ii) to examine diurnal 

changes in TIR index values concerning the chemical agents.  

Similar to the results of the ground-based study, temperature-based indices were most sensitive to 

water stress symptoms compared to traditional VNIR/SWIR indices and SIF indices. In particular, the 

results showed that surface temperature (Ts) was regulated by plant transpiration. Consequently, Ts in-

creased in plots treated with VG due to reduced stomatal conductance, while Ts was consistently lower 

because of the reduced available energy in plots treated with KA in comparison to control plots. Since 

the changes to the photosynthetic efficiency and to the leaf biochemical constituents induced by the VG 
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treatment were too subtle, neither significant effects on SIF indices nor on VNIR/SWIR indices were 

recognized. In contrast, the increased plant albedo induced by KA treatment reduced fAPAR resulting 

in a significant reduction of SIF, and in a change of VNIR/SWIR indices.  

However, a hyperspectral multi–sensor airborne approach with its high spatial, spectral and tem-

poral resolution has great potential to bridge the gap between in situ and satellite observation. Further-

more, such concepts provide profound insights about the actual plant status and the rationale of physi-

ological and biochemical changes. 

 

Chapter V: “Plant species discrimination using emissive thermal infrared imaging spectros-

copy” 

Plant species discrimination has always been one of the major topics in remote sensing of vegeta-

tion. However, the effect of different plant species on the emissivity spectrum is not fully understood 

yet. Thus, research in how the emissivity signal varies between different species can provide further 

advances in the understanding of the origin of spectral emissivity features and their application for the 

detection of plant responses to environmental stresses. The aims of the study were: (i) to assess the 

quality of TIR imaging spectrometer (i.e., Hyper-Cam LW) for measuring leaf spectral emissivity in 

comparison to laboratory reference spectra, (ii) to examine the effect of plant species on plant emissiv-

ity. Therefore, a ground-based experiment based on eight different plant species was conducted. 

In this study it was demonstrated that: (i) mean emissivity spectra as measured by Hyper-Cam LW 

were in very good agreement with the reference spectra (average Nash-Sutcliffe-Efficiency In-

dex = 0.64), (ii) different species could be accurately classified based on species-specific spectral emis-

sivity features. In conclusion, spectral emissivity as measured by hyperspectral TIR remote sensing 

offers great potential for detection and monitoring not only of earth surface materials with great spectral 

contrast (i.e., gases, minerals and rocks) but also of very subtle features with low spectral contrast like 

vegetation (i.e., less than 5 % absolute emissivity differences). This finding opens the opportunity to 

use spectral emissivity features of vegetation for the detection of plant responses to environmental 

stresses such as water stress.  
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Abstract 

A new instrument has been setup at the Centre de Recherche Public-Gabriel Lippmann to measure 

spectral emissivity values of typical earth surface samples in the 8 to 12 μm range at a spectral resolution 

of up to 0.25 cm−1. The instrument is based on a Hyper-Cam LW built by Telops with a modified fore-

optic for vertical measurements at ground level and a platform for airborne acquisitions. A processing 

chain has been developed to convert calibrated radiances into emissivity spectra. Repeat measurements 

taken on samples of sandstone show a high repeatability of the system with a wavelength dependent 

standard deviation of less than 0.01 (1.25 % of the mean emissivity). Evaluation of retrieved emissivity 

spectra indicates good agreement with reference measurements. The new instrument facilitates the as-

sessment of the spatial variability of emissivity spectra of material surfaces—at present still largely 

unknown—at various scales from ground and airborne platforms and thus will provide new opportuni-

ties in environmental remote sensing. 
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1 Introduction 

Over the last three decades airborne hyperspectral imaging has become a major tool in environmen-

tal remote sensing for studying the Earth’s surface and the atmosphere. The 0.35 µm to 2.5 µm spectral 

range is dominated by reflected sunlight and is well suited for detecting the spectral features related to 

electronic transitions (e.g., iron oxides, Fe2+ bearing minerals, chlorophyll, etc.) and harmonics and 

combination bands of vibrational absorptions (e.g., OH, SO4, CO3, CH, etc.) in minerals, soils, vegeta-

tion, and the atmosphere. Thermal infrared (TIR) data provides complementary information in terms of 

spectral emissivity and temperature of environmental targets, such as key rock and soil forming miner-

als, specific gaseous components, and vegetation. The 8 µm to 14 µm spectral range spans the radiant 

energy peak of ambient temperature of the Earth (300 K), whereas the 3 µm to 5 µm band corresponds 

to the radiant energy peak for hot features (>600 K) such as fires and lava flows according to Wien’s 

displacement law (Jensen, 2007). Numerous studies have demonstrated the use of TIR data for many 

thematic areas and applications, for instance landscape characterization, determination of mineral and 

soil properties (Eisele et al., 2012), estimation of energy fluxes (Frey and Parlow, 2012) estimation of 

evapotranspiration and soil moisture, drought monitoring, urban heat islands (Ogashawara and Bastos, 

2012), detection of forest fires, coal fires and volcanoes (Carter and Ramsey, 2010) (compare e.g., Jen-

sen (2007) and Vollmer & Möllmann (2010) for a comprehensive overview). Currently, TERRA-

AQUA/MODIS and other sensors provide low spatial resolution (>1 km) TIR data. Medium spatial 

resolution TIR data (~100 m) is provided by TERRA/ASTER and Landsat/TM-ETM+, which will be 

followed by the Landsat Data Continuity Mission (LDCM, 2 TIR bands, Launch: 2013, 

http://ldcm.nasa.gov/ (Schott et al., 2012)) and by the Hyperspectral Infrared Imager (HyspIRI, 7 TIR 

bands, Launch: 2020, http://hyspiri.jpl.nasa.gov/). High resolution TIR data (~10 m) is currently only 

available through on-demand flights in which multispectral or hyperspectral sensors are placed on air-

crafts. 

Improvements of infrared technology have led to hyperspectral acquisitions in the TIR, i.e., images 

acquired with hundreds of contiguous spectral channels rather than just 5–10 multispectral channels. 

While this imaging approach has been used since the 1980s in the visible, near-infrared, and 

shortwave infrared region, there are presently only a limited number of hyperspectral imaging instru-

ments that operate in the TIR. Hyperspectral TIR instruments operational for airborne surveys, in-

clude the thermal emission spectrometer on the Mars Global Surveyor spacecraft (Christensen et al., 

2001), the airborne hyperspectral imager (AHI, (Lucey et al., 2001)), the spatially enhanced broad-

band array spectrograph system (SEBASS, (Hackwell et al., 1996)), Itres TASI-600 

(http://www.itres.com/), Specim AisaOWL (http://www.specim.fi) and the Telops Hyper-Cam LW 

(Lagueux et al., 2009). These instruments are dispersive infrared spectrometers, with the exception of 

the Hyper-Cam LW that belongs to the class of Fourier transform infrared (FTIR) spectrometers. The 
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main advantage of FTIR-spectrometers over conventional dispersive instruments is their higher achiev-

able signal-to-noise ratio that is based on the following properties (Vollmer and Möllmann, 2010): the 

detector signal in an FTIR-spectrometer contains the contributions of all wavelengths whereas in a con-

ventional dispersive spectrometer the wavelength bands are observed sequentially while scanning the 

grading. Therefore, in comparable measuring conditions (same detector, measurement time, spectral 

resolution, optical throughput and optical efficiency) there is in an improved signal-to-noise ratio of 

FTIR-instruments by N1/2, where N is the number of recorded wavelengths (Hirschfeld, 1976). This is 

referred to as the Fellgett advantage (also known as the multiplex effect or multiplex advantage). Fur-

thermore, in an interferometer a higher energy throughput and thus, a higher detector signal can be 

measured. This is known as the Jacquinot advantage (or throughput advantage) and is due to the absence 

of conventional slits in the interferometer to define the spectral resolution. An additional property of 

FTIR instruments is their ability for self-calibration. This is achieved by a frequency-stabilized laser 

(e.g., a HeNe-laser) that is used as an internal wavelength standard and that allows to measure optical 

path difference of the moving mirror very precisely from the laser interferogram, the so-called Connes 

advantage. 

Clearly, the new hyperspectral thermal infrared instruments require the same level of research for 

the development of image analysis and processing techniques, field calibration and validation, and new 

methods for surface characterization, as previous instruments. To date, only a few scientific publications 

on the calibration and analysis of hyperspectral TIR image data have been published, e.g., Ribeiro da 

Luz and Crowley (2010), Puckrin et al. (2012), Vaughan et al. (2003). In this paper we describe a new 

instrumental setup at the Centre de Recherche Public-Gabriel Lippmann (Belvaux, Luxembourg) with 

a processing chain to measure spectral emissivity values and surface temperature of typical earth surface 

samples in the 8 to 12 μm range. Contrary to similar existing instruments, this new design allows for 

vertical measurements at ground level and airborne acquisitions from an airborne platform. 

Accurate interpretation of TIR data requires the separation of temperature and emissivity. The dif-

ficulty in the temperature-emissivity separation for multispectral thermal sensors is that the solution 

equations are underdetermined making it difficult to uniquely separate these two parameters. While in 

theory this is also under-determined for hyperspectral data, the large number of wavelengths allows a 

good fit to the Planck radiance for a single temperature (Vaughan et al., 2003). A number of approaches 

based on different assumptions have been developed to estimate emissivity (Gillespie et al., 1998; Hook 

and Kahle, 1996), for instance the temperature-emissivity separation algorithm (TES, (Gillespie et al., 

1998)). However, for agricultural applications the TES procedure tends to underestimate emissivities 

and consequently overestimate land surface temperatures, with potential emissivity errors of up to 

2.0 %, resulting in errors of 2 – 3°C (French et al., 2008). Hyperspectral approaches can rely on a large 
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number of wavelengths which allows a good fit to the Planck radiance to determine land surface tem-

perature or canopy temperature at higher accuracies than multispectral procedures (Ribeiro da Luz and 

Crowley, 2007; Vaughan et al., 2003).  

Laboratory measurements (Hecker et al., 2011) have shown that TIR emissivity spectra are useful 

for identifying many minerals (Salisbury et al., 1992), rocks, and other solid materials such as plant 

leaves (Ullah et al., 2012b). However, laboratory spectra commonly do not represent the materials as 

they would be seen from remote sensing platforms. Besides, the spatial variability of emissivity spectra 

of material surfaces is largely unknown. Using a hyperspectral TIR imager the emissivity can be exam-

ined at various scales depending on platform and sensor viewing geometry (Balick et al., 2009). In this 

paper we will demonstrate in the laboratory that accurate TIR emissivity spectra can be retrieved by the 

new Hyperspectral TIR Imager. 

2 Instrument Setup 

2.1 Base Instrument 

The instrument is based on a Hyper-Cam LW (long wave) (Lagueux et al., 2009) built by Telops, 

Quebec, Canada. The Hyper-Cam LW is a lightweight and compact imaging radiometric spectrometer. 

The spectra measurements are performed using an imaging Fourier-transform spectrometer based on a 

Michelson interferometer coupled to a 320 × 256 long wave infrared photovoltaic MCT (mercury-cad-

mium-telluride) focal plane array detector that can be windowed and formatted to fit the desired size. 

Spectral resolution is user selectable and ranges from 0.25 to 150 cm−1. This instrument gives the com-

plete spectrum of each pixel in the image, each pixel having an instantaneous field-of-view of 

0.35 mrad. 

The instrument features two internal calibration blackbodies mounted in front of the Hyper-

Cam LW used to perform a complete end-to-end radiometric calibration of the infrared measurements. 

In its long wave IR version, the instrument has high sensitivity over the 8–12 µm domain. This spectral 

domain is ideal for passive standoff chemical agent detection at ambient temperatures for which it was 

originally designed. The sensor also has acquisition and processing electronics, including 4 GB of high-

speed DDR-SRAM, with the capability to convert the raw interferograms into radiometrically calibrated 

spectra using real-time discrete-Fourier transform (DFT). Its weatherproof enclosure provides opera-

bility in harsh environments from −10°C to +45°C. 
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Table II-1: Hyper-Cam LW specifications; NESR = noise equivalent spectral radiance. 

Parameter Unit Hyper-Cam LW 

Spectral Range µm 7.7–12 

Spectral Resolution cm−1 0.25 to 150 (user adjustable) 

Image Format - 320 × 256 pixels 

Field of View 
Degrees 6.4 × 5.1 (nominal) 

Degrees 25.6 × 20.4 (0.25× telescope) 

Typical NESR nW/cm2·srcm−1 <20 

Radiometric Accuracy K <1 

 

2.2 Modifications: Customized Mirror System, Setup for Vertical Measurements 

The Hyper-Cam LW was modified to allow for vertical (nadir) measurements of targets at the 

ground level to resemble the observation geometry obtained from airborne or space-borne platforms. 

The modification consists in a custom designed folding mirror system and a telescope (Fig. II-1).  

The mirror system allows the camera to look downward onto the target by deflecting the upwelling 

emitted radiation by 90° towards the optical inlet of the Hyper-Cam LW. The system itself consists of 

a 45° tilted gold coated mirror that is located in the instrument’s field of view, providing optimal re-

flectivity in the 8–12 µm spectral range. A 0.25× telescope can be optionally installed to cover a suffi-

ciently large field-of-view (FOV) in the vertical mode. The resulting FOV with the 0.25× telescope at 

a sensor-target distance of 1.5 m is 672 × 538 mm at a pixel size of 2.1 mm. Without the telescope the 

FOV is 168 × 134 mm at a pixel size of 0.525 mm. 

 

 

 

Fig. II-1: Hyper-Cam LW Sensor (left) and instrument setup for ground measurements (right). 
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2.3 Airborne Module 

The airborne module includes a stabilization platform, the Image Motion Compensator (IMC) mir-

ror, a GPS/INS (inertial navigation system) unit and a visible boresighted camera. All these modules 

are rigidly mounted on a high stiffness base plate. This base plate is mounted on the stabilization plat-

form. Fig. II-2 illustrates the Hyper-Cam LW airborne configuration.  

The IMC mirror is used to compensate the airplane pitch, roll and forward motion while the stabi-

lization platform is used to dampen the airplane vibrations and to compensate the airplane yaw. The 

IMC mirror is controlled by the navigation module which receives and uses the information from the 

video tracker and the GPS/INS unit which enables ortho-rectification and geo-referencing of the col-

lected data. The Hyper-Cam LW instrument offers uncommon flexibility in adjusting its spatial, spectral 

and temporal parameters. This flexibility proves to be invaluable for airborne applications where the 

flight parameters impose severe restrictions on spectrometer operation.  

 

 

Fig. II-2: Hyper-Cam LW airborne assembly (top) and acquisition scheme (bottom): The IMC system is servo controlled to 

ensure the sensor is staring at a fixed scene during the acquisition of the hyperspectral image. 
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3 Measurement Procedures 

To illustrate the capabilities of the system, measurements were done in the laboratory using heated 

rock and mineral samples. In this way it was possible to avoid poor outside weather conditions and to 

ensure stable conditions during measurements. 

3.1 Instrument Preparation and Settings 

To setup the system for measurements, the Hyper-Cam LW was mounted on its tripod and the con-

nections were plugged for CameraLink, Firewire (IEEE1394), RJ45 Ethernet and power. The start-up 

sequence consists of switching on the sensor, waiting for the internal diagnostics, launching the internal 

software suite Reveal Pro and waiting for the focal plane arrays (FPA) to cool down to 120 K which 

usually takes less than two minutes.  

3.2 Sample Preparation 

The primary sample used in this study, i.e., for testing the repeatability and the emissivity retrieval 

and for inspecting spatial emissivity features was a sandstone rock sample from the Lower Trias 

(Buntsandstein or Bunter Sandstone). The emissivity retrieval was repeated with quartz and calcite 

crystals. To obtain a high contrast between the sample and the surroundings in the laboratory, the sample 

was heated up to about 30 K above ambient temperature using an oven. The exact sample temperature 

was measured with a contact thermometer. The sample was placed at 3 m distance from the sensor so 

that the measured surface was perpendicular to the optical axis of the camera.  

3.3 Instrument Calibration 

The instrument’s spectral response is dependent on several factors such as detector responsivity, 

coatings, channel settings and integration time. A radiometric calibration is needed to acquire calibrated 

spectra in units of radiance (Hook and Kahle, 1996). Assuming linearity of FTIR spectrometers, the 

spectral response and the non-uniformities are determined for every pixel and the non-uniformities are 

eliminated during the calibration process using a 2-point complex radiometric calibration. For calibra-

tion, images of hot and cold blackbodies are acquired. The blackbodies’ temperature can be controlled 

very accurately (<0.03 K stability) from ambient −15 K to ambient +75 K and should be chosen so that 

blackbodies are framing the scene’s emitted radiation.  

In this experiment, cold and hot blackbody temperatures were set to 15 °C and 65 °C, respectively, 

and the ambient temperature was 22 °C. Knowing the blackbodies’ temperature as well as their exact 

spectral emissivity values, their spectral radiance was determined using the Planck’s function. Starting 

from these two blackbody frames, a gain and offset function was calculated for every pixel which was 

then applied to the scene’s raw spectra resulting in calibrated radiance spectra (Fig. II-3). 



Chapter II Measurement Procedures 

 

27 

 

 

Fig. II-3: Measurement sequence of sample (sandstone), cold blackbody, hot blackbody and downwelling radiation and the 

derived sample emissivity spectrum. The lines shown represent the mean of 56 single measurements. 

3.4 Background Radiation 

Reflected or emitted radiance from background objects, i.e., the walls and ceiling in the laboratory 

significantly contribute to the target measurement (Korb et al., 1996). The background radiation (down-

welling radiance) was measured immediately following the sample measurement by collecting the ra-

diance of a diffuse reflective aluminum plate. The aluminum plate’s exact temperature (ambient) was 

measured using a contact thermometer. The (unknown) emissivity of the aluminum plate was deter-

mined relative to an infragold target with known emissivity. This measurement was performed by a 

Bruker Vertex 70 FTIR spectrometer. The resulting overall emissivity value was 20% which is in good 

agreement with values found in literature. 

3.5 Emissivity Calculation 

Emissivity is a sample’s efficiency to behave as a blackbody radiator and is scaled between 0 and 1. 

The calculation of a sample’s emissivity requires knowledge of the radiance spectrum of a blackbody 

with the sample’s temperature. However, accurate determination of the (unknown) sample temperature 

is often difficult and requires fitting the Planck equation to a measured radiance spectrum. Hyperspec-

tral data with its continuous coverage of wavebands allows a good fit to the Planck radiance curve for 

spectral regions where emissivity is close to unity (Vaughan et al., 2003).  
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Emissivity was assumed to have a certain fixed value over a defined wavelength region which al-

lowed to iteratively fit a Planck radiance curve to the measured sample radiance spectrum. Emissivity 

was set to a value of 0.97 at the wavelength of the maximum brightness temperature following the 

approach by Kealy and Hook (1993). The fitting was performed over wavebands from 850 to 905 wave-

numbers. An alternative approach would have been to set emissivity to a value of 1.0 in the 7.7–7.8 µm 

region. In this region where silicate minerals typically have their Christiansen frequency, the emissivity 

is generally assumed constant and very close to 1.0 (Hook and Kahle, 1996). However, the first ap-

proach was preferred, as it produced more realistic emissivity spectra. 

Blackbody radiance was simulated in unit wavenumber σ, commonly used in spectroscopy as 

(http://www.spectralcalc.com/): 

𝐿_𝑏𝑏𝜎(𝑇)=2ℎ𝑐
2𝜎3

1

𝑒
ℎ𝑐𝜎
𝑘𝑇−1

𝑊𝑚−2𝑠𝑟−1(𝑐𝑚−1)−1 

where L_bbσ is the spectral radiance emitted by a blackbody at the absolute temperature T for wave-

number σ, h is the Planck constant, k is the Boltzmann constant, and c is the speed of light. 

The blackbody radiance was then fitted to the measured sample radiance L_saσ over the defined 

waveband region by adjusting T assuming the predefined emissivity εσ:  

𝐿_𝑠𝑎𝜎=𝜀𝜎 𝐿_𝑏𝑏𝜎(𝑇) 

Finally, spectral emissivity εσ was calculated as: 

𝜀𝜎=
𝐿_𝑠𝑎𝜎−𝐿_𝑑𝑤𝜎
𝐿_𝑏𝑏𝜎(𝑇)−𝐿_𝑑𝑤𝜎

 

where L_dwσ is the downwelling radiance. L_dwσ was determined following an approach by Horton 

and co-workers (Horton et al., 1998): 

𝐿_𝑑𝑤𝜎= 
𝐿_𝑟𝑒𝑓𝜎− 𝜀𝑟𝑒𝑓𝜎

∙𝐿_𝐵𝐵𝜎,𝑇

1−𝜀𝑟𝑒𝑓𝜎
 

where 𝐿_𝑟𝑒𝑓𝜎 = measured radiance from reference panel (aluminum or infragold), 𝜀𝑟𝑒𝑓𝜎
= spectral 

emissivity of reference panel, 𝐿_𝐵𝐵𝜎,𝑇 = blackbody radiance at temperature T of reference panel.  
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3.6 Testing Repeatability 

For testing repeatability of data measured with the Hyper-Cam LW replicate measurements of the 

same sample material were performed under laboratory conditions. An experimental setup was chosen 

to allow acquiring multiple data cubes in a short time interval. To have a limited cooling effect on the 

recorded spectra, small image subsets (64 × 20 pixels) were acquired at a spectral resolution of 6.2 cm−1. 

The sandstone sample was placed at a distance of three meters from the sensor. The sandstone sample 

was uniformly heated up to 60 °C and 20 frames were captured within 30 s. During this short time 

interval the temperature of the sample decreased less than 0.5 K as measured with a contact thermom-

eter. This image acquisition was repeated thrice so that altogether 58 frames were measured (two frames 

were removed). Due to the direct dependence of the radiance spectra on the sample temperature; emis-

sivity spectra (temperature independent) were derived and considered for further investigation. Downwelling 

radiation was corrected for by measuring a diffuse reflecting aluminum plate. 

In a user defined region of interest, the radiance spectra were isolated for every pixel and the mean 

emissivity spectrum was derived. Using the n = 58 emissivity spectra, for every single wavenumber the 

mean value  and standard deviation s were computed and the confidence interval was calculated as 

, where t is a critical value determined from the tn−1 distribution. 

3.7 Comparison with Reference Spectra 

Derived emissivity spectra were compared with reference spectra. The same rock and mineral sam-

ples were measured at the spectrometry laboratory of University of Twente (ITC) using a laboratory de-

vice (Bruker Vertex 70 FTIR spectrometer) following the procedures described in (Hecker et al., 2011). 

The spectra were measured in directional hemispherical reflectance. Assuming opaque properties of the 

rock samples, the emissivity was obtained by using Kirchhoff’s Law (ε = 1 − ρ) which previously had 

been verified by both laboratory and field measurements (Korb et al., 1996; Salisbury et al., 1994). In 

addition, sandstone emissivity spectra from a spectral library collected by John Hopkins University 

were used for a plausibility check. 

  

x

)/( ntsx°
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4 Results and Discussion 

4.1 Repeatability 

To test the repeatability of the system, replicate measurements of the sandstone sample were ana-

lyzed. A plot of the mean emissivity spectrum and the standard deviation of 58 single measurements 

(Fig. II-4) indicate good repeatability over the three measurement cycles with standard deviations less 

than 0.01 and variation coefficients of up to 1.25 %.  

Hecker et al. (2011) performed a repeatability test for absolute measurements of directional-hemi-

spherical reflectance (DHR) of quartz sand over 2 weeks using a Bruker Vertex 70 FTIR spectrometer. 

They obtained standard deviations in the range of 0.001 to 0.007 for most wavelengths which corre-

sponds, with a mean DHR value of 0.4 at 9 µm, to variation coefficients of 0.25 % – 1.75 %. In comparison 

to these values, a variation coefficient of up to 1.25 % obtained with the Hyper-Cam LW seems to be ac-

ceptable. 

 

Fig. II-4: Demonstration of repeatability: The red line is an average of 56 single measurements and the grey band indicates the 

99.9 % confidence interval of the mean at each wavenumber. 
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4.2 Comparison of Emissivity Spectra with Reference Spectra 

The comparison of the Bunter Sandstone emissivity spectrum derived with the Hyper-Cam LW and 

the Bruker Vertex 70 (Fig. II-5) shows a relatively good agreement. Both spectra show the main quartz 

doublet around 1,175 cm−1 with the characteristic maximum and the minima around 1,080 cm−1 and 

around 1,220 cm−1. The spectra agree particularly well for the spectral regions left and right of the 

Quartz doublet. However, for wavenumbers between the two minima larger discrepancies between 

Hyper-Cam LW and Bruker spectra exist. One explanation for this difference is that different parts of 

the sandstone sample were observed during the two measurement setups. Besides, the comparison of 

the Bunter Sandstone emissivity spectrum derived with the Hyper-Cam LW with two sandstone spectra 

(Arkosic Sandstone and Ferruginous Sandstone) of the spectral library of John Hopkins University in-

dicated a general agreement in the shape of the curves (not shown). Also the other Hyper-Cam LW 

emissivity spectra obtained for calcite and quartz (Fig. II-6) compare relatively well to the Bruker ref-

erence spectra with respect to their main spectral features. In comparison to previously published spec-

tra, e.g., (Hook and Kahle, 1996), the quartz spectrum reveals similarities in the general shape of the 

spectrum, but also differences in the magnitude of emissivity, i.e., at 1,220 cm−1 ε~0.80 in this study and 

ε~0.60 in (Hook and Kahle, 1996). These enormous differences are likely to be caused by differences in 

surface roughness. For instance, differences in emissivity of comparable magnitude (e.g., ε-differences 

of up to 0.25) were also found by (Balick et al., 2009) for matte and rough mineral samples of identical 

mineral composition.  

 

Fig. II-5: Emissivity spectra of the Bunter Sandstone sample derived from the Hyper-Cam LW (red) and from the Bruker 

(blue). 
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Fig. II-6: Emissivity spectra of Calcite (top), and Quartz (bottom) derived from Hyper-Cam LW and Bruker spectrometers. 
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Fig. II-7: Surface of the sandstone sample (top) and derived emissivity values at 1,095 cm−1 (bottom). White pixels are de-

tector failures which are marked as bad pixels by the Reveal Pro software. 

4.3 Spatial Variability of Emissivity 

When looking at the spatial emissivity patterns (Fig. II-7), there is a clear variation of emissivity 

over the sandstone surface which is not obvious from a visual inspection of the rock sample. Within the 

dominant matrix of emissivity values of 0.81–0.83 (shown in green colour) there are marked areas with 

much smaller values of around 0.76–0.78 (shown in blue) and larger values of around 0.86–0.88 (shown 

in red). The observed spectral emissivity variations within the rock sample may be attributed to rough-

ness, surface geometry, and compositional variation (Balick et al., 2009).  

5 Conclusions and Outlook 

The first tests with the new Hyperspectral Thermal Infrared Imaging Instrument suggest that the 

system is capable of measuring spectral emissivity and its spatial variation over natural surfaces with 

good accuracy. Current tests were performed in the laboratory with heated rock samples and will be 

repeated outside under clear sky conditions with samples at ambient temperature.  

The similarity between the emissivity spectra obtained by the Hyper-Cam LW and reference spectra 

(Bruker Vertex 70 and JHU spectral library) appears close enough for mapping such minerals from 

airborne hyperspectral (or spaceborne multispectral) TIR measurements (such as ASTER Level 2 sur-

face emissivity products) based on the shapes of the laboratory reference spectra, for instance using 

respective band ratio techniques (Rockwell and Hofstra, 2008). 
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The final implementation of the airborne platform will facilitate generating accurate maps of land 

surface emissivity and land surface temperature at very high spatial resolution which in turn will provide 

new opportunities in environmental remote sensing such as monitoring natural and urban environments, 

volatile organic compounds, detection of vegetation stress, evapotranspiration rates and energy fluxes, 

mineral mapping, and bio-diversity.  

Airborne observations require taking atmospheric effects and instrument noise into consideration 

(Jiménez-Muñoz et al., 2012). Since atmospheric absorption (mainly by H2O and CO2) is the dominant 

process in the TIR, while dispersion processes are negligible, at a first glance atmospheric correction in 

the TIR seems to be simpler than for shortwave radiation. However, it has to be noted that in addition 

to the surface, the atmosphere also emits radiation towards the sensor. This requires solving the equation 

of radiative transfer for the TIR region, which makes the interpretation of airborne hyperspectral TIR 

data more ambiguous than ground based measurements.  

Due to the complementary nature of the reflective (VSWIR) and emissive (TIR) spectral regions a 

synergistic use of airborne data from both domains bears great potential. This might significantly im-

prove our understanding of biochemical and physical land surface properties. Specifically, VSWIR im-

aging spectrometers can discriminate surface materials and TIR data acquisitions can help to identify 

thermal characteristics for different material and land cover types. For instance, combining emissivity 

spectra with reflectance spectra in a mixing model would improve discriminating soils from impervious 

surfaces (Roberts et al., 2012). 
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Abstract 

Water stress is one of the most critical abiotic stressors limiting crop development. The main imag-

ing and non-imaging remote sensing based techniques for the detection of plant stress (water stress and 

other types of stress) are thermography, visible (VIS), near- and shortwave infrared (NIR/SWIR) re-

flectance, and fluorescence. Just very recently, in addition to broadband thermography, narrowband 

(hyperspectral) thermal imaging has become available, which even facilitates the retrieval of spectral 

emissivity as an additional measure of plant stress. It is, however, still unclear at what stage plant stress 

is detectable with the various techniques.  

During summer 2014 a water treatment experiment was run on 60 potato plants (Solanum tuberosum 

L. Cilena) with one half of the plants watered and the other half stressed. Crop response was measured 

using broadband and hyperspectral thermal cameras and a VNIR/SWIR spectrometer. Stomatal con-

ductance was measured using a leaf porometer. Various measures and indices were computed and ana-

lysed for their sensitivity towards water stress (Crop Water Stress Index (CWSI), Moisture Stress Index 

(MSI), Photochemical Reflectance Index (PRI), and spectral emissivity, amongst others). 

The results show that water stress as measured through stomatal conductance started on day 2 after 

watering was stopped. The fastest reacting, i.e., starting on day 7, indices were temperature based 

measures (e.g., CWSI) and NIR/SWIR reflectance based indices related to plant water content (e.g., 

MSI). Spectral emissivity reacted equally fast. Contrarily, visual indices (e.g., PRI) either did not re-

spond at all or responded in an inconsistent manner.  

This experiment shows that pre-visual water stress detection is feasible using indices depicting leaf 

temperature, leaf water content and spectral emissivity.  
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1 Introduction 

Today, agriculture consumes about 80-90 % of fresh water worldwide (Gonzalez-Dugo et al., 2010; 

Morison et al., 2008). Water-deficit stress, usually shortened to water- or drought-stress, is a phenotypic 

characteristic that exhibits dehydration in the plant due to the lack of available water required to keep 

cell concentrations at an acceptable and healthy level (Hopkins and Hüner, 2009). Water stress is one 

of the most critical abiotic stressors limiting plant growth, crop yield and quality concerning food pro-

duction (Hsiao et al., 1976).  

As a plant physiological reference, stomatal conductance measured by a porometer is the most sen-

sitive reference measurement of plant water stress induced by water deficit (Jones, 2004b). A porometer 

measures the vapour concentrations at two different locations within a defined path using humidity 

sensors from which leaf transpiration is calculated. Knowing the leaf transpiration, stomatal conduct-

ance is directly calculated (Pearcy et al., 1989). However, the direct measure of leaf transpiration using 

porometry involves contact with the leaves and intervenes in the interactions between the leaf and the 

surrounding environment. Further, the method is labour-intensive, time-consuming, and only provides 

point measurements (Costa et al., 2013).  

Imaging techniques open the possibility of fast and non-destructive spatio-temporal monitoring of 

many physiological and structural crop characteristics. The main remote sensing techniques for the 

detection of plant stress (water stress and other types of stress) are thermal imaging (thermography; 8 – 

14 µm), visible, near- and shortwave infrared reflectance (VNIR/SWIR; 0.4 – 2.5 µm), and fluorescence 

(e.g., 0.76 µm). Thermal imaging takes advantage of the leaf energy balance equation, i.e. leaf temper-

ature varies with transpiration from leaves (Jones, 1999a; Tanner, 1963). The underlying concept is that 

a decrease in plant water status leads to a reduction in leaf transpiration as a result of active regulation 

of stomatal aperture, consequently increasing the leaf temperature due to a reduced evaporative cooling 

(Inoue et al., 1990). Conversely, a well-watered plant will have a lower temperature in comparison to 

the ambient air temperature. The stomatal regulation of a plant also highly depends on the actual mete-

orological factors, such as solar radiation, wind speed, ambient air temperature and vapour pressure 

deficit (VPD). VPD is the difference between the actual amount of water in the air and the maximum 

amount of water vapour in the air for a given temperature and therefore gives the capability of leaf 

transpiration. In general, the higher the VPD the higher the leaf transpiration rate for a healthy plant. In 

summary, leaf and canopy temperatures are a function of stomatal conductance and meteorological 

variables (Jones, 2004a). Stomatal closing is one of the first responses to water deficit and thus gives 

thermal imaging the possibility for detecting water stress pre-visual, i.e. before the change of leaf colour 

(Costa et al., 2013; Jackson et al., 1981; Jones, 2004a; Maes and Steppe, 2012). 
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The main problem of this temperature-based approach is constituted by the fact that the direct use 

of leaf or canopy temperature values alone cannot be an absolute estimator of the physiological status 

of crop plants (Inoue et al., 1990) since leaf temperatures measured under natural field conditions are 

very sensitive to highly fluctuating environmental factors. Thus, a variety of approaches were developed 

in the past to calibrate or normalize leaf temperature to estimate plant water stress more quantitatively. 

First corrections were done by the difference between leaf and air temperature (Idso et al., 1977a). The 

popular Crop Water Stress Index (CWSI) (Jackson et al., 1981) not only corrects for air temperature 

but rather for all meteorological variables. In particular, the use of dry and wet artificial reference sur-

faces, which neglect additional meteorological data to describe the current environmental conditions, 

improved the usability of CWSI for thermal remote sensing (Jones, 1999a).  

Up to now, most studies regarding temperature based plant water stress detection used handheld 

broadband infrared cameras (Grant et al., 2006; Jones et al., 2009b). The temperature retrieval using 

these 1 channel camera systems underlies the assumption of a constant emissivity (e.g., ε=0.97 for veg-

etation), which in nature does not exist (Ullah et al., 2012b). Thus, neglecting the spectral emissivity of 

the leaves themselves limits the accuracy of temperature estimation. For example, an error in the as-

sumed emissivity of 1 % results in absolute temperature errors of about 1K (Jones, 2004a). Thermal 

hyperspectral imaging systems such as Telops Hyper-Cam LW, Itres TASI-600, Specim AisaOWL have 

recently become available. The great advantage of these devices is the ability to measure the emitted 

radiance in many narrow bands, which compared to broadband thermal cameras allows a very stable 

temperature emissivity separation (TES) and very accurate temperature retrievals (Schlerf et al., 2012). 

Besides temperature, these hyperspectral thermal infrared (TIR) imagers also have the ability to 

derive spectral emissivity by using a solid TES. Emissivity is defined as the ratio of radiative energy 

from the surface of an object of interest to the radiation from a blackbody following Planck’s law de-

pending on the wavelength at the same surface temperature. Until recently, emissivity spectra have not 

been exploited in vegetation studies for the following reasons: (i) low and complex spectral emissivity 

variations originate from plant physiological and biochemical processes as well as from plant structural 

effects; (ii) low signal-to-noise ratio as well as low spatial and spectral resolution of airborne or satellite 

remote sensing TIR sensors fail to detect minor variations in plants’ TIR spectral fingerprint; (iii) to 

retrieve exact emissivity spectra accurate atmospheric correction and temperature emissivity separation 

(TES) methods are needed. Thus, only few authors studied plant properties in TIR mainly focusing on 

species discrimination (e.g., Ribeiro da Luz and Crowley, 2010, 2007; Salisbury, 1986; Ullah et al., 

2012b). Concerning plant stresses in the TIR, just very recently Buddenbaum et al. (Buddenbaum et 

al., 2015) and Buitrago et al. (2016) demonstrated the ability of stress detection using the spectral emis-

sivity. Buitrago et al. (2016) revealed the detection of water and cold stress at two different points in 

time based on the spectral emissivity of both European beech (Fagus sylvatica) and rhododendron 
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(Rhododendron cf. catawbiense) leaves. They used a directional hemispherical reflectance (DHR) 

Bruker Vertex 70 FTIR laboratory spectrometer, equipped with an integrating sphere (Hecker et al., 

2011). In comparison to passive emissive measurement devices, this non-imaging method is destructive, 

very time-consuming and limited to single leaves. On the contrary, Buddenbaum et al. (Buddenbaum 

et al., 2015) were able to clearly differentiate water stressed and non-stressed European beeches (Fagus 

sylvatica) based on spectral emissivity using a passive emissive imaging spectrometer, the Telops 

Hyper-Cam LW. No conclusions were drawn at which stage water stress can be detected using spectral 

emissivity in comparison to other stress sensitive methods (e.g., plant temperature, stomatal conduct-

ance), since this study was conducted during one diurnal course. Nevertheless, spectral emissivity fa-

cilitates new possibilities to detect water stress in contrast to the hyperspectral VNIR/SWIR spectral 

domain. Spectral radiation in the VNIR/SWIR is dominated by overtones and combination modes of 

fundamental vibrations, which originate from the interactions of solar radiation and leaf contents (e.g., 

leaf pigments). In comparison, spectral emissivity as the capability of emitting thermal radiation has 

large potential for the quantification of vegetation stresses, since it may be directly linked to leaf phys-

iology and biochemistry (Ribeiro da Luz and Crowley, 2007).  

Water stress not only changes leaf temperature and spectral emissivity but also leaf and canopy 

water content, pigment content, and structure. These leaf and canopy parameters are driving leaf and 

canopy reflectance in the solar reflective spectral range of the electromagnetic spectrum (VNIR/SWIR). 

Especially hyperspectral data opened the opportunity for the development of narrowband vegetation 

indices (VIs), which simplify the complex vegetation reflectance signatures and are indirectly related 

to plant physiological and structural parameters (Govender et al., 2009). Numerous studies make use of 

(VIs) for water stress detection such as the Water Index (WI, Peñuelas et al. (1997)), the Normalized 

Difference Vegetation Index (NDVI, Rouse et al. (1974)), and the Photochemical Reflectance Index 

(PRI, Gamon et al. (1992)). Suárez et al. (2009) observed robust relationships of PRI against canopy 

temperatures for various crops (e.g., R²=0.72 for maize). Furthermore, Panigada et al. (2014) observed 

PRI as a more sensitive indicator for early plant water stress, when only plant physiological parameters 

are affected, than traditional VIs (e.g., NDVI). Additionally, VNIR fluorescence imaging is a good 

indirect estimator of water stress (Lang et al., 1996). 

From the above discussion we derived the following aims for this study: (i) to evaluate in a con-

trolled experiment the ability of temperature based indices and VNIR/SWIR reflectance based indices 

for detecting water stress in comparison to plant physiological measurements, (ii) to compare hyper-

spectral and broadband imaging systems for deriving temperatures as a basis for water stress detection 

and (iii) to examine the abilities of detecting water stress using the spectral emissivity of plant leaves.  
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2 Materials and Methods 

2.1 Experiment 

In the period from July, 16th (0 days after stress) to 25th (9 days after stress) 2014, an outdoor water 

stress experiment on potato plants (Solanum tuberosum L. Cilena) was conducted under controlled con-

ditions next to the greenhouse facilities of the Geobotany Department of Trier University 

(49°44'49.2"N, 6°41'02.4"E). The start of the experiment was set at the end of the flowering and the 

beginning of tuber initiation, when water consumption is highest (Dalla Costa et al., 1997). Potato tu-

bers were sown in single pots (n=60) with a substrate mixture of peat moss and sand (1:3, vol:vol). 

After the first day of measurement (16th July 2014) two treatments (control and treatment with n=30 

each), non- and fully-irrigated were applied. Plants were stored under a roof to prevent any external 

water supply (Fig. III-1 (b)). Before measuring, plants were moved outside to adapt to sunny conditions 

for at least half an hour. All data of the study were recorded during midday (11:00–15:30 CEST) under 

clear sky conditions. Bad weather conditions during the experiment prevented continuous measure-

ments on a daily basis, which reduces the dataset to six dates (0, 1, 2, 7, 8 and 9 days after stress 

initiation). Furthermore, the number of observations (n) (Table III-1) was mainly reduced due to failures 

of measurement devices and rapidly changing weather conditions. At the end of the experiment, tubers 

were harvested and the yields obtained for stressed and non-stressed plants were compared. 

 

Table III-1: Number of observations per day after stress initiation. 

Days after stress 0 1 2 7 8 9 

Hyper-Cam LW (emissivity) 59 59 58 56 60 60 

Hyper-Cam LW (temperature) 37 58 57 36 56 58 

Fluke 60 10 48 59 60 60 

ASD (leaf scale) 59 59 56 56 54 29 

ASD (canopy scale) 60 59 59 - 15 60 

Porometer 9 12 12 11 12 - 

Weather station 60 59 59 59 60 60 
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2.2 Meteorological Measurements 

The meteorological variables air temperature (Tair), air pressure, and relative humidity (RH),  were 

measured at the study site using a portable automatic weather station (Vaisala WXT520) with a 

CR800 (Campbell scientific, Inc.) data logger. Measurements were recorded continuously at 10 sec 

intervals at 2 m above ground. Following the findings of Anderson (1936),VPD is a more sensitive 

indicator of water vapour condition than relative humidity (RH) and therefore describes the interac-

tion of plants with the intervening atmosphere more precisely. VPD (kPa) was calculated using equa-

tion (II-1) (Struthers et al., 2015):  

𝑉𝑃𝐷= 𝑒𝑠×
100−𝑅𝐻

100
 ×0.1 

𝑒𝑠=6.11 ×exp(
𝐿

𝑅𝑣
 (
1

273
− 
1

𝑇
)) 

(III-1) 

where es is the saturation vapour pressure in mbar, L is the latent heat of vaporization (2.5×106 J 

kg−1), Rv is the gas constant for water vapour (461 J K−1kg−1) and T is the actual air temperature (K). 

RH is the relative humidity (%).  

2.3 Porometry 

Plant physiological measurements of leaves, such as stomatal conductance (gs; µmol m-2 s-1), leaf 

transpiration rate (E; mmol m-2 s-1) and photosynthetic rate (A; µmol m-2 s-1) were derived using a gas 

exchange porometer with a corresponding leaf chamber (LCi, ADC BioScientific Ltd., Hoddesdon, 

UK). Porometer measurements were carried out in the upper part of the canopy using only sunlit leaves 

at ambient illumination. Due to the self-calibration of the gas exchange system, the measurement takes 

approx. 10 min per leaf, limiting the number of observations to n=12 plants per day. Measurements 

were taken automatically every 30 seconds. Leaves of the control and treatment group were measured 

alternately. To ensure that only measurements under clear sky conditions were taken into account, data 

points with a photosynthetically active radiation (PAR) greater than 400 µmol m-2 cm-1 were selected, 

which correspond well with the light saturation curve of potatoes (Pleijel et al., 2007). 
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2.4 Thermal Infrared 

2.4.1 Image Acquisition 

Hyperspectral TIR data were recorded using a Hyper-Cam LW (Telops Inc., Québec, Canada), 

which consists of an FTIR (Fourier transformed infrared) spectrometer using a 320 x 256 pixel MCT 

(mercury cadmium telluride) focal plane array (FPA) detector with up to 0.25cm-1 spectral resolution, 

corresponding to 5 nm at 10 µm, in the spectral range of 7.7 to 11.5 µm (Schlerf et al., 2012). In sim-

plified terms, this FTIR spectrometer works on the operating principles of a Michelson interferometer. 

It measures interferograms, which are translated into spectral radiances (W m-2 sr-1 cm-1) using real-

time discrete-Fourier transform. Further, the camera system is provided with two internal blackbodies 

with a known emissivity (ɛ ≥ 0.99). The imaging spectrometer was equipped with a wide-angle tele-

scope and a 45° tilted gold-coated mirror, which allowed vertical view with a field of view (FOV) of 

672 mm x 538 mm and a pixel size of 2.1 mm at 1.5 m distance. A spectral bandwidth of 4 cm-1 FWHM 

(Full Width at Half Maximum) corresponding to 40 nm at 10 µm was chosen in the spectral domain 

from 869 to 1298 cm-1 (7.7 – 11.5 µm), resulting in 120 bands. 

The broadband TIR images were taken by a Fluke TiR1 thermal imager (Fluke Inc., Everett, WA, 

USA), which has an uncooled microbolometer FPA of 160 x 120 pixel size and is sensitive in the spec-

tral range of 7.5 to 14 µm. The emissivity coefficient is user selectable. Furthermore, the system is 

equipped with a co-registered 640 x 480 pixel visual camera, which facilitates a picture-in-picture image 

interpretation (Fluke Corporation, 2010).  

Fig. III-1 shows the experimental setup. Hyperspectral images were taken from a tripod with a sen-

sor target distance of about 1.5 m. The Fluke TiR1 was mounted 1.2 m on top of the Hyper-Cam LW, 

due to its smaller FOV and in order to co-register both thermal imaging systems. Further, a highly 

diffused Infragold standard (Labsphere Inc, North Sutton, USA) was arranged within each scene for 

downwelling radiance (DWR) collection. Moreover, dry and wet artificial reference surfaces, leaf-

shaped and consisting of a green felt, were placed in each image to determine lowest and highest pos-

sible leaf transpiration rates under actual micro-meteorological conditions. To improve the signal-to-

noise ratio (SNR) of the hyperspectral data, eight consecutive images were recorded per plant. One 

measurement cycle took approximately four minutes. All 60 canopies were measured synchronously 

with the Hyper-Cam LW and the Fluke TiR1 in a consistent order for each day of the experiment.  
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Fig. III-1: Experimental setup with Hyper-Cam LW on the tripod, Fluke TiR1, Lci leaf porometer, Infragold as well as dry and 

wet references targets (a), plant breeding and storage of the 60 potato plants under a roof construction (b), plants of the control 

(c) and treatment (d) group at day 9 after stress initiation. 

2.4.2 Temperature Retrieval 

To compare the both TIR imaging systems, corresponding regions of interests (ROIs) were selected 

in each image pair (Hyper-Cam LW and Fluke). Only sunlit leaves as well as sunlit parts of the dry and 

wet references were selected. A single ROI of a plant contained approximately 300 pixels for the Fluke 

TiR1 and 800 pixels for the Hyper-Cam LW, due to its larger FOV. In an equal manner ROIs were 

drawn for the dry and wet references and the Infragold.  

In order to avoid FOV-effects between the Hyper-Cam LW and the Fluke, three temperature retriev-

als were performed depending on their origin: (i) ‘spectral smoothness’ TES based on hyperspectral 

radiances (Hyper-Cam LW), (ii) broadband temperatures based on hyperspectral radiances spectrally 

resampled to broadband radiance (Hyper-Cam LW broadband) and (iii) broadband temperature based 

on Fluke brightness temperatures (Fluke).  
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First, surface temperatures were retrieved from the hyperspectral Hyper-Cam LW data. Therefore, 

the first step was to transfer the raw interferograms into spectral radiances (W m-2 sr-1 cm-1). This radi-

ometric calibration, including a Fourier transformation, a two-point calibration based on the internal 

blackbodies with known temperature and emissivity (ε ≥ 0.99), as well as a bad pixel correction, was 

performed by Telops Reveal Calibrate software. Next, the so called ‘spectral smoothness’ approach 

(Horton et al., 1998) for temperature and emissivity separation (TES) was applied to retrieve surface 

temperatures from the spectral radiances. This state of the art TES approach allows for DWR correction 

and is most suited for outside measurements. The approach is only applicable for outside measurements 

under clear sky conditions and requires a short sensor-target distance to neglect distortions by the inter-

vening atmosphere and to guarantee highly accurate surface temperature retrieval. It is based on the 

minimisation of isolated water vapour lines within the spectrum through changing the temperature. The 

temperature, which specified the smoothest spectrum, was chosen as surface temperature (Ts). We used 

the water absorption line at 1174.5 cm-1 (8.51 µm). 

Second, concerning the possible FOV-effects between the two imaging systems a spectral 

resampling was applied on the hyperspectral Hyper-Cam LW data. The resampling was done by sum-

ming up the spectral radiances per spectral band multiplied by the mean FWHM, resulting in a single 

spectral radiance over the spectral range from 869 to 1298 cm-1 (7.7 – 11.5 µm). Using a look up table 

(LUT) containing black body radiances with varying temperatures from 220 to 350 K at a resolution of 

0.001 K, corresponding brightness temperatures were retrieved from the resampled spectral radiances. 

In comparison, the Fluke already provides images of brightness temperature. Lastly, surface tempera-

tures of both broadband datasets (Hyper-Cam LW broadband and Fluke) were calculated using Stefan-

Boltzmann law corrected for DWR and an adjusted emissivity for vegetation (ɛ = 0.97) (Maes and 

Steppe, 2012): 

𝑇𝑠=√
𝑇𝑏𝑟
4−(1−𝜀) ×𝑇𝑏𝑔

4

𝜀

4

 (III-2), 

Where TS is the surface temperature of the object of interest, Tbr is the brightness temperature meas-

ured by the sensor, and (1 – ε) × Tbg
4 is equivalent blackbody temperature for the DWR derived from 

the Infragold pixel within the specific image. 

For further analysis we averaged the single temperatures per ROI, resulting in one temperature 

reading per potato plant and temperature retrieval approach.  
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2.4.3 Temperature Based Indices 

Pure leaf temperatures can be used as a water stress detection estimator at one specific point in time, 

but are not suitable for water stress detection at several dates or during the course of the day, due to the 

interaction with rapidly changing meteorological conditions. To consider this fact, two temperature 

based indices were calculated: (i) the difference between leaf and air temperature (Tleaf – Tair) following 

the approach of the Stress Degree Day (SDD) (Jackson et al., 1977) and (ii) the prominent Crop Water 

Stress Index (CWSI) using artificial wet and dry reference surfaces (Jones, 1999a). CWSI was com-

puted as follows:  

𝐶𝑊𝑆𝐼=
𝑇𝑙𝑒𝑎𝑓− 𝑇𝑤𝑒𝑡

𝑇𝑑𝑟𝑦− 𝑇𝑤𝑒𝑡
 (III-3), 

where Tleaf is the leaf temperature, Twet is the lower boundary for canopy temperature, assuming a 

leaf with stomata fully open and a potential transpiration rate of 100 %, Tdry is the upper boundary 

compared to a non-transpiring leaf with stomata completely closed. Therefore, the use of artificial wet 

and dry references considers actual environmental conditions within the same image and no additional 

meteorological measurements are needed. In comparison, Tleaf – Tair does correct for the fluctuation in 

Tair, but neglects the influence of VPD, solar radiation, or wind speed, which are considered in CWSI 

through the artificial reference surfaces.  

2.4.4 Spectral Emissivity Retrieval 

Knowing the DWR, which was measured using the Infragold standard, surface emissivity spectra 

are derived using equation (III-4):  

𝜀𝑆(𝜎)=
𝐿𝑆(𝜎)−𝐿𝐷𝑊𝑅(𝜎)

𝐿𝐵𝐵(𝑇𝑆,𝜎)−𝐿𝐷𝑊𝑅(𝜎)
 (III-4), 

where σ is the spectral wavenumber [cm-1], es (σ) is the sample’s spectral emissivity, LDWR (σ) the 

downwelling radiance, and LBB (Ts, σ) the blackbody radiance at the sample’s temperature Ts. When 

using equation (III-4), mostly exact knowledge of the leaf kinetic temperature is required. This temper-

ature (Ts) was retrieved using the ‘spectral smoothness’ approach (Horton et al., 1998). 

Emissivity spectra were originated from the same ROIs as the Hyper-Cam LW temperatures. For 

further analysis we averaged the spectral emissivities per ROI, resulting in one spectral emissivity read-

ing per potato plant at several days of measurement.  
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2.5 VNIR/SWIR  

To compare the sensitivity of water stress detection using TIR with common vegetation indices in 

the 0.35 – 2.5 µm spectral range, leaf as well as canopy spectra were measured using an ASD Fieldspec-

3 spectrometer (ASD Inc., Boulder, CO, USA). The spectral resolution of the spectrometer is 3 nm at 

0.7 µm and 10 nm at 1.4 µm and 2.1 µm. Leaf reflectance measurements were taken with an ASD Plant 

Probe, consisting of a clamp with a constant light source and turnable dark or white (Labsphere Spec-

tralon reference) background with spot size of 10 mm. This setup ensures non-destructive leaf contact 

measurements under controlled illumination conditions. Canopy reflectances were measured with an 

ASD pistol grip under clear sky conditions. To account for specific illumination conditions a Spectralon 

reference panel was used to adjust the sensitivity of the detector. White reference as well as grating drift 

corrections were performed on each spectrum following Dorigo et al.  (2006). For the further analysis 

we took an average spectrum for each plant, which consists of three leaves or parts of the canopy per 

plant times three single spectra per leaf times 30 scan repetitions per spectrum for both canopy and leaf 

reflectance measurements. Only leaves or parts from the upper sunny canopy were selected.  

To examine the ability of detecting plant water stress using the VNIR/SWIR spectral region, several 

narrowband vegetation indices (Table III-2) related to leaf physiology, structure and water content were 

calculated from the leaf and canopy reflectance spectra. The spectral bands centred at 0.531 µm and 

0.57 µm were used to calculate Photochemical Reflectance Index (PRI) (Gamon et al., 1992). As three 

simple ratio indices related to water content, we estimated the Water Index (WI) (Peñuelas et al., 1993), 

the Leaf Water Index (LWI) (Seelig et al., 2008) and the Moisture Stress Index (MSI) (Hunt Jr. and 

Rock, 1989), which are sensitive in the scope of the water absorption bands at 0.97 µm and 1.45 µm 

respectively. Additionally, the Normalized Difference Water Index (NDWI) (Gao, 1996) and the Nor-

malized Difference Vegetation Index (NDVI) were tested (Rouse et al., 1974).  

 

Table III-2: Optical (VNIR/SWIR) narrow-band indices grouped by category: (1) xanthophyll pigments, (2) water content and 

(3) greenness. R is the reflectance at the ASD Fieldspec 3 wavelength in nm. 

Category  Index  Equation  Reference  

Xanthophyll  PRI  PRI = (R570 – R531) / (R570 + R531)
 
 Gamon et al. (1992)  

Greenness NDVI  NDVI = (R800 – R670) / (R800 + R670)
 
 Rouse et al. (1974)  

Water content WI  WI = R900 / R970  Peñuelas et al. (1997) 

 LWI  LWI = R1300 / R1450
 
 Seelig et al. (2008)  

 MSI MSI = R1600 / R820 Hunt & Rock (1989) 

 NDWI NDWI = (R857 – R1241) / (R857 + R1241) Gao (1996) 
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2.6 Statistical Analysis  

To compare the three temperature retrieval approaches, a repeated measures ANOVA was used 

over all days of measurements. A repeated measures ANOVA considers the fact that the same samples 

were measured at multiple dates (days after stress initiation) and thus highly correlated. Further, statis-

tical evaluation was performed on a daily basis to compare the sensitivity of the plant physiological 

measurements, the leaf temperatures and temperature based indices of the three temperature retrieval 

approaches and the vegetation indices regarding water stress detection. Graphical analysis was done by 

boxplots. Mann-Whitney-U-tests at a level of significance of 5 % were performed in order to examine 

significant differences between the two water treatments for the single days of the study. Furthermore, 

Mann-Whitney-U-tests at a level of significance of 5 % were also applied per wavenumber to analyse 

emissivity regarding differences in the spectra of control and treatment plants. Additionally, the rela-

tionships between all investigated variables are represented in a correlogram of Spearman's rank corre-

lation coefficient. All analyses were performed in RStudio.  

3 Results and Discussion 

3.1 Effect of Water Stress on Yield  

Application of water stress on potato plants had a highly significant effect (p < 0.001***) on potato 

yield with average yields of 0.40 kg and 0.28 kg per plant for control and treatment, respectively 

(Fig. III-2). This confirms that during the experiment a severe water stress had been applied to the 

treated plants.  

 

Fig. III-2: Potato yield of stressed (treatment) and non-stressed (control) plants (left), boxplots and mean values per group as 

well as corresponding p-value of a t-test (right). 
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3.2 Meteorological Measurements 

Tair, VPD and RH data were synchronised with the Hyper-Cam LW measurements for the six study 

dates. Tair and VPD showed a very similar course over time (Fig. III-3), increasing until day 2 and 

decreasing afterwards until the end of the experiment. Mean Tair ranged from minimum 23.8°C at day 

9 to 29.9°C at day 2 after stress initiation with an average over all days of 26.4°C. On these same days 

VPD and RH minima (1.4 kPa and 40 %) and maxima (2.6 kPa and 53 %) also occurred. Tair, VPD and 

RH show strong correlations (Fig. III-4). The meteorological variables reveal weather conditions suit-

able for the conducted water stress experiment.  

 

Fig. III-3: Boxplots per day after stress initiation of the meteorological (air temperature, VPD, rel. humidity) and plant physi-

ological measurements (stomatal conductance, transpiration and photosynthetic rate). Asterisks (*) indicating significant dif-

ferences between control and treatment group at 5 % significance level. 
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3.3 Porometry 

Stomatal conductance and transpiration rate show a high correlation (r = 0.77***) (Fig. 0-4), whereas 

the relation between stomatal conductance and photosynthetic rate is weaker (r = 0.45***). Boxplots of 

the three variables are shown in Fig. III-3, grouped by treatment and control. Control and treatment 

groups are significantly different in stomatal conductance starting from 2 days after stress initiation (p 

= 0.04*). The two groups are significantly different in transpiration rate and photosynthetic rate starting 

7 days after stress (Table III-3). Therefore, stomatal conductance is most sensible for water stress de-

tection using plant physiological data as well as in comparison with TIR and VNIR/SWIR data. Further, 

the dependency of stomatal conductance and transpiration rate from meteorological variables (Tair and 

VPD) is well described by the courses of the boxplots; highest values can be found at day 2 where VPD 

and Tair are also at maximum for this study.  

 

Fig. III-4: Correlogram of spearman correlation of observed variables. Relationships which are not significant at 5 % signifi-

cance level are marked by crosses. Main correlation clusters occur within meteorological variables, comparing the three re-

trieval approaches of temperature based indices (e.g., CWSI) as well as water content based indices (e.g., WI and MSI). Fur-

thermore, strong individual correlation can be observed, e.g. between Tleaf and meteorological variables. 
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Fig. III-5: Example of visual images (left) and corresponding temperature maps (right) taken with Fluke thermal imager at 

first and last day of the experiment. At the overlaid temperature maps Infragold reflecting the cold sky (blue coloured) at the 

bottom image edges can be registered as well as obvious temperature differences between the wet (yellowish green coloured 

with approx. 295 K) and dry reference targets (red coloured with approx. 310 K). Aluminium sheet was used to reduce the 

DWR from neighbouring objects. 

3.4 Thermal Infrared 

Fig. III-5 shows an example of visual images and corresponding temperature images of plants from 

both water treatment groups at the start and end dates of the experiment. The raw temperatures are not 

comparable due to rapidly changing meteorological conditions. However, from the visual images, struc-

tural canopy as well as colour differences between the first and the last day of measurement can be 

clearly recognized for the treatment, whereas the control group is still healthy.  

3.4.1 Temperature Comparison 

To examine if a hyperspectral thermal imaging system provides more precise results concerning 

water stress detection based on temperatures in comparison to a broadband system, a first comparison 

of the three temperature retrieval approaches was conducted. The total mean temperature values for all 

days are very similar and differentiate only up to 0.6 K for the Fluke TiR1 and the Hyper-Cam LW 

broadband temperatures and 0.2 K for the Fluke TiR1 and the Hyper-Cam LW (hyperspectral). The 

difference between the two Hyper-Cam LW approaches amounts to less than 0.4 K. This positive 

agreement is confirmed by a very high correlation coefficient r = 0.99*** for the two Hyper-Cam LW 

approaches (hyperspectral vs. broadband). Even the Fluke TiR1 is highly correlated with the Hyper-

Cam LW and Hyper-Cam LW broadband temperatures with r = 0.89*** and r = 0.90*** respectively (Fig. 

III-4). Moreover, the repeated measures ANOVA confirmed these findings showing no significant 

differences between the three introduced temperature retrieval approaches (p = 0.12).  

Therefore, the choice of the TIR camera system had no significant effect on the retrieved 

temperatures. This finding implies that the assumption of ε = 0.97 for the broadband approaches fits 
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excellently for the examined potato plants (Solanum tuberosum L. Cilena). A key advantage of a 

hyperspectral over a simple broadband imaging system is the possibility to correct for atmosphere 

effects. Not surprisingly, in this ground based experiment with a negligible amount of interferring 

atmosphere, this potential advantage played a lesser role. It is expected that hyperspectral systems 

outperform broadband systems in air- or spacborne missions, where high spectral resolution is essential 

for an appropiate atmospheric correction and TES like ARTEMIS (Automatic Retrieval of Temperature 

and Emissivity using Spectral Smoothness; Borel, 2003). 

3.4.2 Water Stress Detection 

Regarding the two Hyper-Cam LW approaches, CWSI and Tleaf – Tair are also highly correlated with 

r = 0.96*** and r = 0.99*** respectively (Fig. III-4). The Fluke TiR1 shows also high correlations for the 

CWSI (r = 0.78*** and r = 0.79***) and for the Tleaf – Tair (r = 0.90*** and r = 0.91***). The relationship 

of the Tleaf and meteorological data (Tair and VPD) is proved by correlation coefficients of up to 0.57***. 

No statistically significant relationships can be found between simple leaf temperatures and stomatal 

conductance. Further, CWSI and difference between Tleaf and Tair are not very strong related to stomatal 

conductance. These small or non-existent relationships are mainly based on the small number of avail-

able observations for the plant physiological measurements.  

For each variable, p-values between treatment and control group at every time point are listed in 

Table III-3. Stomatal conductance (gs) shows significant differences between the two treatments of 

water supply starting from 2 days after stress initiation. At this point in time, none of the other variables 

respond. This is not surprising as gs is a genuine physiological variable and thus directly connected to 

the plant physiological response to stress.  

Variables that respond at 7 days after stress comprise CWSI (computed from broadband TIR im-

ages), WI, and MSI based on leaf scale reflectance measurements in the NIR/SWIR spectral range. 

Contrarily, indices in the VIS (PRI and NDVI) do not respond at all. Consequently, the responding 

variables are all of a pre-visual kind, i.e. not computed from wavebands located in the VIS domain. 

Surprisingly, CWSI computed from Hyper-Cam LW images only respond starting from 8 days after 

stress. Also the simple temperatures as well as Tleaf - Tair show consistent results for the two broadband 

approaches (*p<0.05), whereas the Hyper-Cam LW temperatures (p=0.063 and p=0.057) are only sig-

nificant at day 7 after stress initiation. Regarding the above mentioned temperature comparison these 

contradictory findings are mainly based on the very small differences in the corresponding p-values 

(i.e., for Tleaf - Tair at 9 days after stress with p=0.057 for the Hyper-Cam LW and p=0.046* for the 

Hyper-Cam LW broadband), which is also obvious considering the boxplots (Fig. III-6). These small 

differences, in addition to a relatively large number of observations (n=58), last in statistically signifi-

cant results at 5 % significance level. 
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Therefore, CWSI is most suitable for water stress detection based on temperatures in comparison 

to the simple leaf temperature (Tleaf) and their correction with air temperature (Tleaf - Tair), due to its 

robustness against the actual meteorological environment. For example, decreasing of VPD (Fig. III-3) 

from day 8 to day 9 leads to smaller absolute temperature differences between the two water treatment 

groups, which, comparing the three retrieval approaches, makes the results difficult to interpret. On the 

contrary, the CWSI shows consistent results for Hyper-Cam LW, Hyper-Cam LW broadband as well as 

Fluke TiR 1 (Table III-3).  

 

Table III-3: p-values (level of statistical significance: ***p < 0.001, **p < 0.01, *p < 0.05) of Mann-Whitney-U-test per day 

after stress initiation. 

Device Days after stress 0 1 2 7 8 9 

Porometer n 9 12 12 11 12 - 
 

gs 0.365 0.155 0.047
*
 0.041

*
 0.001

**
 - 

 
A 0.365 0.066 0.066 0.009

**
 0.001

**
 - 

 
E 0.365 0.066 0.066 0.009

**
 0.001

**
 - 

Hyper-Cam LW n 37 58 57 36 56 58 
 T

leaf
 0.742 0.598 0.651 0.724 0.003

**
 0.063 

 
Tleaf – Tair 0.77 0.65 0.391 0.703 0.001

**
 0.057 

 
CWSI 0.658 0.785 0.554 0.365 <0.001

***
 0.002

**
 

Hyper-Cam LW 

broadband 

n 37 58 57 36 56 58 

T
leaf

 0.732 0.475 0.645 0.537 0.002
**

 0.043
*
 

 
Tleaf – Tair 0.722 0.586 0.367 0.512 <0.001

***
 0.046

*
 

 
CWSI 0.635 0.827 0.528 0.15 <0.001

***
 <0.001

***
 

Fluke n 60 # 10 48 59 60 60 
 T

leaf
 0.607 0.155 0.569 0.035

*
 <0.001

***
 0.03

*
 

 
Tleaf – Tair 0.596 0.345 0.528 0.011

*
 <0.001

***
 0.036

*
 

 
CWSI 0.439 0.655 0.399 0.042

*
 <0.001

***
 <0.001

***
 

ASD-Leaf n 59 59 56 56 54 # 29 
 

PRI 0.158 0.13 0.147 0.91 0.362 0.972 
 

NDVI 0.115 0.096 0.179 0.366 0.002
**

 0.177 
 

WI 0.165 0.118 0.097 0.024
*
 <0.001

***
 0.188 

 
LWI 0.461 0.291 0.293 0.237 <0.001

***
 0.2 

 
MSI 0.169 0.144 0.192 0.047

*
 <0.001

***
 0.035

*
 

 
NDWI 0.309 0.331 0.23 0.095 0.001

**
 0.234 

ASD-Canopy n 60 59 59 0 # 15 60 
 

PRI 0.354 0.479 0.101 - 0.047
*
 <0.001

***
 

 
NDVI 0.343 0.053 0.425 - 0.036 <0.001

***
 

 
WI 0.065 0.682 0.302 - 0.86 1 

 
LWI 0.195 0.21 0.345 - 0.06 <0.001

***
 

 
MSI 0.065 0.461 0.271 - 0.306 0.238 

 
NDWI 0.063 0.91 0.331 - 1 0.39 

# reduced sample size 
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Fig. III-6: Boxplots per day after stress initiation of leaf temperatures (Tmean), Tleaf – Tair and CWSI of the three temperature 

retrieval approaches (Hyper-Cam LW (HC), Hyper-Cam LW broadband (HC broadband), Fluke). Asterisks (*) indicating sig-

nificant difference between control and treatment group at 5 % significance level. 

A critical point of this study is the gap of measurements of four days during 19th and 23rd July 2014 

due to unsuitable weather conditions. However, even if measurements had been taken during day 3 – 

6 after stress initiation, we presume that CWSI would have not been sensitive to water stress before 

days 7 to 8 of the experiment. As a matter of fact, undisturbed outdoor experiments of this kind can 

hardly be guaranteed under the prevailing weather conditions in Central Europe. 

  



Chapter III Results and Discussion 

 

55 

 

3.5 VNIR/SWIR 

All indices linked to water content are highly statistically significant (Table III-3, Fig. III-7) at day 

8 after stress for leaf measurements. Only MSI showed consistent results starting from day 7 (p=0.047*), 

which is comparable to the results of the Fluke TiR1. Considering that water related indices are highly 

correlated, e.g. r=0.94*** for WI and NDWI, none of the observed indices seems to be more sensitive 

comparing the two water treatment groups. The relationship between water sensitive indices at leaf 

scale and stomatal conductance are weak, e.g. p=0.30* for WI (Fig. III-4).  

NDVI and PRI are correlated with r=0.43*** for leaf and r=0.65*** for canopy scale. For the leaf 

measurements PRI showed no significantly differences between the two water treatments. Whereas, 

NDVI shows highly significant results (p=0.002**) at day 8 after stress initiation at leaf scale. On the 

contrary, PRI treatment and control were significantly different (p=0.047*) based on canopy measure-

ments taken 8 days after stress. Similar results were found for NDVI. Thus, the findings of Panigada et 

al. (2014) that PRI is more sensitive to early stadium of plant water stress than NDVI could not be 

confirmed. 

 

Fig. III-7: Boxplots per day after stress initiation of vegetation indices at leaf scale. Asterisks (*) indicating significant differ-

ence between control and treatment group at 5 % significance level. 
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The results may be somewhat less robust due to the reduced sample size for leaf measurements at 

day 9 after stress (n=29) and canopy measurements at day 7 (n=0) and 8 (n=15). 

Overall, using leaf measurements and narrowband spectral vegetation indices linked to water con-

tent, water stress can be also detected at the same date as using CWSI. Therefore, TIR based indices 

and NIR/SWIR indices related to plant water content are equally sensitive and respond quicker than 

visual indices such as PRI and NDVI.  

3.6 Spectral Emissivity  

Fig. III-8 shows the mean emissivity spectra per day after stress initiation for control (black) and 

treatment (red) groups. All spectra shown are a consistent shape with a prominent spectral feature 

around 1000 cm-1 (10 µm). For example, weaker features were recognized around 950 cm-1 (10.53 µm), 

1080cm-1 (9.26 µm) or 1130cm-1 (8.85 µm). For the first three days, the two water treatments were not 

significantly different (p-values > 0.05; right-handed ordinate). However, control and treatment groups 

were significantly different (p-values < 0.05) starting from day 7 after stress initiation for a wavenumber 

greater than 925.99 cm-1 (10.79 µm) and even starting from 886.02 cm-1 (11.29 µm) for the last day of 

the experiment, respectively. At day 8 the differences were slightly less consistent, but still prominent. 

Therefore, spectral emissivity was equally sensitive to water stress as temperature based indices or 

NIR/SWIR based indices related to leaf water content.  

For the water-stressed plants, emissivity increased in a consistent manner over all spectral bands, 

whereas the spectral shape remained unchanged. In particular, the spectral contrast around 1000 cm-1 

decreased for the treatment group, while the control group constantly remained at an averaged emissiv-

ity value of 0.98 for all days of the experiment. Buitrago et al. (2016) examined changes in spectral 

emissivity for cold and water stress on two different species, European beech (Fagus sylvatica) and 

rhododendron (Rhododendron cf. catawbiense), respectively. They observed a similar emissivity in-

crease for stressed plants of the rhododendron and related this increase to cavity effects (i.e., loss of 

spectral contrast due to multi scattering (Kirkland et al., 2002)) as a result of an increase of cuticle 

thickness. Similar results were also observed by Ribeiro da Luz and Crowley (2007). Regarding these 

findings, we expected that potatoes would react similarly to the beeches with a decrease in emissivity 

in the TIR rather than the rhododendron with its thicker and more complex cuticle compared to the 

examined potato plants. 
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Fig. III-8: Mean emissivity spectra of potato plants (Solanum tuberosum L. Cilena) per day after stress initiation for control 

(black) and treatment (red) group. Corresponding p-values of a Mann-Whitney-U-tests at 5 % level of significance per wave-

number are grouped by significance (right-handed and marked with asterisks. 
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Spectral features can be allocated neither to structural characteristics nor biochemical compounds, 

since corresponding reference measurements (e.g., thickness of cuticles or biochemical analysis) for the 

current study were not available. Notwithstanding, the overall increase in emissivity of the treatment 

group may most likely be related to cavity effects resulting from biochemical and structural changes in 

the leaf due to shortage of water.  

Finally, we would like to highlight that this study resulted in a successful detection of plant emis-

sivity changes with stress measured through an emissive imaging device. On the contrary, most other 

studies (e.g., Buitrago et al., 2016; Ribeiro da Luz and Crowley, 2007; Ullah et al., 2012b) have based 

plant emissivity retrieval on non-imaging and slow reflectance-based (DHR) measurements. Therefore, 

such TIR imaging sensors have the potential to map plant emissivity from airborne platforms.  

4 Conclusion 

In this paper, we systematically compared temperature based measures, NIR/SWIR reflectance 

based indices and VIS reflectance based indices, as well as spectral emissivity in their ability to detect 

water stress in potato plants. Besides, we investigated hyperspectral and broadband TIR imaging de-

vices for their ability to measure leaf temperature as the basis for the temperature based measures.  

The main findings are: (i) water stress as measured through stomatal conductance started on the 

second day after watering was stopped; (ii) temperature based indices and NIR/SWIR reflectance based 

indices related to plant water content as well as spectral emissivity were equally sensitive and responded 

quicker than visual indices such as PRI and NDVI; (iii) spectral emissivity showed a steady overall 

increase with increasing water stress; (iv) no striking differences appeared for hyperspectral and broad-

band TIR imagers in deriving accurate leaf temperatures; (v) among the temperature based measures, 

CWSI was most suitable for water stress detection, due to consideration of actual meteorological con-

ditions based on dry and wet reference targets. 

The most important conclusion of this research is that pre-visual measures of water stress (based on 

temperature, emissivity and water content) react faster than visual measures (based on leaf colour). The 

approach of pre-visual water stress detection is based on the physical nature of plant water reactions 

(i.e., stomatal closure due to water shortage). Thus, it should be possible to transfer this finding to other 

crop types. Under presence of water stress, pre-visual indices should also work at times in the growing 

season different to those that have been examined. Therefore, hyperspectral TIR measures like temper-

ature based indices and especially spectral emissivity have an enormous potential for water stress de-

tection and irrigation management. Nevertheless, following Costa et al. (2013) it should be pointed out 

that there is still a need for establishing thresholds for TIR based stress indices (e.g., CWSI) for different 
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biotic or abiotic stress effects and for different species and varieties depending on the plant specific 

structure and stress strategies (e.g., hypo- or amphi-stomatous leaves). 

The general validity of the experiment is slightly limited due to the four days gap of measurements 

and the reduced sample size of plant physiological and VNIR/SWIR reflectance measurements. There-

fore, additional studies with comparable experimental setups should be conducted to confirm these re-

sults. Notwithstanding, given the typical weather conditions in Central Europe, it is in general very 

difficult to achieve over a sufficiently long period contiguous experimental datasets.  

For potential application of TIR imaging in precision agriculture, the obtained results need to be 

confirmed at parcel and farm scales. The need for additional reference panel measurements for CWSI 

computation imposes a serious limitation for practical applications. Thus, there is a need to develop 

new approaches that characterise crop water stress independent from additional field measurements. 

Measures of spectral emissivity open new opportunities in TIR remote sensing and its application in 

agriculture. But, crop emissivity information is definitely limited by the availability of TIR imaging 

spectrometers, which are currently still very large in size and heavy (e.g., Hyper-Cam LW with 30kg) 

and thus, limited to operating on airborne platforms. Additionally, to fully exploit the emissivity signal, 

more fundamental research is needed to understand how spectral emissivity is affected by biochemical 

compounds, structural properties and the effects of stressors. 
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Abstract 

High-resolution airborne hyperspectral thermal infrared (TIR) together with sun-induced fluores-

cence (SIF) and hyperspectral optical images (visible, near- and shortwave infrared; VNIR/SWIR) were 

jointly acquired over an experimental site. The objective of this study was to evaluate the potential of 

these state-of-the-art remote sensing techniques for detecting water stress symptoms at airborne level.  

Flights with two camera systems (Telops Hyper-Cam LW, Specim HyPlant) took place during 11th 

and 12th June 2014 in Latisana, Italy over a commercial grass (Festuca arundinacea and Poa pratense) 

farm with plots that were treated with an anti-transpirant agent (Vapor Gard®; VG) and a highly reflec-

tive powder (kaolin; KA). Both agents affect energy balance of the vegetation by reducing transpiration 

and thus reducing latent heat dissipation (VG) and by increasing albedo, i.e. decreasing energy absorp-

tion (KA). Concurrent in situ meteorological data from an on-site weather station, surface temperature 

and chamber flux measurements were obtained. Image data were processed to orthorectified maps of 

TIR indices (surface temperature (Ts), Crop Water Stress Index (CWSI)), SIF indices (F687, F780) and 

VNIR/SWIR indices (photochemical reflectance index (PRI), normalized difference vegetation index 

(NDVI), moisture stress index (MSI), etc.). A linear mixed effects model that respects the nested struc-

ture of the experimental setup was employed to analyse treatment effects on the remote sensing param-

eters.  

Airborne Ts were in good agreement (< 0.35 K error) compared to in situ Ts measurements. Maps 

and boxplots of TIR based indices show diurnal changes: Ts was lowest in the early morning, increased 

by 6 K up to late morning as a consequence of increasing net radiation and air temperature (Tair) and 

remained stable towards noon due to the compensatory cooling effect of increased plant transpiration; 

this was also confirmed by the chamber measurements. In the early morning, VG treated plots revealed 

significantly higher Ts compared to control (CR) plots (p = 0.01), while SIF indices showed no signifi-

cant difference (p = 1.00) at any of the overpasses.  

This shows that the polymer di-1-p-menthene had an anti-transpiring effect on the plant while pho-

tosynthetic efficiency of light reactions remained unaffected. VNIR/SWIR indices as well as SIF indi-

ces were highly sensitive to kaolin, because of an overall increase in spectral reflectance and thus a 

reduced absorbed energy. Comparing the performance of TIR, VNIR/SWIR and SIF for detecting water 

stress symptoms, temperature-based indices were most sensitive. The benefit of a multi-sensor approach 

is not only to provide useful information about actual plant status but also on the causes of biophysical, 

physiological and photochemical changes. 
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1 Introduction 

In the context of climate change and an increasing global water scarcity, especially water deficit 

stress (normally shortened to water stress) is one of the most critical abiotic stressors to plant growth. 

In order to increase the quantity and quality of food production with a reduced amount of water used, 

the detection and quantification of plant stresses is of major interest for agriculture in general and pre-

cision farming in particular (Mulla, 2013). Remote sensing provides powerful tools in different spectral 

domains for spatio-temporal monitoring of water stress (Atzberger, 2013). 

Plant response to water stress is expressed by a variety of physiological changes (e.g., stomatal 

behaviour, leaf water content), biophysical changes (energy balance, leaf and canopy structure, biomass 

and yield) as well as photochemical processes (Hsiao et al., 1976; Jones, 2004b; Yordanov et al., 2003). 

Accordingly, various attempts have been made to detect these changes using remotely sensed signa-

tures. To date, the main remote sensing imaging techniques for plant water stress detection are thermal 

imaging (TIR; 8 – 14 µm), visible, near- and shortwave infrared reflectance (VNIR/SWIR; 

0.4 – 2.5 µm), and sun-induced fluorescence (SIF; 0.69 and 0.76 µm). 

TIR imaging has been well studied for water stress detection (e.g., Cohen et al., 2005; Jones, 2004; 

Möller et al., 2007). The underlying principle is that plant temperature rises with increasing water stress 

in comparison to a well-watered plant due to decreasing evaporative cooling through stomatal closing 

(Inoue et al., 1990). Since stomatal closure is one of the first responses to water stress, plant temperature 

as measured by TIR sensors can be used to detect water stress pre-visually (Costa et al., 2013; Jones, 

2004a; Maes and Steppe, 2012). Plant temperature, however, is not solely governed by the plant water 

supply but also by the actual micro-meteorological conditions (i.e., solar radiation, wind speed, leaf 

boundary layer resistance and vapour pressure deficit (VPD)). Therefore, as an alternative to using 

absolute temperature, several temperature-based indices were developed over the last decades with the 

aim to compensate for varying meteorological conditions. For example, the prominent Crop Water 

Stress Index (CWSI) (Jackson et al., 1981) by means of artificial references does not require any addi-

tional meteorological measurements to be calculated. The usefulness of temperature-based indices has 

recently been demonstrated in several airborne studies (Panigada et al., 2014; Rossini et al., 2015b; 

Zarco-Tejada et al., 2013, 2012). Currently, the main limitation of all temperature-based (i.e., absolute 

temperature and temperature-based indices) approaches arises from the use of broadband infrared cam-

eras with erroneous temperature retrieval by assuming an emissivity value that is pre-determined (e.g., 

ɛ = 0.97 for vegetation) and constant over the spectral range from 8 to 14 µm. For example, an error of 

1% emissivity results in an absolute temperature error of 1 K (Jones, 2004a). However, just very re-

cently hyperspectral TIR airborne imagers such as Telops Hyper-Cam LW, Itres TASI-600, or Specim 

AisaOWL became available. These devices allow for stable temperature and emissivity separation 

(TES) and very accurate temperature retrieval (i.e., < 0.5 K) by measuring the emitted radiation in many 
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narrow bands (Schlerf et al., 2012). The importance of airborne (hyperspectral) TIR remote sensing lies 

in the possibility to bridge the gap between ground based thermography (e.g., Maes and Steppe, 2012; 

Gerhards et al., 2016) and proposed satellite missions, such as ECOSTRESS (Ecosystem Spaceborne 

Thermal Radiometer Experiment on Space Station, Stavros et al., 2017), HyspIRI (Hyperspectral In-

frared Imager, Lee et al., 2015) or the hyperspectral mission concept HiTeSEM (High-resolution Tem-

perature and Spectral Emissivity Mapping, Udelhoven et al., 2017). 

In the VNIR/SWIR domain, various spectral vegetation indices (VI) have been developed for the 

assessment of plant water status (e.g., PRI, NDVI, MSI). Among the large variety of available indices, 

the PRI (photochemical reflectance index; Gamon et al. 1992) is related to non-photochemical heat 

dissipation, which may be linked to water availability and photosynthetic efficiency . In fact, PRI is 

heavily influenced by canopy effects and pigment content, but Suárez et al. (2010, 2009, 2008) suggest 

that the use of PRI in combination with radiative transfer modelling, accounting for these effects, can 

effectively provide very good means for monitoring water stress in crops and natural vegetation at air-

borne level. However, the ability of the PRI to be used for water stress detection is not conclusive at a 

small scale experimental ground and airborne level (Gerhards et al., 2016; Panigada et al., 2014; Rossini 

et al., 2015b). 

At the same time, remote sensing of sun-induced fluorescence (SIF) has become increasingly pop-

ular over the last decade with a variety of studies ranging from ground-based experiments to airborne 

campaigns and even towards satellite missions (see Meroni et al. (2009) for a comprehensive review). 

In principle, radiative energy absorbed by leaf chlorophyll is processed along three competing path-

ways: (i) conversion of photosynthetic active radiation (PAR) to sugars through photosynthesis, (ii) the 

re-emission of non-used energy through chlorophyll fluorescence or (iii) dissipation of heat (Porcar-

Castell et al., 2014). Hence, these three processes are in competition to each other; variation in one of 

the processes affects the others (Rossini et al., 2015a). For example, plant photosynthetic efficiency is 

reduced under environmental stress conditions (i.e., water or nutrient shortage, heat stress, and other 

types of stress) due to plants protective mechanisms (e.g., leaf rolling reduces the plants surface and 

therefore the PAR absorbance; stomatal closure reduces water loss and CO2 uptake). In this context, 

SIF is expected to be a direct indicator of photosynthetic efficiency and plant stress, although further 

studies are needed to establish a consistent basis for robust assessment (Rascher et al., 2015; Porcar-

Castell et al., 2014). The HyPlant sensor facilitates subnanometer airborne acquisitions from the red 

(0.68 µm) towards the far red (0.78 µm) spectral range. Current experiments using the HyPlant sensor 

demonstrated the capability of quantitative plant stress detection at airborne level using both red and 

far red chlorophyll fluorescence peaks (Rossini et al., 2015a).  
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These preceding studies suggest that plant water stress symptoms may be detectable by means of 

the three approaches (TIR temperature indices, VNIR/SWIR VIs and SIF indices). However, since they 

are based on different models and physiological processes, the sensitivity and suitability of these ap-

proaches may vary depending on the target and environmental conditions. Therefore, to assess the de-

tectability of water stress symptoms by the three approaches, we conducted a field-scale experiment 

specifically designed to tentatively evaluate the potential of state-of-the-art remote sensing at airborne 

level. Hyper-Cam LW as well as HyPlant sensors were flown over a commercial grass farm. Water 

stress symptoms were simulated by treating grass surfaces with two different chemical agents and com-

paring them to untreated Control (CR) plots. 

The first agent, the anti-transpirant Vapor Gard® (VG; Miller Chemical & Fertilizer, Hanover, 

Pennsylvania 17331 USA), is composed of di-1-p-menthene, a natural terpene polymer. The emulsion 

surrounds the leaves with a thin film and is supposed to reduce the plants water transpiration by limiting 

stomatal conductance. Thus, VG is recommended for farming to reduce water loss and prevent water 

stress in times of limited water availability (Francini et al., 2011; Mikiciuk et al., 2015; Ouerghi et al., 

2015). Because of decreasing stomatal conductance, transpiration is also reduced and consequently 

plant surface temperature is expected to be significantly increased in comparison to a CR plot. Further-

more, VG does not only have an effect on the permeability of water but also reduces CO2 uptake rates 

(Plaut et al., 2004). The second agent, kaolin (KA) is a highly reflective white powder and can be 

dissolved in water and sprayed on plants. The white color of KA increases the albedo of the plant surface 

and therefore reduces the absorbed light energy (APAR).  

Thus, we assume (Table IV-1) that VG treated plants (in comparison to CR plants) have: i) de-

creased transpiration, ii) increased leaf temperature, and iii) decreased photosynthetic activity, while 

keeping relatively high leaf water and chlorophyll content (in case of enough soil moisture). We assume 

further that KA treated plants (in comparison to CR plants) have: iv) decreased absorbed radiation re-

sulting in decreased transpiration under energy-limited conditions (in case of sufficient soil water), but 

also vi) little change in stomatal conductance, leaf temperature, photosynthetic efficiency, leaf water 

and chlorophyll content. 
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Table IV-1: Assumed effects of treatments on spectral domains. 

Treatment Effect on VNIR/SWIR Effect on TIR Effect on SIF 

CR Normal Normal Normal 

VG Unchanged indices due to 

normal leaf water content and 

chlorophyll content  

Increased Ts due to reduced 

transpiration 

Variations in SIF indices due 

to changes in photosynthetic elec-

tron transport rates 

KA Overall increase in reflec-

tance and corresponding reduc-

tion of absorbed APAR and thus, 

a change in index values 

Reduced Ts due to decrease 

in absorbed radiation 

Reduced SIF indices due to de-

creased overall available absorbed 

energy (APAR)  

 

However, it is still unknown how well they allow the detection of plant water stress symptoms at 

airborne level. Thus, the overall aim of this study was to comparably assess the capability of selected 

TIR and VNIR/SWIR hyperspectral remote sensing indices, as well as SIF remote sensing for detection 

of plant water stress symptoms. The specific objectives were: i) a systematic comparison of the ability 

of different temperature-based indices (e.g., CWSI, Ts, Ts-Tair), traditional VNIR/SWIR indices (e.g., 

PRI, NDVI, MSI), and SIF indices to detect plant stress symptoms as induced by chemical treatments 

(VG and KA); ii) an assessment of why the different indices may or may not have changed from treat-

ments with respect to the underlying physiological processes; iii) specifically examining diurnal 

changes in temperature-based index values regarding different treatments.  

2 Materials and Methods 

2.1 Experimental Design  

In June 2014, a field scale experiment was conducted on a 2 ha commercial grass (Festuca 

arundinacea and Poa pratense) farm near to Latisana, north east Italy (45°46'46.1"N, 13°00'50.5"E) 

(Fig. IV-1). Plant characteristics were modified by two chemical treatments (VG and KA) to simulate 

water stress symptoms. A replicated block design with three replicates was adopted (Fig. IV-1). The 

average plot size was 12 x 9 m for CR and VG and 9 x 9 m for KA plots. In the evening of 

10th June 2014, tagged plots were treated by 15 l of an emulsion of 3% VG and 15 l of 60 g l-1 KA.  

During the experiment, airborne and in situ data were collected. Airborne data were acquired with 

two camera systems (Telops Hyper-Cam LW, Specim HyPlant) during 11th and 12th June 2014. Con-

current in situ meteorological data from an on-site weather station, surface temperature and chamber 

flux measurements were obtained. 
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Fig. IV-1: Overview of the study site with the experimental setup. The study site was located in north eastern Italy near the 

town of Latisana (a.). (b.) shows the locations of the experimental plots, pool and weather station. A scheme of the experimental 

design is presented in the legend.  

2.2 Airborne Images 

2.2.1 Overview 

The airborne flight campaign was organised in the framework of an annual FLEX-EU campaign. 

The experimental site was overpassed three times during 11th and 12th June from both Hyper-Cam LW 

and HyPlant airborne sensor, respectively. Hyperspectral TIR images were acquired using Telops Hy-

per-Cam LW on 11th June 2014 in the early morning at 09:18, late morning at 10:48 and at midday near 

solar noon at 12:51 (all Central Europe Solar Time, CEST). Unfortunately, synchronised overpasses of 

both airborne sensor were not possible. Thus, the nearest available three HyPlant imagery acquisitions 

were selected. The first flight occurred on 11th June at 14:52, whereas, second and third overpasses were 

performed one day later (12th June) at 12:02 and 13:40 (all CEST), respectively.  

Hyper-Cam LW sensor was flown at a survey height of 1430 m above ground resulting in a ground 

sampling distance (GSD) of 0.5 m per pixel. HyPlant sensor was flown at 600 m height resulting in 1 

m GSD. To obtain a consistent dataset, HyPlant images were co-registered to Telops Hyper-Cam LW 

spatial resolution (0.5 m). Nearest neighbor interpolation was used for resampling. Over each plot a 

circular region of interest (ROI, size: 32 pixels) was defined and the corresponding image values were 

extracted and stored in a database. The ROI were defined to be circular around the central pixel of each 

plot, in order to prevent any boundary effects. Each ROI covers a grass surface area of approximately 

8 m². 
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2.2.2 Hyperspectral Thermal Images 

Hyperspectral TIR airborne data were recorded using a Hyper-Cam LW (Telops Inc., Québec, Can-

ada, www.telops.com) mounted on a customized airborne platform. The base instrument is a FTIR 

(Fourier transformed infrared) spectrometer consisting of a 320 x 256 pixel MCT (mercury cadmium 

telluride) focal plane array (FPA) detector with up to 0.25 cm-1 spectral resolution in the spectral range 

of 7.7 to 11.5 µm (1298.7 to 869.6 cm-1). The camera system is provided with two internal blackbodies 

with a known emissivity (ɛ ≥ 0.99) for radiometric calibration. The airborne platform combines the 

Image Motion Compensator (IMC) mirror, an Inertial Measurement Unit (IMU) consisting of GPS and 

Inertial Navigation System (INS), as well as a visible boresighted camera mounted on a base plate 

(Schlerf et al., 2012). The IMC mirror compensates for airborne forward motion and guarantees gapless 

image acquisition. Furthermore, the IMC balances airborne pitch and roll, while the stabilization plat-

form reduces airborne vibrations and airborne yaw. The IMU recordings enable ortho-rectification and 

geo-referencing of the collected data. Hyperspectral TIR images were acquired with a spectral sampling 

distance of 6.65 cm-1 with 8 cm-1 FWHM (Full Width at Half Maximum) in the spectral domain from 

878 to 1277 cm-1 resulting in 60 spectral bands.  

In order to retrieve LST (Land Surface Temperature) from hyperspectral Hyper-Cam LW data cubes 

several radiometric and geometric processing steps were performed. First, raw interferograms were 

transformed to spectral radiances (W m-2 sr-1 cm-1) using a Fourier transformation, followed by a two-

point calibration based on the internal blackbodies with known temperature and emissivity (ε ≥ 0.99). 

This process was conducted using Telops Reveal calibrate software resulting in single image cubes in 

units of spectral radiance. Second, the single image cubes were ortho-rectified and geo-referenced using 

the information of the IMU, before they were mosaicked to single flight lines. This geometric correction 

was performed using Telops Airborne software. Third, the so-called “Blackbody Fit” approach (Kahle 

and Alley, 1992) was performed to retrieve LST from spectral radiances. This simple approach needs a 

minimum of a priori knowledge to fit the measured spectral radiances of each pixel to a Planck-curve 

with a known temperature. Following Schlerf et al. (2012) the fit was performed in the spectral range 

between 880 cm-1 (11.4 µm) and 912 cm-1 (11.0 µm) and with an assumed emissivity of 97 % 

(ε = 0.97), which is in good agreement with common findings about plant emissivity (e.g., Buitrago et 

al., 2016; Gerhards et al., 2016; Rock et al., 2016; Salisbury and D’Aria, 1992). The best fit was then 

found by iteratively changing the temperature of the Planck-curve and using a non-linear least square 

curve fitting approach to assess the goodness of fit (Lourakis, 2005). 
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Any atmospheric distortions within the optical path (i.e., upwelling and downwelling radiance as 

well as transmittance) were neglected for the following reasons: (i) because of the low survey altitude, 

the atmosphere imposes limited effects on the recorded signal; (ii) the small scale study site limited 

horizontal variations in atmospheric gas concentrations and (iii) only relative differences in temperature 

(i.e., temperature-based indices) were studied. 

To validate the accuracy of LST retrieval, airborne temperature (Tairborne) were compared to ground 

measured temperatures (Tground) of a water body. Tground was measured at the surface of a water filled 

pool along a profile of five thermocouples. Thermocouples have a certificated accuracy (ISO 17025) of 

0.5 K. Tairborne was extracted from corresponding TIR images as an average of four pixels within the 

pool. 

Since absolute plant temperatures are very sensitive to rapidly changing meteorological conditions 

and therefore are not very suitable to detect water stress symptoms and diurnal changes, two additional 

temperature-based indices were calculated: i) the difference between plant surface and air temperature 

(Ts-Tair) based on the approach of Stress Degree Day (SDD) (Jackson et al., 1977) and ii) the in-scene 

Crop Water Stress Index (CWSI) approach following the idea of using artificial wet and dry reference 

surfaces (Jones, 1999a). CWSI was retrieved using following equation (IV-1):  

𝐶𝑊𝑆𝐼=
𝑇𝑠− 𝑇𝑤𝑒𝑡
𝑇𝑑𝑟𝑦− 𝑇𝑤𝑒𝑡

 (IV-1), 

where Ts is the plant surface temperature, Twet for the lower boundary of plant surface temperature, 

assuming a leaf with stomata fully open and a potential transpiration rate of 100% and Tdry is the upper 

boundary compared to a non-transpiring leaf with stomata completely closed. Since the fleece material 

artificial reference surfaces located next to the treatment plots turned out unsuitable for this study (i.e., 

wet reference surface was warmer then coolest CR pixel and dry reference surface was up to 15 K 

warmer compared to the warmest pixel of the VG treatment), CWSI was determined by an empirical 

approach. The lower limit (Twet) was calculated using the coolest 5 % of the CR treatment pixel 

(Gonzalez-Dugo et al., 2013), assuming that the CR plots were well watered. The upper boundary was 

calculated by adding 5 K to the current Tair (i.e., Tdry = Tair + 5 K). This approach has been previously 

suggested by Meron et al. (2003) and Cohen et al. (2005).  
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2.2.3 Hyperspectral Optical Images  

HyPlant airborne sensor was developed at Forschungszentrum Jülich (Germany) in cooperation 

with Specim Spectral Imaging Ltd (www.specim.fi). HyPlant was designed as an airborne demonstrator 

of ESA’s Fluorescence Explorer (FLEX) satellite mission. The push-broom imager consists of two 

modules. First, the dual-channel module is measuring reflected surface radiance in the wavelength range 

of 0.38 – 0.97 µm with a spectral resolution of 4 nm (FWHM) at a sampling interval of 1.7 nm and 

from 0.97 – 2.5 µm with 13.3 nm FWHM at 5.5 nm sampling interval, respectively. Second, the fluo-

rescence module was especially designed to retrieve the emitted fluorescence signal within the atmos-

pheric oxygen bands, O2-A (760 nm, F760) and O2-B (687 nm, F687). Therefore, the fluorescence module 

provides a very high spectral resolution of 0.25 nm (FWHM) covering the spectral range from 670 to 

780 nm resulting in 1024 spectral bands. Therefore, HyPlant is the only available airborne imaging 

spectrometer offering the detection of the two broadband chlorophyll fluorescence emission peaks at 

687 and 760 nm. Further technical details, sensor calibration and image processing are documented in 

Rascher et al. (2015).  

The emitted sun-induced chlorophyll fluorescence F760 and F687 were retrieved from HyPlant’s flu-

orescence module images using a Frauenhofer Line Depth (FLD) approach. In detail, the fluorescence 

retrieval implemented for HyPlant is based on the 3FLD approach as initially introduced by Maier et 

al. (2003) and the iFLD method as proposed by Alonso et al. (2008). The method was fundamentally 

refined and adapted to high performance spectrometers and for airborne fluorescence retrieval. In es-

sence it is complemented with the simulation of atmospheric components using MODTRAN5 (Berk et 

al., 2005) in combination with the MODTRAN5 interrogation technique as introduced by Verhoef & 

Bach (2003), and using an empirical constraint based on non-fluorescing reference surfaces (see Wien-

eke et al. (2016) for a recent detailed description of the retrieval method). 

Additionally, several reflectance-based narrowband VIs (Table IV-2) related to plant physiology, 

structure and water content were calculated from HyPlant dual-channel module to determine their abil-

ity of detecting plant water stress symptoms induced by chemical treatments. PRI (Gamon et al., 1992) 

was calculated using the average of three spectral bands in HyPlant closest to 531 nm and 570 nm, 

respectively (centre wavelength ± 1 band). As simple ratio indices related to water content we applied 

the Water Index (WI) (Peñuelas et al., 1993), the Leaf Water Index (LWI) (Seelig et al., 2008) and the 

Moisture Stress Index (MSI) (Hunt Jr. and Rock, 1989), which are sensitive in the domain of the water 

absorption bands at 970 nm, 1450 nm and 1600 nm respectively. Additionally, the Simple Ratio (SR) 

(Jordan, 1969)index and the Normalized Difference Vegetation Index (NDVI) were evaluated (Rouse 

et al., 1974). All water content and greenness related indices were calculated with a spectral window of 

centre wavelength ± 4 HyPlant spectral bands. 
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Table IV-2: Optical (VNIR/SWIR) narrow-band indices grouped by category: (1) xanthophyll pigments, (2) greeness and (3) 

water content. R is the reflectance center wavelength of HyPlant Dual Chanel in nm. 

Category  Index  Equation  Reference  

Xanthophyll  PRI  PRI = (R570 – R531) / (R570 + R531)
 
 Gamon et al. (1992)  

Greenness SR SR = R800 / R670 Jordan (1969) 

 NDVI  NDVI = (R800 – R670) / (R800 + R670)
 
 Rouse et al. (1974) 

Water content WI  WI = R900 / R970  Peñuelas et al. (1993) 

 LWI  LWI = R1300 / R1450
 
 Seelig et al. (2008) 

 MSI MSI = R1600 / R820 Hunt & Rock (1989) 

 

  

2.3 Meteorological Data 

A weather station was set up close to the experimental plots within a non-treated grass area. The 

station was equipped with a four band net radiometer (NR01-L Campbell Sci., USA), an air temperature 

and humidity sensor (HMP45AC, Vaisala, Finland), soil water content (TDR CS616, Campbell Sci., 

USA), and canopy temperature (Calex Electronics, UK). All of the sensors were connected to a data 

logger (CR1000, Campbell Sci., USA) and acquired at 0.1 Hz, then averaged half hourly. As vapour 

pressure deficit (VPD) is a more sensitive indicator of water vapour condition than relative humidity 

(RH) and therefore describes the interaction of plants with the intervening atmosphere more precisely, 

VPD (hPa) was calculated using equation (IV-2) (Struthers et al., 2015):  

𝑉𝑃𝐷= 𝑒𝑠×
100−𝑅𝐻

100
  

𝑒𝑠=6.11 ×exp(
𝐿

𝑅𝑣
 (
1

273
− 
1

𝑇
)) 

(IV-2), 

where es is the saturation vapour pressure in mbar, L is the latent heat of vaporization 

(2.5×106 J kg−1), Rv is the specific gas constant for water vapour (461 J K−1kg−1) and T is the current 

air temperature (K). RH is the relative humidity (%).  
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2.4 Chamber Flux Measurements  

CO2 and H2O flux measurements were taken on 11th June 2014 over plots treated with VG and CR. 

For logistical reasons no chamber flux measurements were taken at KA treated plots. Non-steady-state 

flow-through a chamber system consisting of transparent and non-transparent chambers was used to 

measure net ecosystem exchange (NEE) and ecosystem respiration (Reco) fluxes, respectively. Both 

chambers had a volume of 0.3 m3 and their dimensions were 0.78 x 0.78 x 0.50 m. Chambers were 

equipped with fans, temperature sensor and a vent to equilibrate pressure changes during measurements 

(Juszczak et al., 2013). Water vapour fluxes were calculated based on measurements taken with trans-

parent chamber made from 3 mm thick PLEXIGLAS (Clear 0A000 GT, Evonik Industries, Germany) 

(Acosta et al., 2017; Chojnicki et al., 2010). Gas concentration changes in the chambers were measured 

with an infrared gas analyser (LI-840, LICOR, USA) installed in the portable control box equipped with 

a pump and CR1000 data logger (Campbell Sci., USA). Air was circulated between the chamber and 

the analyser in the closed loop with the flow rate of 0.7 Lmin-1. During measurements chambers were 

fixed to the preinstalled soil frames (one per experimental plot) inserted to soil to 5 cm depth on 5th of 

June 2014. The chamber closure time  used for NEE and H2O fluxes estimation did not exceed 1 minute 

to avoid overheating of the chamber headspace and 2 minutes for the non-transparent chamber. The 

chambers were un-cooled in order to not reduce H2O fluxes due to condensation on cooling items in 

accordance with Chojnicki et al. (2010) and Acosta et al. (2017). The chamber measurements started 

at 9:30 in the morning and were continued until 17:00 (CEST), but only measurements taken until the 

3rd overpass at 13:40 were considered in analyses corresponding to the Hyper-Cam LW overpasses. 

There were 10 flux measurements taken on VG and CR plots within this time window. 

H2O and CO2 fluxes were calculated based on a gas concertation changes over the closure time 

using the linear regression type as described in Juszczak et al. (2013). In order to avoid underestimation 

of the fluxes due to a gas saturation, fluxes were calculated from the first 30 – 40 seconds of measure-

ments for data with the highest regression slopes in accordance with Hoffmann et al. (2015). Coefficient 

of determination (R2) for the fluxes considered in analyses exceeds 0.9.  

Gross Ecosystem Productivity (GEP), indicating the amount of CO2 assimilated by grass in photo-

synthesis, was calculated as a sum of absolute NEE and Reco values from the two consecutive meas-

urements of NEE and Reco (Reco was measured just after NEE).  

Incoming PAR was measured continuously by a PAR quantum sensor (SKP215, Sky Instruments, 

UK) installed on a weather station located approximately 100 meters from the experimental plots. Con-

sidering that chamber flux measurements were taken at CR and VG plots at different times and under 

different PAR- and temperature conditions, the H2O fluxes were normalised over PAR, dividing H2O 

fluxes by PAR (both in µmols m-2 s-1). 
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2.5 Statistical Analysis 

For statistical analysis, we used R (R Core Team, 2017) and the R package nlme (Pinheiro et al., 

2017) to perform a linear mixed effects model to describe the nested structure of our experimental setup. 

An interaction term between the variables treatment and flight time was introduced as fixed effects, 

because we were rather interested in the comparison of the treatments at each flight time and less in the 

differences between the treatments accumulated over all three overpasses. As random effects, we set 

the variable ID (flight : treatment : plot), which describes the nesting of the variables plot within treat-

ment and treatment within flight as well as the repeated measure problem of the three overpasses. To 

take care of the autocorrelation of neighbouring pixels within each plot, we included a Gaussian spatial 

correlation structure term in the model for the residuals, which considered a distance (d) dependent 

correlation following a Gaussian distribution for a certain range (r) (exp{-[(r1-2)/d]2}). The overall num-

ber of observation is n = 864, 3 treatments with 3 repetitions each by 3 flights by 32 pixels per plot. 

Visual inspection of residual plots did not reveal any obvious deviations from homoscedasticity or nor-

mality. For pairwise comparison we used a student t-statistic with a 0.05 Tukey-adjusted significance 

level, which is implemented in the R package lsmeans (Lenth, 2016). 

3 Results 

3.1 Meteorological Data 

 

Fig. IV-2: Environmental conditions (net radiation (Rn), air temperature (Tair), surface temperature (Ts), Ts – Tair, vapour pres-

sure deficit (VPD), as well as soil water content (SWC)) for 11th and 12th of June 2014 over a non-treated grass surface meas-

ured by the weather station.  
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Fig. IV-2 shows the diurnal variations of environmental conditions (net radiation (Rn), air temper-

ature (Tair), surface temperature (Ts), the difference of Ts and Tair, and vapour pressure deficit (VPD) as 

well as soil water content (SWC)) for 11th and 12th of June from sunrise (05:30 CEST) until sunset 

(21:00 CEST). The meteorological data were retrieved from the weather station measurements (see 

section 2.2). Measurements were taken over an untreated site and can therefore be considered as a Con-

trol (CR) plot. In fact, no major differences were observed between the 11th and 12th of June. For both 

dates, Rn steeply increased from 0 Wm-2 to a maximum of 670 Wm-2 around solar noon, before it de-

creased again. Tair and Ts also rapidly rose on the 11th June until solar noon from 19.7 to 32.6 °C and 

14.6 to 32.4 °C, respectively. Almost similar temperatures were observed on the 12th of June. Similarly, 

VPD almost increased tenfold (3.8 – 31.5 hPa) until 13:30 (CEST) for both dates. After solar noon, Ts 

decreased, whereas Tair and VPD still rose until late afternoon. This decrease of Ts with a simultaneously 

increase of Tair and the high capability of potential transpiration characterised by high VPD values, 

results from evaporative cooling and indicates plants are highly transpiring in the afternoon. Thus, we 

can state that during the 11th and 12th of June 2014 plant water supply over control plots was sufficient 

and no actual water stress prevailed, which is in very good agreement with the constant values of SWC 

(Fig. IV-2).  

3.2 Chamber Flux Measurements 

Fig. IV-3 shows the diurnal course of H2O flux (solid lines) and PAR (dashed lines) for CR (green) 

and VG (orange) treatments observed by chamber flux measurements. During the day, H2O flux and 

PAR increased until solar noon. The observed variations in the measured fluxes might reflect the dif-

ferences between plots (measurements were taken on three CR and three VG plots). The average H2O 

flux rates (n = 10, both for CR and VG) for the time between 9:30 and 13:40 (CEST) was 20% higher 

in average for CR plots (10.6 ± 2.61 mmols H2O m-2 s-1) than for VG plots (8.44 ± 3.21 mmols H2O m-

2 s-1), although this difference was not significant (p = 0.11, Fig. IV-3 lower left). Considering that 

measurements were taken at different time and under different PAR and temperature conditions, the 

H2O fluxes were normalised over PAR (Fig. IV-3 lower right). After normalisation with PAR the dif-

ference between VG and CR transpiration was significant (p < 0.05*), which proves that VG substan-

tially reduced transpiration.  

The average GEP (n = 10, both for CR and VG) for the same time between 9:30 and 13:40 (CEST) 

was 21% higher ((p < 0.01**, not shown) for CR plots (35.91 ± 5.15 µmols CO2 m-2 s-1) than for VG 

plots (28.51 ± 9.59 µmols CO2 m 2 s-1). 
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Fig. IV-3: Diurnal changes in chamber flux measurements for CR (green) and VG (orange) treatments. Solid lines are showing 

H2O fluxes in mmols H2O m-2 s-1 and GEP is represented in dashed lines measured in µmols CO2 m-2 s-1 (upper left). PAR as 

measured in µmols m-2 s-1 is represented with dotted lines (upper right). Boxplots for H2O fluxes (lower left) and H2O fluxes 

normalized by PAR (lower right).  
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3.3 Hyperspectral Thermal Images 

3.3.1 Accuracy of Temperature Images 

Image temperatures retrieved from the hyperspectral TIR airborne sensor (Telops Hyper-Cam LW) 

were compared with ground temperatures of the water filled pool at each overpass (Table  IV-3). Over-

all, the airborne image temperatures agree very well with the ground temperatures with less than 0.35 K 

averaged absolute error, which is within the accuracy of the thermocouples (0.5 K, see above). The 

observed error increased with increasing temperature (i.e., ∆T = 0.19 at 09:18 and ∆T = 0.49 at 12:51). 

In comparison, using a single band of the airborne hyperspectral scanner (AHS) Sobrino et al. (2006) 

were only able to retrieve surface temperatures with an accuracy of 2 K.  

3.3.2 Temperature-based Indices 

Maps of temperature-based indices (Fig. IV-4) as well as boxplots (Fig. IV-5) show diurnal changes 

within the experimental site and treatments. It can be noted that the relative relationships (order) among 

the three treatments were consistent for all indicators and all flights (Fig. IV-5, Appendix Table IV-A1 

for mean (x̅) and standard deviation (sd) of each index per flight and treatment).  

For the CR plots, Ts was lowest in the early morning (9:18) with 301.43 ± 0.21 K and increased by 

more than 6 K to 307.53 ± 0.44 K in the late morning (10:48). From late morning to midday (12:51), Ts 

remained almost constant (307.99 ± 0.14 K). Ts-Tair was also lowest in the early morning 

(0.97 ± 0.21 K), increased to late morning (3.5 ± 0.44 K) and then slightly decreased by midday 

(2.3 ± 0.14 K). Finally, CWSI values also increased from early (0.08 ± 0.04) to late morning 

(0.44 ± 0.2), but decreased almost towards initial values during midday (0.11 ± 0.04). Diurnal courses 

of VG and KA treatment plots were similar to those of CR plots. 

 

Table IV-3: Ground (Tground) and airborne (Tairborne) temperatures of a water filled pool and their differences (∆T) per TIR 

airborne overpass.  

date Flight Tground Tairborne ∆T 

11/06/2014 09:18 1 297.69 297.5 0.19 

11/06/2014 10:48 2 299.41 299.79 0.38 

11/06/2014 12:51 3 301.21 301.7 0.49 
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Fig. IV-4: Diurnal Ts [K] and CWSI maps at 11th June (top),F687, F760, PRI, NDVI and LWI maps of the same day (11th June, 

14:52 CEST) (bottom left), and locations of the treatments (bottom right). 
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Fig. IV-5: Boxplots of the different treatments (CR, KA, VG) at the three overpasses for Ts, Ts - Tair and CWSI. Different 

letters indicate significant differences (*p ≤ 0.05). 

A distinct pattern between all temperature-based indices was recognized (Fig. IV-5), with KA was 

showing the lowest values in comparison to CR, whereas VG had the highest for all three flights (e.g., 

Ts (KA) = 301.03 K, Ts (CR) = 301.43 K and Ts (VG) = 302.42 K at early morning). A pairwise com-

parison of the treatments (see Tukey’s HSD in Appendix Table IV-A2) revealed that in the early morn-

ing VG and CR were significantly different for Ts and Ts-Tair, but not for CWSI (p = 0.59). However, 

VG plots could be easily distinguished from CR and surroundings by visual interpretation of the CWSI 

map at early morning (Fig. IV-4). Additionally, the boxplots of CWSI also showed a distinct difference 

between CR and VG treatment at early morning. Thus, all temperature-based indices showed consider-

ably increased values for the VG treatment at early morning. By contrast, for the late morning and 

midday flights VG had no significant effect (p > 0.05) to any temperature-based index. Similar results 

were observed for KA, where for all temperature-based indices only at late morning KA was signifi-

cantly different to CR. 

3.3.3 VNIR/SWIR Indices and Sun-induced Fluorescence (SIF) 

Fig. IV-6 shows the mean reflectance spectra from HyPlant’s dual-channel module (0.38 – 2.5 µm) 

per treatment and flight. The reflectance spectra for VG plots were very similar to CR, which is also 

confirmed by the boxplots (Fig. IV-7) as well as by the p-values (see Appendix Table IV-A3). Further, 

no visual differences between VG and CR were recognized in the HyPlant images from the maps 

(Fig. IV-4). In contrast, KA mean reflectance spectra had  an overall higher reflectance for all 

wavelengths. Especially, in the visible spectral range (0.38 – 0.7 µm) KA displayed up to 10% higher 

(about 5 times larger) reflectance values, underpinning the properties of KA to increase plant albedo.  
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Fig. IV-6: VNIR/SWIR mean reflectance spectra from HyPlant’s dual-channel module. 

 

Fig. IV-7: Boxplots of the different treatments (CR, KA, and VG) at three HyPlant overpasses for VNIR/SWIR based indices 

and F687 and F760. Different letters indicate significant differences (*p ≤ 0.05). 
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To test for any structural changes that may have occurred because of plant growth or stress (e.g., 

leaf rolling, leaf angle) in the course of the campaign, we evaluated the structural indices NDVI and SR 

that were derived from VNIR/SWIR spectra over the three acquisitions. Both structural indices were 

not significantly different at the three airborne overpasses (Fig. IV-7), as shown by a pairwise Tukey’s 

HSD post-hoc test (see Appendix Table IV-A3). The similarity of all three NDVI and SR values sug-

gests stable data collection (good repeatability). Again, NDVI and SR behaved in a similar manner over 

both chemical agents (Fig. IV-7). They reacted highly significant to the fact that the KA increased over-

all reflectance (see above) in comparison to CR plots (p < 0.001***, see Appendix Table IV-A3). In 

contrast, VG had no significant effect on the grass surface reflectance in comparison to CR (VG and 

CR are almost identical, Fig. IV-6). Further, VG had no significant effect on NDVI and SR as reported 

by very small mean differences between VG and CR (e.g., 0.01 at early morning and even 0 for late 

morning and midday for NDVI, see Appendix Table IV-A1).  

The performance of reflectance based VIs to detect plant (water) stress was tested using PRI, as 

well as water content related indices (i.e., WI, LWI, MSI). As KA greatly changed the reflectance in 

the green spectral range (Fig. IV-6), the PRI was also greatly affected in comparison to CR. No signif-

icant differences between VG and CR plots could be recognized for PRI. However, PRI values are 

slightly increased in the VG treatment (Fig. IV-7). Furthermore, the water absorption bands at 0.97 and 

1.45 µm, which were used in the WI and LWI, respectively, were also highly sensitive to the KA treat-

ment compared to CR. In fact, the KA plots could be easily distinguished from the surrounding areas 

looking at PRI-, NDVI- and LWI-maps (Fig. IV-4). Just MSI was less sensitive and only indicated 

significantly differences for late morning and midday.  

As a fundamental difference to reflectance based VI, SIF is an emitted radiation. Therefore, SIF is 

not directly affected by changing the reflectance properties of grass surface by chemical agent, but 

rather indirectly by induced plant photochemical changes. F687 shows slightly negative values for KA. 

However, the overall pattern of F687 and F760 display consistently lower values in KA plots (Fig. IV-7), 

except for F760 at the first HyPlant overpass. The differences between KA and CR were up to 

1.6 mW nm-1 sr-1 m-2 for F687 and 0.7 mW nm-1 sr-1 m-2 for F760 during the second HyPlant overpass. 

Thus, F687 and F760 of KA plots are significantly different in comparison to CR (see Appendix Table IV-

A3). In contrast, VG has no effect on F687 and F760 compared to CR.  
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4 Discussion 

As shown by the results of the meteorological measurements (i.e., SWC, VPD; Fig. IV-2) no actual 

plant water stress occurred during the experiment due to sufficient water supply from the soil. Never-

theless, the VG treatment had a modest but clearly measurable effect on H2O flux relative to PAR 

(reduction of relative transpiration of grass by 20% in average) as well as on CO2 flux (reduction by 

nearly 21%). This proved that real, but rather mild effects on transpiration and CO2 uptake arose from 

the VG treatment.  

The diurnal change of Ts can be explained by the effects of plant transpiration. At late morning, as 

a consequence of increasing net radiation and VPD (Fig. IV-2), plant transpiration and thus, evaporative 

cooling increased and prevented a rise in Ts. Due to the same process, Ts-Tair also increased from early 

to late morning. However, Ts-Tair slightly decreased from late morning to midday (Fig. IV-5) because 

Ts remained constant due to higher transpiration rate while Tair continued to rise due to increased net 

radiation (Fig. IV-2). Further, the diurnal changes in CWSI demonstrated the same effect as described 

for Ts-Tair. Since the upper boundary (Tdry) was determined by adding 5 K to the current Tair, Tdry in-

creased in the same manner as Tair resulting in overall lower CWSI values at midday. Negative CWSI 

values in KA resulted from the fact that Ts was lowest for KA and the lower boundary (Twet) was deter-

mined by the coolest 5 % of CR plots, which were partly warmer than KA.  

Indeed, the mild physiological manipulations through the chemical agents (i.e., 20% reduced tran-

spiration in VG) only induced very small effects to temperature-based indices. VG reduced plant tran-

spiration and induced symptoms of water stress, i.e., an overall increase in Ts compared to CR plots. 

Contrary, the KA treatment highly increased the plant albedo, and thus reduced the overall energy up-

take by the plant causing a decrease in Ts. In this study, only absolute temperature differences of less 

than 1.0 K were observed between the treatments. Notwithstanding, these minor differences could be 

distinguished by TIR remote sensing, as observed by a distinct pattern for all temperature-based indices 

(Fig. IV-5). These results demonstrate that TIR remote sensing indices were sensitive to small Ts dif-

ferences induced by the chemical treatments. In comparison, a recent study has demonstrated that tem-

perature-based indices can detect water stress from airborne multispectral TIR data under distinct water 

deficit conditions with large temperature difference of up to 4.7 K (Panigada et al., 2014; Rossini et al., 

2015b). However, our results indicate that the TIR-based indices can be used to detect minor or mod-

erate level of water stress. It is well known that the leaf temperature can be increased by various stress-

ors including water deficit and diseases (Chiwaki et al., 2005; Nilsson, 1991). Therefore, TIR imaging 

of high spatial and spectral resolution greatly contributes to the detection and/or quantification of the 

physiological anomaly caused by abiotic and biotic stresses. 
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Basically, canopy reflectance spectra in VNIR/SWIR are affected by water content, pigment content 

and composition (chlorophyll, carotenoid, xanthophyll), leaf internal structure, and canopy geometry 

(e.g., Jacquemoud et al., 2009). Thus, in turn, the stress symptoms are detected via the spectral change 

associated to the response of these physiological traits to environmental stressors. In this study, we 

assumed little change in water and chlorophyll content as well as in structure among CR, KA and VG 

treatments. The response of all analysed VIs (PRI, NDVI, WI, LWI, MSI) that are closely related to 

either structure, water and pigment, or physiological functioning showed little difference between CR 

and VG. This fact suggests the consistency of these VIs in various conditions. On the other hand, the 

significant differences found between CR and KA imply that care should be taken in the application of 

these VIs to some specific leaf surface conditions (e.g., after yellow-sand dust and volcanic ash fall). In 

such cases, the surface reflectance spectra could be altered (as in KA treatment) without any physiolog-

ical changes. Generally, the applicability of normalized VIs is based on the consistent relationship of 

multiple bands to the internal physiological changes. Accordingly, alteration of the relationship between 

spectral bands (i.e., shape of spectra) caused by external factors would strongly hamper the consistency 

of VIs. In fact, KA treatment increased plant albedo, but did not increase reflectance at the same ratio 

in all wavebands. Thus, the significant difference in KA was not caused by physiological changes, but 

rather indicated abnormal alteration of reflectance spectra. Since reflectance spectra is altered unusually 

by plant diseases such as powdery mildew and rust diseases (e.g., Ashourloo et al., 2014), similar unu-

sual changes of VIs as in KA would be detected by hyperspectral measurement. Therefore, our results 

from the unique experimental design provide useful insights on the consistency and usefulness of hy-

perspectral reflectance measurements, especially for discrimination of causes of detected changes.  

According to previous research (Meroni et al., 2009), SIF decreases with a reduction of photosyn-

thesis under high light and stressed conditions (e.g., shortage in water availability). However, in our 

experiment, SIF indices showed no significant difference between VG and CR treatments while the 

photosynthetic efficiency should have been lowered in VG plots because of reduced H2O and CO2 

fluxes (as proofed by chamber flux measurements). This fact suggests that either the stress was too 

subtle to reduce photosynthesis, and thus had no influence on the efficiency of photosynthetic light 

reaction or that the used SIF indices were not sufficiently sensitive to detect the slight photosynthesis 

reduction. On the other hand, the significant reduction in SIF indices (F687, F760) found under KA treat-

ment is proportional related to the reduced amount of APAR by increasing surface reflectance, and thus 

lowered the photosynthetic rate. Nevertheless, it is not clear whether the reduction of SIF was directly 

related to the change of photosynthetic photon use efficiency because the fraction of APAR (fAPAR) 

as well as water and chlorophyll content remained unchanged. In addition, one have to be careful about 

appropriate conclusion about the attenuation of SIF and incident PAR at leaf surfaces. It is still not 

obvious how SIF can be related to photochemistry and a unique relationship between SIF and photo-

chemical efficiency is challenging (Porcar-Castell et al., 2014). The slightly negative values in F687  
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originate from uncertainties in the F687 retrieval due to the largely modified surface reflectance by the 

KA treatment. However, our results clearly show that the subtle change in SIF indices for KA treatments 

was detected by the HyPlant sensor. Therefore, optical hyperspectral techniques bear the ability to de-

tect both rapid photochemical change (e.g., photon use efficiency) and integrated physiological change 

(e.g., photosynthetic capacity), and to infer the causes for the changes by using multiple wavelengths. 

Since remotely sensed SIF is affected by the non-linear interactions of photochemical, physiological 

and biophysical factors, further experimental studies in combination with process-based modelling 

(e.g., Verrelst et al., 2016) are needed for both scientific and industrial applications.  

In fact, the application of the results presented here to real water stress occurrence in natural condi-

tions is limited due to the nature of the experimental design. Due to logistical challenges related to 

synchronous availability of both sensor systems HyPlant and HyperCam-LW and to setting up an ex-

periment that leads to real water stress, chemical agents (i.e., VG and KA) were used to simulate plant 

water stress symptoms. Additionally, a synchronised flight plan of both airborne sensors could not be 

implemented which complicated the comparison of TIR versus VNIR/SWIR and SIF water stress indi-

ces. Notwithstanding, the study allowed us to deduce new findings about the interplay of different in-

dices in relation to water stress symptoms at the airborne level. 

Comparing the performance of TIR, VNIR/SWIR and SIF for detecting water stress symptoms, 

temperature-based indices were most sensitive. Notwithstanding, biotic and abiotic plant stressors (e.g., 

water stress, heat stress, diseases) often occur simultaneously and cause similar plant physiological 

responses (e.g., increase in plant temperature, reduced photosynthetic efficiency, change in canopy 

structure). Therefore, multi–sensor and multi–temporal approaches have a great potential to not only 

obtain useful information about the current plant status but also on the causes of biophysical, physio-

logical and photochemical changes. Especially airborne remote sensing with its high spatial and tem-

poral resolutions can bridge the gap between in situ and satellite observations.  

5 Conclusion 

In this paper we examined the performance of different airborne hyperspectral remote sensing ap-

proaches (i.e., TIR, VNIR/SWIR and SIF) for detecting water stress symptoms over a commercial grass 

farm. Water stress symptoms were induced by modifying plant characteristics with two chemical agents 

(i.e., VG and KA). From the VG treatment, real but rather mild effects on plant transpiration and CO2 

uptake arouse. From the KA treatment, plant albedo was increased.  
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Table IV-4: Observed effects of treatments on spectral domains. 

Treatment Effect on VNIR/SWIR Effect on TIR Effect on SIF 

CR Normal Normal Normal 

VG Indices sensitive to leaf wa-

ter content and chlorophyll con-

tent remained unchanged. 

Ts was increased due to re-

duced transpiration. 

SIF indices remained un-

changed probably due to too subtle 

changes in photosynthetic effi-

ciency 

KA Indices were highly sensi-

tive to an overall increase in re-

flectance and corresponding re-

duction of APAR. 

Ts was reduced due to a de-

crease in absorbed radiation. 

SIF indices were reduced due 

to decreased overall available ab-

sorbed energy (APAR)  

 

The most important finding of this study is that TIR based indices were more sensitive compared to 

VNIR/SWIR indices and SIF indices for the detection of water stress symptoms. Further, the assessment 

of the observed effects of the treatments on the different indices is summarised in Table IV-4. First, Ts 

was increased in VG plots due to decreased plant transpiration. Similarly, also the diurnal changes in 

temperature-based indices were caused by plant transpiration. Second, SIF indices were not affected in 

VG plots, because the changes in photosynthetic efficiency were too subtle. Third, VNIR/SWIR indices 

were also not affected in VG plots due to unchanged leaf biochemical components. Fourth, KA treat-

ment increased plant albedo, reduced APAR resulting in a reduction of Ts, in a reduction of SIF, and in 

a change of VNIR/SWIR indices (see Table IV-4 for details). Finally, a multi-sensor approach not only 

provides useful information about the current plant status but also on the causes of biophysical, physi-

ological and photochemical changes.  
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Appendix 

Table IV-A1: Descriptive statistics: mean (x̅) and standard deviation (sd) for every index per flight and treatment (Control 

(CR), Kaolin (KA) and Vapor Gard® (VG)) 

Flight Treat.  x̅ / sd Ts Ts - Tair CWSI PRI NDVI SR WI MSI LWI F687 F760 

1 

CR 
x̅ 301.43 0.97 0.08 0.04 0.88 15.7 1.04 0.44 4.7 1.08 1.29 

sd 0.21 0.21 0.04 0.01 0.01 1.75 0.01 0.02 0.12 0.40 0.25 

KA 
x̅ 301.03 0.57 0.01 0 0.65 4.82 1.01 0.47 3.43 0.03 1.52 

sd 0.1 0.1 0.02 0 0.03 0.46 0.01 0.02 0.18 0.40 0.39 

VG 
x̅ 302.42 1.96 0.27 0.05 0.89 17.1 1.04 0.45 4.71 1.02 1.07 

sd 0.23 0.23 0.04 0.01 0.01 1.1 0.01 0.01 0.09 0.29 0.26 

2 

CR 
x̅ 307.53 3.5 0.44 0.04 0.88 16.14 1.05 0.43 4.76 1.48 1.66 

sd 0.44 0.44 0.20 0.01 0.01 1.39 0.01 0.03 0.13 0.55 0.48 

KA 
x̅ 306.65 2.62 0.05 0 0.62 4.33 1.03 0.47 3.33 -0.13 1.02 

sd 0.51 0.51 0.22 0 0.02 0.28 0.01 0.02 0.12 0.36 0.46 

VG 
x̅ 307.75 3.72 0.54 0.05 0.89 16.65 1.05 0.45 4.73 1.16 1.45 

sd 0.48 0.48 0.21 0.01 0.01 0.9 0.01 0.01 0.09 0.28 0.42 

3 

CR 
x̅ 307.99 2.3 0.11 0.04 0.87 15.07 1.04 0.44 4.65 1.38 2.28 

sd 0.14 0.14 0.04 0.01 0.01 1.55 0.01 0.02 0.13 0.43 0.39 

KA 
x̅ 307.41 1.72 -0.08 0 0.63 4.4 1.02 0.48 3.29 0.09 1.55 

sd 0.23 0.23 0.08 0 0.02 0.34 0.01 0.02 0.12 0.61 0.34 

VG 
x̅ 308.34 2.65 0.22 0.05 0.88 15.5 1.04 0.45 4.6 1.44 2.12 

sd 0.24 0.24 0.08 0.01 0.01 1.15 0.01 0.01 0.09 0.40 0.46 

 

Table IV-A2: p-values (level of statistical significance: ***p < 0.001, **p < 0.01, *p < 0.05) of Tukey’s HSD pairwise compar-

ison and mean differences of treatments (CR, KA, VG) for temperature-based indices at all three Hyper-Cam LW overpasses. 

Index Comparison 
Mean Dif-

ference 
p-value 

Ts 

1.CR 1.KA 0.4 0.7334 

 1.VG 0.99 0.01* 

2.CR 2.KA 0.86 0.04* 

 2.VG 0.24 0.9765 

3.CR 3.KA 0.58 0.3081 

    3.VG 0.37 0.8139 

Ts - Tair 

1.CR 1.KA 0.4 0.7337 

 1.VG 0.99 0.01* 

2.CR 2.KA 0.86 0.04* 

 2.VG 0.24 0.9766 

3.CR 3.KA 0.58 0.3085 

  3.VG 0.37 0.8141 

CWSI 

1.CR 1.KA 0.08 1 

 1.VG 0.19 0.59 

2.CR 2.KA 0.38 0.02* 

 2.VG 0.11 0.963 

3.CR 3.KA 0.19 0.602 

  3.VG 0.12 0.940 
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Table IV-A3: p-values (level of statistical significance: ***p < 0.001, **p < 0.01, *p < 0.05) of Tukey’s HSD pairwise compar-

ison and mean differences of treatments (CR, KA, VG) for VNIR/SWIR based indices and F687 and F760 at three HyPlant 

overpasses. 

Index Comparison 
Mean Dif-

ference 
p-value 

PRI 

1.CR 1.KA 0.04 <0.001*** 

 1.VG 0.01 0.65 

2.CR 2.KA 0.04 <0.001*** 

 2.VG 0.01 0.18 

3.CR 3.KA 0.04 <0.001*** 

  3.VG 0.01 0.11 

NDVI 

1.CR 1.KA 0.23 <0.001*** 

 1.VG 0.01 0.99 

2.CR 2.KA 0.26 <0.001*** 

 2.VG 0 1 

3.CR 3.KA 0.25 <0.001*** 

  3.VG 0 1 

SR 

1.CR 1.KA 10.9 <0.001*** 

 1.VG 1.34 0.74 

2.CR 2.KA 11.74 <0.001*** 

 2.VG 0.57 1 

3.CR 3.KA 10.61 <0.001*** 

  3.VG 0.39 1 

WI 

1.CR 1.KA 0.02 <0.01** 

 1.VG 0 1 

2.CR 2.KA 0.02 <0.01** 

 2.VG 0 1 

3.CR 3.KA 0.02 <0.01** 

  3.VG 0 1 

MSI 

1.CR 1.KA 0.04 0.16 

 1.VG 0.01 1 

2.CR 2.KA 0.04 0.04* 

 2.VG 0.02 0.92 

3.CR 3.KA 0.05 0.02* 

  3.VG 0.01 0.95 

LWI 

1.CR 1.KA 1.28 <0.001*** 

 1.VG 0 1 

2.CR 2.KA 1.42 <0.001*** 

 2.VG 0.02 1 

3.CR 3.KA 1.36 <0.001*** 

  3.VG 0.05 1 

F687 

1.CR 1.KA 1.02 <0.001*** 

 1.VG 0.07 1 

2.CR 2.KA 1.57 <0.001*** 

 2.VG 0.28 0.81 

3.CR 3.KA 1.28 <0.001*** 

  3.VG 0.05 1 

F760 

1.CR 1.KA 0.22 0.88 

 1.VG 0.24 0.84 

2.CR 2.KA 0.63 0.02* 

 2.VG 0.22 0.88 

3.CR 3.KA 0.70 <0.01** 

  3.VG 0.11 1 
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Abstract 

Discrimination of plant species in the optical reflective domain is somewhat limited by the similarity 

of their reflectance spectra. Spectral characteristics in the visible to shortwave infrared (VSWIR) consist 

of combination bands and overtones of primary absorption bands, situated in the Thermal Infrared (TIR) 

region and therefore resulting in broad spectral features. TIR spectroscopy is assumed to have a large 

potential for providing complementary information to VSWIR spectroscopy. So far, in the TIR, plants 

were often considered featureless. Recently and following advances in sensor technology, plant species 

were discriminated based on specific emissivity signatures by Ullah and co-workers (2012) using di-

rectional-hemispherical reflectance (DHR) measurements in the laboratory. Here we examine if an ac-

curate discrimination of plant species is equally possible using emissive thermal infrared imaging spec-

troscopy, an explicit spatial technique that is faster and more flexible than non-imaging measurements. 

Hyperspectral thermal infrared images were acquired in the 7.8 to 11.56 µm range at 40 nm spectral 

resolution (@10µm) using a TIR imaging spectrometer (Telops Hyper-Cam LW) on seven plants each, 

of eight different species. The images were radiometrically calibrated and subjected to temperature and 

emissivity separation using a spectral smoothness approach. First, retrieved emissivity spectra were 

compared to laboratory reference spectra and then subjected to species discrimination using a random 

forest classifier. Second, classification results obtained with emissivity spectra were compared to those 

obtained with VSWIR reflectance spectra that had been acquired from the same leaf samples. 

In general, the mean emissivity spectra measured by the TIR imaging spectrometer showed very 

good agreement with the reference spectra (average Nash-Sutcliffe-Efficiency Index = 0.64). In species 

discrimination, the resulting accuracies for emissivity spectra are highly dependent on the signal-to-

noise ratio (SNR). At high SNR, the TIR data (Overall Accuracy (OAA) = 92.26 %) outperformed the 

VSWIR data (OAA = 80.28 %).  

This study demonstrates that TIR imaging spectroscopy allows for fast and spatial measurements 

of spectral plant emissivity with accuracies comparable to laboratory measurement. This innovative 

technique offers a valuable addition to VSWIR spectroscopy as it provides complimentary information 

for plant species discrimination. 
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1 Introduction 

Vegetation mapping and species discrimination are key requirements of studies focusing on eco-

system monitoring and development. The time consuming traditional methods of in-field mapping are 

optimized by remote sensing data collection, which facilitates the economic acquisition of repeated data 

products allowing for large area studies of vegetation cover (Langley et al., 2001). Remote sensing 

based vegetation mapping has been achieved in different ways including multi-spectral, hyperspectral, 

and multi-temporal classification (Langley et al., 2001; White et al., 2005).  

Multispectral and hyperspectral systems in the visible to shortwave infrared (VSWIR; 0.4 – 2.5 µm) 

spectral range demonstrated their capability in plant discrimination (Govender et al., 2007; Ustin and 

Gamon, 2010). This is caused by the fact that the spectral features in the VSWIR are mostly defined by 

plant constituents such as pigments, leaf water content and other biochemicals like lignin, cellulose 

(Asner, 1998). Vegetation classification is facilitated by the extraction of distinct and characteristic 

spectral features in the VSWIR, such as green peak, red edge, and water absorption bands (Asner, 1998; 

Govender et al., 2007). 

While VSWIR spectra have been widely used for many different applications at laboratory to space-

borne levels, the use of the thermal infrared spectral domain (TIR; 8 – 14 µm) is not as widely spread. 

The reasons for this are the lack of available spectrometers and the general low SNR in combination 

with subtle spectral features, which had limited the benefits of TIR spectrometers in the past (Ribeiro 

da Luz and Crowley, 2007). However, sensor technology has improved in the past years and high res-

olution spectrometers became available for laboratory, in-situ and even airborne applications. The in-

creasing availability for commercial TIR imaging spectrometers (e.g., Telops Hyper-Cam LW, Itres 

TASI-600, Specim AisaOWL) in the last years underline the growing scientific community and the 

rising number of studies using thermal infrared imaging spectroscopy (Danilina et al., 2012; Vaughan 

et al., 2003). 

Spectral characteristics in the VSWIR consist of combination bands and overtones of primary ab-

sorption bands resulting in broad spectral features. As many of the fundamental absorption bands are 

situated in the TIR region, thermal infrared spectroscopy is assumed to have a large potential for provid-

ing complementary information to VSWIR spectroscopy, e.g. identification of vegetation and the quan-

tification of leaf constituents (Ribeiro da Luz, 2006; Silverstein et al., 2005). Despite the general mean-

ing, a few authors demonstrated that vegetation spectra in the TIR are different from blackbody (BB) 

signatures (Salisbury and D’Aria, 1992; Salisbury, 1986). Moreover, just very recently it could be im-

pressively demonstrated that plant species are discriminable in the TIR (Ribeiro da Luz, 2006; Ullah et 

al., 2012b). Ullah et al. (2012b) and Fabre et al. (2011) showed that the mid-wave infrared (MWIR; 

3 – 5 µm) is sensitive towards leaf water content and Buitrago et al. (2016) even demonstrated that 
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multiple types of stress could be spectrally identified. These studies were laboratory-based directional 

hemispherical reflectance (DHR) measurements of single leaves. The results from active DHR spec-

troscopy can be adapted to passive acquisition techniques used for remote sensing purposes considering 

Kirchhoff’s law. However, these laboratory measurements are time consuming (40 min. or longer for 

each analysis) and only allow for a single, non-imaging leaf measurement at a time (Hecker et al., 

2011).  

Ribeiro da Luz and Crowley (2007) collected in-situ vegetation emissivity spectra using a passive 

non-imaging field spectrometer and recognized spectral features identified in laboratory measurements 

carried out before. Beyond this, new developments in emissive TIR spectroscopy focusing on hyper-

spectral TIR cameras offer the possibilities for fast and spatial measurements of plant emissivity. Nev-

ertheless, the accuracy of such measurements and their suitability for species discrimination at field 

conditions has not been tested yet. 

2 Objectives 

The overall aim of this study was to investigate if plant species discrimination is feasible using 

emissive TIR imaging spectroscopy. Specific objectives were to: (i) compare emissivity spectra from a 

passive emissive imaging spectrometer with reference spectra from laboratory DHR measurements, (ii) 

classify plant species using the emissivity spectra as input, (iii) compare classification accuracies of 

emissivity spectra with reflectance spectra from a traditional VSWIR spectrometer, (iv) demonstrate 

the ability of identifying spatial heterogeneities using a TIR imaging spectrometer and (v) perform a 

systematic investigation on the effect of SNR on classification results. 

 

Table V-1: The studied plant species with their common name, Latin name, sample size and short code. 

Common name Latin name 
Sample size 

(plants x leaves) 
Short code 

Vine Peach Prunus persica 35 (7×5) Pp 

Sweetgum Liquidambar styraciflua 35 (7×5) Ls 

Redosier dogwood Cornus sericea 35 (7×5) Cs 

Maidenhair tree Ginkgo biloba 35 (7×5) Gb 

Cherry laurel Prunus lauracerasus 35 (7×5) Pl 

Rhododendron  Rhododendron repens 35 (7×5) Rr 

David viburnum Viburnum davidii 35 (7×5) Vd 

Norway maple Acer platanoides 35 (7×5) Ap 
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3 Methods 

During summer 2013, an experiment was carried out in the greenhouse facilities at Trier University. 

The greenhouse setup allowed plants to be grown under controlled conditions and thermal hyperspectral 

measurements to be performed next to the greenhouse under clear sky conditions. 

3.1 Species Discrimination Experiment 

Eight different plant species were selected for this study (Table V-1). Five of the eight species are 

identical to those used by Ullah et al. (2012b) and represent a wide range of leaves’ properties (i.e., 

colour, thickness, structure, shape) and different canopy structures with expected variations in emissiv-

ity. This species setup allows for direct comparison with the results of Ullah et al. (2012b) who assessed 

plant species discrimination in the thermal spectral region in a laboratory experiment using active DHR 

spectroscopy. 

Seven individual plants from each species were obtained from a local nursery (n = 56). Emissivity 

measurements of five leaves were taken of each plant, resulting in a total amount of 280 emissivity 

spectra. The measurements for the species discrimination experiment took place on August 21st and 22nd 

2013 from 10:30 to 18:00 local time. 

3.2 Thermal Infrared 

3.2.1 Thermal Infrared Spectroscopy 

Infrared spectroscopy is an analytical technique that is based on vibrational motions within mole-

cules of matters that interact with electromagnetic radiation (Christensen et al., 2000; Hecker et al., 

2011). A molecule starts vibrating at fundamental frequency when it is stimulated by absorption of 

specific electromagnetic radiation. The frequency of such molecular vibration is characteristic for a 

specific functional group and depends on the atoms’ masses and the molecule’s geometry. If a molecule 

absorbs higher amounts of energy, the molecule is excited in overtones or combinations of fundamental 

vibration frequencies (Wilson et al., 1955). Whereas NIR and SWIR radiation (0.8 – 2.5 μm) can excite 

molecules to overtone vibrations, the mid-wave and longwave infrared spectral region (2.5 – 25 μm) 

may be used to study the fundamental vibrations and associated molecular structures and can be used 

as a diagnostic tool (Christensen et al., 2000; Salisbury, 1986).  



Chapter V Methods 

 

94 

 

The fundamental vibration frequencies of many constituents composing the superficial epidermal 

layer of plant leaves are situated in the TIR spectral region. Among others, cellulose, hemicellulose, 

varieties of pectin and aromatic compounds have characteristic features in the 8 – 12 µm spectral range 

(Elvidge, 1988; Ribeiro da Luz and Crowley, 2007; Riederer and Muller, 2006; Ullah et al., 2012a). 

This is why TIR spectroscopy is assumed to have large potential for identification of species specific 

surface compositions and species discrimination.  

While several techniques allow the acquisition of thermal infrared spectroscopy data, this study 

focuses on a passive acquisition technique. Passive measurements of emitted thermal infrared radiation 

always require a thermal contrast between the sample and the environment to distinguish the sample 

signal from radiation emitted from surroundings such as walls, ceilings, buildings and instruments, 

which is reflected by a surface different from a blackbody. When measuring inside a laboratory, the 

sample needs to be heated up to at least 20 K above ambient temperature to produce this thermal contrast 

(King et al., 2004; Salisbury and D’Aria, 1994; Schlerf et al., 2012). This method is not suitable for 

green leaves and other temperature sensitive samples. Alternatively, thermal measurements are possible 

outside under clear sky conditions. The relatively poor downwelling radiation (DWR) from clear sky 

appears like radiation emitted from a very cold blackbody and the samples can be measured at ambient 

temperature. The sample should be isolated from radiating objects, because the high amount of radiation 

from warm objects would overpower the subtle spectral contrast of plant spectra. 

3.2.2 Measurement Setup 

Hyperspectral thermal infrared imaging data were collected using a Hyper-Cam LW (Telops Inc., 

Québec, Canada) camera that measures radiation emitted from objects in many narrow bands. This 

instrument is a Fourier-transform imaging spectrometer, using a 320 × 256 pixel MCT (mercury cad-

mium telluride) detector and records one interferogram per pixel. TIR radiance spectra can be derived 

from these interferograms at a spectral resolution of up to 0.25 cm-1 (Schlerf et al., 2012). To prevent 

disturbances by self-emission, the detector is cooled down to 65 K. The spectrometer was equipped 

with a wide-angle telescope and a 45° tilted gold-coated mirror, which allows a vertical view with a 

field of view of 25.6° × 30.6° corresponding to 443 mm × 358 mm and a pixel size of 2.07 mm at 1.5 

m distance. A spectral sampling distance of 3.3 cm-1 with 4 cm-1 FWHM (Full Width at Half Maximum) 

corresponding to 40 nm at 10 µm was chosen in the spectral domain from 865 to 1280 cm-1 (7.8 – 11.56 

µm), resulting in 125 bands.  

At a distance of 1.5 m, a highly diffuse reference target (Infragold®, Labsphere Inc, North Sutton, 

USA) of known reflectance was centred in the scans to quantify DWR. Five leaves were picked per 

plant and clipped in a sample holder in front just above the Infragold® panel. This setup allowed the 

acquisition of image cubes only composed of sample spectra and DWR. Another advantage of this setup 
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is that target and background spectra are clearly different and this allows the identification of mixed 

leaf border pixel. Most of the spectrometer and the tripod were covered by crinkled aluminium foil to 

avoid thermal radiation emitted from the equipment from disturbing the measurements. 

To achieve a high signal-to-noise ratio (SNR), eight consecutive acquisitions were collected per 

scene. One acquisition taking eight seconds, the total acquisition time was about one minute per scene. 

Because of subtle temperature fluctuations due to wind, these eight single data cubes were individually 

processed before being averaged. 

3.2.3 Image Processing and Temperature-Emissivity Separation 

The radiometric calibration interferogram datacubes, including Fourier transformation, 2-point-

blackbody calibration (BBcold = 20 °C and BBhot = 35 °C) and bad pixel correction, was accomplished 

using the Reveal Calibrate software (Telops, Quebec, Canada). A Hamming windowing function was 

chosen as apodization window, resulting in smooth radiance spectra (Blackman and Tukey, 1958). 

The resulting radiance datacubes were then processed to spectral emissivity. The self-emission of 

an object at some temperature T is modulated by the emissivity of the material. In addition, for surfaces 

with emissivities differing from unity, the object leaving radiance contains a reflected downwelling 

component from the atmosphere. This DWR not only originates from the atmosphere above the sample, 

but also from the surrounding objects, such as equipment and buildings. On the other hand, the inter-

vening atmosphere absorbs some of the surface leaving radiance and adds path radiance. Thus, the 

hyperspectral TIR spectra need to be corrected for these effects to retrieve surface emissivity and tem-

perature. This is commonly combined in a process known as temperature and emissivity separation 

(TES). 

DWR spectra, measured using an Infragold® plate, need to be corrected for the plate’s self-emission 

that requires knowing the temperature and emissivity of the reference targets. For the Infragold® target 

an average emissivity of 0.046 in TIR was gathered from the calibration certificate, and the Infragold® 

temperature was assumed to be ambient temperature. 

When DWR is known, surface emissivity spectrum is derived using the following equation: 

𝜀𝑆(𝜆)=
𝐿𝑆(𝜆)−𝐿𝐷𝑊𝑅(𝜆)

𝐿𝐵𝐵(𝑇𝑆,𝜆)−𝐿𝐷𝑊𝑅(𝜆)
 , (V-1) 

where 𝜀𝑆(𝜆) is the sample’s spectral emissivity, 𝐿𝐷𝑊𝑅(𝜆) the downwelling radiance, and 𝐿𝐵𝐵(𝑇𝑆,𝜆) 

the blackbody radiance at the sample’s kinetic temperature 𝑇𝑆. In order to use Eq. (V-1), exact 

knowledge of the sample kinetic temperature is required. 



Chapter V Methods 

 

96 

 

Since kinetic surface temperatures are typically not known with the required accuracy, alternative 

processing approaches have to be used. For temperature retrieval under clear sky conditions, the 

“Downwelling Radiance Residual Index (DRRI)”- method (Wang et al., 2008) was chosen, which is 

based on the “spectral smoothness” - approach (Horton et al., 1998). Although this method is only 

applicable under clear sky conditions, it is less restrictive than the “reference channel” - approach 

(Kahle and Alley, 1992) and the “maximum spectral temperature” - approach (Korb et al., 1996) be-

cause it requires no a priori knowledge (e.g., peak value of emissivity, wavelength of peak emissivity). 

The sole premise of the DRRI approach is that the distance from sample to sensor is very short and that 

atmospheric contribution is negligible within this path. 

For the application of the DRRI approach, DWR and the surface leaving radiance (approximated 

here by the radiance at sensor) need to be known. This data being extracted from the hyperspectral 

thermal infrared image data, the remaining surface temperature and surface emissivity is derived by an 

optimization algorithm, trying to find the surface temperature which is the solution for DRRI = 0 

(OuYang et al., 2010). 

3.2.4 Validation of Emissivity Spectra 

For validation, Hyper-Cam LW spectra were compared to reference spectra from a laboratory spec-

trometer. Reference measurements were done at the spectroscopic facilities of the University of 

Twente’s GeoScience Laboratory using a Bruker Vertex 70 FTIR laboratory spectrometer, equipped 

with an integrating sphere (Hecker et al., 2011). For every species, one representative plant was selected 

and 5 leaves were picked for reference measurements. Checking the range of the absolute values and 

the remaining atmospheric residual peaks in the processed spectra provides good initial information on 

the quality of the applied TES. This first test was consolidated by the calculation of similarity criteria 

such as the Pearson’s correlation coefficient (r) and the Nash-Sutcliff-Efficiency index (NSE) (Nash 

and Sutcliffe, 1970). The NSE ranges from 1 to -∞ where NSE < 0 indicates that the mean value of the 

Hyper-Cam LW spectrum would have been a better predictor than the Hyper-Cam LW spectrum, NSE 

> 0 indicates that the Hyper-Cam LW spectrum performs better than the mean value and NSE = 1 cor-

responds to a perfect match between Hyper-Cam LW spectra and Bruker reference measurements. For 

each species, 100 image pixels were randomly selected over all leaves for comparison with one average 

reference spectrum. From these values, the probability density function was derived and the mode of 

this function was used to characterize the most representative similarity value between the Hyper-

Cam LW spectra and Bruker reference spectra. 

  



Chapter V Methods 

 

97 

 

3.3 Visible to Shortwave Infrared 

To compare the separation power for species discrimination using TIR data to that of traditional 

VSWIR spectra, we collected additional spectra in the 350 – 2500 nm spectral range using an ASD 

FieldSpec® III spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) equipped with 

a Plant Probe. The Plant Probe consists of a clamp with a constant light source and a rotating dark or 

white background with a spot size diameter of 10 mm. This setup allows for non-destructive leaf meas-

urements under controlled illumination conditions (Carvalho et al., 2013). Immediately after the hyper-

spectral thermal infrared measurements, the same five leaves per plant were measured individually in 

the reflective domain. The spectroradiometer was calibrated using the white reference target of the leaf-

clip. In order to derive leaf surface reflectance, the single leaves were clamped in front of the black 

background of the leaf-clip. For every leaf, three leaf-clip measurement were distributed of the central 

part of the leaves, each averaged over 30 single measurements. These 90 spectra were averaged result-

ing in one spectrum per leaf representing an area of approximately 240 mm². White reference and grat-

ing drift corrections were performed on each spectrum following Dorigo et al. (2006) As a result, 280 

reflectance spectra were collected in the VSWIR spectral domain and used further for the statistical 

analysis.  

3.4 Statistical Analysis 

A Random-Forest classifier (RFC) (Breiman, 2001) was chosen for species classification. This clas-

sifier is non-parametric and is well suited to analyse high dimensional data. For statistical analysis, 

spectral bands dominated by water vapour from 7.8 µm – 8.037 µm were removed from the spectra, 

resulting in a spectral range of 865 cm-1 – 1244 cm-1 (8.038 – 11.56 µm) for the TIR and 400 – 2450 nm 

for the VSWIR. 

3.4.1 Comparison of Discrimination Accuracies in Different Spectral Ranges 

Since the same leaves were measured in the TIR and VSWIR spectral range, a comparison of clas-

sification accuracies could be accomplished. For the VSWIR spectral range, the averaged 280 reflec-

tance spectra were subjected to the RFC. To make the TIR dataset comparable to the VSWIR dataset, 

the TIR image data were reduced to one emissivity spectrum per leaf by averaging 20 random pixel 

from the image dataset, covering the same area as the VSWIR spectrometer’s plant probe. The resulting 

280 emissivity spectra were subjected to the RFC. To assess the heterogeneity of the dataset, averaging 

of emissivity pixel followed by RFC was performed 20 times. To select the most representative classi-

fication model from the 20 individual classification runs, quality measures like OAA and Kappa values 

were recorded. From these values, the probability density function was derived and the mode of this 

function was used to characterize the classification accuracy. 
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3.4.2 Image Classification 

For image classification 100 pixels per species were randomly selected as training dataset and an-

other set of 100 different pixels were randomly selected as validation dataset. To account for the effects 

of pseudoreplication on the classification accuracy, which arises from the fact that each five leaves were 

picked from the same plant, training data were collected from 4 of the 7 individual plants and validation 

data from the remaining 3 plants. The image background consisting of an Infragold® reference plate 

was used as an additional endmember into the discrimination analysis. For the RFC a data reduction 

was carried out using a principal component analysis (PCA). The number of principal components was 

chosen to reach a cumulative proportion of > 0.95. As in 3.4.1., 20 classification runs were performed. 

To select the most representative classification model, the classification model closest to the mode of 

the OAA density function was selected. This most representative model was applied to the image da-

taset. 

To investigate the influence of SNR on the classification results, the methodology described above 

was applied on two additional datasets: Before being subjected to TES, the radiance datasets were pre-

processed with (i) a 3x3 kernel filter and (ii) a 5x5 kernel filter. In order to avoid averaging of leaf and 

background pixel at the edges of leaves, a median filter was chosen as kernel filter.  

3.4.3 Spectral Band Reduction 

To assess the importance of certain wavebands for species discrimination, the random forest clas-

sifier’s band importance was derived. Band importance is determined as the mean decrease in accuracy 

(MDA) during processing, i.e. the difference in prediction accuracy, averaged over all trees, before and 

after randomly permuting the predictor variable and breaking its original association with the response 

(Breiman, 2001; Nicodemus, 2011). Further, to investigate the predictive power of the most important 

bands, classification was repeated with an increasing number of input bands, selected by decreasing 

importance. 
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4 Results 

4.1 Visible to Shortwave Infrared 

Focusing on the spectral signatures in the VSWIR, the shapes of the spectra only show small be-

tween-species variabilities. Spectral behaviour of all species is clearly determined by common features, 

such as green peak, pigment absorption minima, red edge, infrared plateau with minor water absorption 

bands, and SWIR with major water absorption bands. In the NIR all the species present an average 

maximum reflectance between 44 % and 52 %, with the exception of Acer platanoides which shows 

significantly lower reflectance values (Fig. V-1). Looking into detail, the standard deviation of Liquid-

ambar styraciflua and Ginkgo biloba is significantly larger in comparison to the remaining 6 species 

due to differences in leaf structure. 

 

Fig. V-1: VSWIR spectra for the investigated species. Black: Mean spectra (N = 35), grey: mean +/- 1 standard deviation 
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4.2 Validation of Emissivity Spectra 

A first visual evaluation of the emissivity spectra presents smooth signatures in a rational range. 

Fig. V-2 shows the spectral information per species. The different vegetation spectra, with a range of 

emissivity from 90 % to 99 % show distinctive shapes comprising mainly a low frequency component 

superimposed by a variety of narrow spectral features. Although an offset between Hyper-Cam LW and 

the reference spectra is present for large parts of the spectral range, the shapes of the spectra correspond 

relatively well to the reference spectra. The offset varies from 1 to 3 % (absolute emissivity) for differ-

ent species. 

To remove the offset between Hyper-Cam LW spectra and reference spectra for a better comparison 

of their shapes, vector normalization was applied. Normalization is performed by dividing the single 

band’s values by the sum of all of the 115 band values. Fig. V-3 shows normalized spectra. In general, 

the overall shape of Hyper-Cam LW spectra fit well to the normalized reference spectra. 

 

 

Fig. V-2: Comparison of Hyper-Cam LW spectra (black line: average of 100 randomly selected pixel, grey: mean +/- 1 sd) 

with Bruker reference spectra (red line). 
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Fig. V-3: Comparison of vector normalized Hyper-Cam LW spectra (grey and black) and Bruker reference spectra (red). 

The similarity values (NSE and r) between normalized Hyper-Cam LW spectra and Bruker refer-

ence spectra are listed in Table V-2. All of the tested species have positive NSE of which five have NSE 

values > 0.60. While Acer platanoides and Prunus persica present the best results, Ginkgo biloba, Vi-

burnum davidii and Prunus lauracerasus present the poorest. These results support the visual analysis 

of the image data (Fig. V-4).  

 

Table V-2: Nash-Sutcliffe-Efficiency Index (NSE) and Pearson’s correlation coefficient (r) for the different species measured 

with the Hyper-Cam LW and Bruker Vertex 70. 

Species r NSE  

Prunus persica 0.958 0.78 +++ 

Liquidambar styraciflua 0.943 0.73 ++ 

Cornus sericea 0.913 0.63 ++ 

Ginkgo biloba 0.778 0.58 ++ 

Prunus lauracerasus 0.757 0.50 + 

Rhododendron repens 0.841 0.65 ++ 

Viburnum davidii 0.681 0.44 + 

Acer platanoides 0.927 0.84 +++ 

 



Chapter V Results 

 

102 

 

4.3 Species Discrimination 

4.3.1 Comparison of Discrimination Accuracies in Different Spectral Ranges 

The results shown in Table V-3 compare the classification results of TIR spectral range with respect 

to the reflective spectral range. While Table V-3 presents the overall accuracies for both spectral do-

mains, Table V-4 and Table V-5 present the error matrix allowing an in-depth analysis of the results. 

Classification results based on thermal infrared spectroscopy data outperform the classifications 

based on VSWIR data by almost 12 % in OAA.  

Table V-3: Classification results (mode +/- 1 sd of 20 classification runs) for the two spectral domains. 

Spectral Range OAA kappa 

TIR 92.26 % (+/- 1.54) 0.9115 (+/- 0.0176) 

VSWIR 80.28 % (+/- 0.43) 0.7746 (+/- 0.0049) 

 

Table V-4: Representative error matrix for a single classification run based on TIR spectroscopy data. 

  User’s 

Pp Ls Cs Gb Pl Rr Vd Ap Total Accuracy [%] 

C
la

ss
if

ic
at

io
n

 R
e-

su
lt

s 

Pp 31 5 0 0 0 0 0 0 36 86.11 

Ls 3 30 0 0 0 0 0 0 33 90.91 

Cs 0 0 35 0 1 0 0 0 36 97.22 

Gb 1 0 0 31 4 0 0 0 36 86.11 

Pl 0 0 0 4 30 0 0 0 34 88.24 

Rr 0 0 0 0 0 34 1 0 35 97.14 

Vd 0 0 0 0 0 1 33 1 35 94.29 

Ap 0 0 0 0 0 0 1 34 35 97.14 

Total 35 35 35 35 35 35 35 35 280  

Producer’s Accuracy [%] 88.57 85.71 100.00 88.57 85.71 97.14 94.29 97.14 Overall Accuracy: 92.14 % 

Kappa statistic: 0.9102 

Table V-5: Representative error matrix for a single classification run based on VSWIR spectroscopy data. 

  User’s 

Pp Ls Cs Gb Pl Rr Vd Ap Total Accuracy [%] 

C
la

ss
if

ic
at

io
n

 R
e-

su
lt

s 

Pp 29 7 3 0 0 0 0 0 36 74.36 

Ls 2 22 0 2 2 0 0 0 33 78.57 

Cs 2 0 30 2 2 0 1 9 36 68.18 

Gb 0 3 0 31 2 0 0 0 36 91.18 

Pl 0 3 0 0 30 1 1 0 34 85.71 

Rr 0 0 0 0 1 29 5 0 35 82.86 

Vd 0 0 0 0 2 5 27 0 35 79.41 

Ap 2 0 2 0 0 0 0 26 35 86.67 

Total 35 35 35 35 35 35 35 35 280  

Producer’s Accuracy [%] 82.86 62.86 85.71 88.57 85.71 82.86 79.41 74.29 Overall Accuracy: 80.29 % 

Kappa statistic: 0.7747 

Table V-6: Error matrix from classification result based on native spatial resolution image data. 

 Reference data  User’s 

Pp Ls Cs Gb Pl Rr Vd Ap bgrd Total Accuracy [%] 

C
la

ss
if

ic
at

io
n
 R

es
u
lt

s Pp 53 1 0 12 7 0 10 5 0 88 60.2 
Ls 0 81 10 0 0 2 1 10 9 113 71.7 

Cs 1 5 87 1 7 7 5 0 5 118 73.7 

Gb 12 0 0 68 2 0 1 0 0 83 81.9 
Pl 7 1 1 2 74 4 8 0 2 99 74.7 

Rr 0 0 0 3 3 74 23 0 2 105 70.5 
Vd 7 1 0 5 5 7 38 0 1 64 59.4 

Ap 18 10 0 8 1 0 9 82 2 130 63.1 

bgrd 2 1 2 1 1 6 5 3 79 100 79.0 

Total 100 100 100 100 100 100 100 100 100 900  
Producer’s Accu-

racy [%] 

53.0 81.0 87.0 68.0 74.0 74.0 38.0 82.0 79.0 Overall Accuracy: 70.7 % 

Kappa statistic: 0.67 
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Table V-7: Error matrix from classification result based on spatial averaged (3x3) image data. 

 Reference data  User’s 

Pp Ls Cs Gb Pl Rr Vd Ap bgrd Total Accuracy [%] 

C
la

ss
if

ic
at

io
n
 R

es
u
lt

s Pp 81 2 0 9 3 0 3 1 0 99 81.8 
Ls 0 91 4 0 0 0 0 8 0 103 88.3 

Cs 0 3 96 0 0 0 0 0 3 102 94.1 

Gb 4 1 0 71 0 0 0 0 0 76 93.4 
Pl 5 0 0 1 95 5 1 1 1 109 87.2 

Rr 0 0 0 0 0 85 23 0 2 110 77.3 
Vd 2 0 0 4 2 8 69 3 1 89 77.5 

Ap 6 3 0 15 0 0 2 87 2 115 75.7 

bgr 2 0 0 0 0 2 2 0 91 97 93.8 

Total 100 100 100 100 100 100 100 100 100 900  
Producer’s Accu-

racy [%] 

81.0 91.0 96.0 71.0 95.0 85.0 69.0 87.0 91.0 Overall Accuracy: 85.11 % 

Kappa statistic: 0.8325 

 

Table V-8: Error matrix from classification result based on spatially averaged (5x5) image data. 

 Reference data  User’s 

Pp Ls Cs Gb Pl Rr Vd Ap bgrd Total Accuracy [%] 

C
la

ss
if

ic
at

io
n
 R

es
u
lt

s Pp 85 1 0 11 0 0 0 2 0 121 85.9 
Ls 1 90 6 0 0 0 0 4 2 115 87.4 

Cs 0 2 92 0 0 1 0 0 2 105 94.8 

Gb 4 0 0 79 0 0 0 0 0 83 95.2 
Pl 0 1 0 0 95 4 1 0 1 114 93.1 

Rr 0 0 0 0 0 88 4 0 0 78 95.7 

Vd 0 0 0 1 5 5 92 1 0 79 88.5 
Ap 10 6 0 9 0 0 2 93 1 106 76.9 

bgrd 0 0 2 0 0 2 1 0 94 99 94.9 

Total 100 100 100 100 100 100 100 100 100 900  
Producer’s Accu-

racy [%] 

85.0 90.0 92.0 79.0 95.0 88.0 92.0 93.0 94.0 Overall Accuracy: 89.8 % 

Kappa statistic: 0.8850 

 

4.3.2 Image Classification 

Tables V-6 to Table V-8 show the classification results of TIR image data for different spatial 

smoothing pre-processings (native spatial resolution (Table V-6), 3 x 3 (Table V-7) and 5 x 5 (Table V-

8) averaging window). 

The classification of thermal spectroscopic image data at full spatial resolution achieved an OAA 

of 70.7 % (Kappa = 0.67) which indicates a good overall discrimination of the investigated plant species 

using emissivity spectra. These accuracies rise with increasing averaging window size (3x3 averaging: 

OAA = 85.1 %, Kappa = 0.83; 5x5 averaging: OAA = 89.8 %, Kappa = 0.89). 

Consistently, for classifications of the three image datasets, Pp, Gb and Vd show the poorest results. 

Mostly, Pp is confused with Gb and Ap, Gb is confused with Pp and Ap and Vd is confused with Pp 

and Rr. While these three species are often confused with Ap, the latter is classified with high accuracies. 
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Image classification results depicted in Fig. V-4 show a good performance in general. Most of the 

leave pixels were correctly assigned. Misclassifications mostly occurred on complete leaves or certain 

parts of leaves. The leaves of Cornus sericea comprise a high percentage of NA-values (black pixels), 

which results from a non-converging of the residual minimizing algorithm during TES. Except for the 

NA-values, Cornus sericea does not show many misclassifications. For Acer platanoides large parts of 

leaves originating from one single plant show a high percentage of misclassifications, which could be 

due to intraclass variability. While Ginkgo biloba is mostly confused with Prunus persica and Acer 

platanoides, Viburnum davidii is confused with most of the remaining classes (i.e., Prunus persica, 

Liquidambar styraciflua, Cornus sericea, Prunus lauroacerasus, Rhododendron repens and Acer plat-

anoides). All other species mostly present random misclassifications with remaining species.  

With increasing SNR (Fig. V-4 middle and bottom), the number of misclassification is strongly 

reduced and only coherent misclassifications remain in the resulting image. This points to the spatial 

heterogeneity in individual leaves. 

 

Fig. V-4: Classification result from native spatial resolution (top), 3 x 3 spatial averaging (middle) and 5 x 5 spatial averaging 

(bottom). Colour: species, grey: background, black: pixel with non-converging TES. The 5 leaves from one column originate 

from one plant. The leaves from Ap being much larger than the remaining, it seems that a lot of background pixel were 

misclassified, which is not the case. 
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4.3.3 Spectral Band Reduction 

Fig. V-5 depicts the relative importance of spectral band for discrimination of the 8 species (left) 

and the accuracies achieved during classification using an increasing number of spectral bands with 

respect to their importance (right). Local maxima and minima (8.19 µm / 1220.90 cm-1, 8.4 µm / 

1190.96 cm-1, 8.49 µm / 1177.65 cm-1, 9.7 µm / 1031.28 cm-1, 10.19 µm / 981.38 cm-1, 10.51 µm / 

951.44 cm-1, 10.81 µm / 924.82 cm-1) in band importance agree well with results from Ullah et al. 

(2012b). The discrimination accuracy varies with respect to the number of bands used for classification. 

Starting from an OAA of 66.94  % for 2 bands, the discrimination accuracy increases up to 91.79 % for 

6 bands. Further increase of bands leads to a weak gain in accuracy up to 94.73 % for 44 spectral bands 

(Fig. V-5, right). These results fit well with the results from the comparison of classification accuracies 

for different spectral ranges (Tables V-4 & 5).  

 

Fig. V-5: Relative importance of spectral band for RFC (left) and OAA of RFC by increasing number of spectral bands (right). 
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5 Discussion 

Data acquisition using a hyperspectral thermal infrared camera (such as the Telops Hyper-Cam LW) 

is a fast and accurate way of measuring emissivity spectra of plants in a spatially continuous way. As 

multiple pixels can be averaged for homogeneous samples, SNR increases and derived emissivity spec-

tra compare well to laboratory reference spectra. 

When comparing the Hyper-Cam LW spectra with laboratory reference spectra, an offset of 1 to 

3 % (absolute emissivity) was detected. This offset can have various reasons: i) errors in the temperature 

estimation during TES or ii) the radiometric calibration or iii) systematic spectrometer errors. Since the 

Hyper-Cam LW spectra presented smooth shapes and did not show any large atmospheric residuals, 

errors during TES and radiometric calibration could be excluded. Hecker et al. (2011) conclude that the 

described Bruker FTIR laboratory spectrometer tends to have marginally lower values at very low re-

flectance in comparison to similar spectrometers. Therefore, lower reflectance corresponding to higher 

emissivity values would explain the offset in vegetation spectra, usually ranging between 94 to 99 % of 

emissivity or 1 to 6 % of reflectance. This offset was eliminated by vector normalization in both datasets 

to allow the shapes of the emissivity curves to be compared. 

When looking very closely at the different spectra, small divergences are still detectable between 

Hyper-Cam LW and Bruker reference spectra. The reason for these divergences is probably related to 

the fact that the acquisition of reference measurements could not be taken simultaneously with the 

Hyper-Cam LW measurements and leaves that were picked for both measurements were not identical. 

The DRRI approach to derive emissivity from radiance data appears to be a well-suited TES method 

for field measurements at short distances from the sample. Minimizing an average smoothness value is 

affected by noise and leads to atmospheric residuals in the resulting emissivity spectrum. This is why 

our temperature retrieval focused on minimizing residuals of the most prominent water line, i.e. the line 

at 1174.53 cm-1 (8.514 µm), which is included in the spectral band with centre wavenumber 

1174.33 cm-1 (8.515 µm). The fact that the remaining residuals in the individual spectra are compen-

sated by averaging multiple pixels per leaf illustrates that the TES algorithm has a good performance 

and does not produce a systematic over- or underestimation of temperature. 

Concerning intraclass heterogeneity, especially the spread of the Rhododendron repens and Vibur-

num davidii spectra is wider than for the remaining species (Fig. V-2). As the samples were randomly 

chosen within one canopy, leaves of different ages and illumination conditions, presenting different 

physiological and biochemical conditions, were selected, resulting in different spectral emissivities 

(Buitrago et al., 2016).  

Species discrimination using a random forest classifier led to good results and improved signifi-

cantly with respect to spatial averaging. In summary, the initial dataset achieved an OAA of 70.7 %, 
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the 3 x 3 averaging pre-processing resulted in an OAA of 85.1 % and the 5 x 5 averaging pre-processing 

in an OAA of 89.8 %. On the whole, TIR spectroscopy allows for identification of objects with very 

subtle spectral signatures and differences. With reference to Fig. V-4, the consistent confusions of Pp 

and Gb spectra are related to the similarity of the species specific spectra. The misclassifications of 

many pixel as Vd are due to the wide variance within the species spectra. The lower variance and the 

unique spectral shape for Ap causes the good producer’s accuracy (93.0 %) and the corresponding 

poorer user’s accuracy (76.9 %). 

Misclassifications are not distributed randomly over the complete dataset but concentrate on com-

plete or certain parts of leaves. It appears that this is related to a spatial variation of emissivity spectra 

caused by inhomogeneity of biochemistry and leaf structural properties within and between leaves of 

the same species. Especially some leaves from Ginkgo biloba present misclassifications at the apexes 

and all the leaves from one Acer platanoides plant present wide misclassifications. This fact points to 

the assumption that the leaves and some individual plants were in different physiological states, i.e. 

showed signs of stresses. The identification of these spatial heterogeneities impressively demonstrates 

the advantage of imaging over non-imaging spectroscopy.  

In order to provide a complete impression on the potential of the Telops Hyper-Cam LW, classifi-

cation was also performed on single measurements. The results are poorer than those obtained from 

image datasets averaged over eight repeated measurements (Table V-6 to Table V-8) but, even with 

single measurements, OAA of 54.67 % could be achieved. With spatial averaging pre-processing OAA 

of 65.67 % and 76.11 % were achieved for kernel sizes of 3x3 and 5x5 respectively.  

Comparing with a laboratory study from Ullah et al. (2012b) who achieved an OAA of 92 %, these 

results are completely satisfying, taking into account the argument of an in-situ experiment, the smaller 

spectral range and the very short duration per acquisition. 

These classification results confirm the stated hypothesis, which means that TIR measurements are 

well suited for vegetation analysis. In addition, these results confirm that for this special experimental 

setup, hyperspectral thermal infrared measurements provide better classification results than measure-

ments in the reflective domain. This can be explained by the fact that primary absorption bands of many 

constituents are located in the TIR spectral region. 

The results of the band reduction experiment meet our expectations. Selecting single narrow bands, 

with respect to their importance during classification, indicated a significant improvement of OAA 

when selecting up to 6 bands. Adding more bands to the classification did only result in a slight im-

provement for classification results. Although these results are remarkable and would lead to a conclu-

sion that a sensor comprising only 6 – 10 well-chosen bands would allow for similar results, it needs 

careful evaluation. Obviously, the considered plants differ more with respect to their spectral emissivity 
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shapes than the respective reflectance curves in the solar spectral domain. However, without further 

studies, this result cannot be generalized to other plant species, which might have similar spectral char-

acteristics in the TIR but unique features in the VSWIR.  

Though at near range, TIR imaging spectroscopy allows for accurate and reliable retrieval of plant 

emissivities and species discrimination, there are still many challenges to overcome for airborne and 

future spaceborne sensors: (i) atmosphere correction and TES algorithms require knowledge of the spa-

tial distribution of atmospheric water vapour; its quantification requires radiance measurements in nar-

row spectral bands which are generally limited in their signal to noise ratio, (ii) increasing observation 

distances implies scale effects related to structural issues (i.e., mixed pixels, scattering, re-radiation and 

cavity effects) (Kirkland et al., 2002) resulting in non-linear mixtures of signatures and reduction of 

spectral contrast (Gillespie, 1992; Ribeiro da Luz and Crowley, 2010). 

6 Conclusion 

This study demonstrated the suitability of the TIR spectral range for species discrimination. Im-

portant aspects of the study include (i) that the suitability of the Telops Hyper-Cam LW for TIR data 

acquisition does not only account for gases, but for surfaces of low spectral contrast, too, (ii) the ability 

of discriminating multiple plant species using emissive imaging spectroscopy, (iii) the superiority of 

emissivity spectra over VSWIR reflectance data for this special experimental setup, (iv) the ability to 

uncover spatial heterogeneities using the TIR imaging spectrometer, and (v) the influence of SNR on 

the classification results. 

In our experiment we demonstrated that the Telops Hyper-Cam LW is not only suitable for data 

acquisition of samples with very prominent spectral features, e.g. gas detection purposes or mineral 

detection (Schlerf et al., 2012), but, in addition, is able to collect high-quality data suitable for surface 

analysis for materials with very subtle spectral signatures, such as vegetation.  

Further, we showed that the TIR spectral range is suitable for species discrimination. Although, the 

spectral contrast for vegetation in the TIR only spans 4 % absolute emissivity, the spectral signatures 

of the selected species show substantial differences in shape, which is different from the reflective 

spectral domain. Therefore, TIR spectroscopy can be considered as a valuable addition to VSWIR spec-

troscopy for vegetation studies. As the spectral contrast is relatively low, an increase in SNR has a 

positive effect on classification results. 

Finally, we demonstrated that emissive TIR imaging spectroscopy provides fast measurements and 

accurate as well as reliable results, comparable to laboratory spectrometers. In addition, TIR imaging 

spectroscopy offers the ability to uncover spatial distributions of surface properties, usually hidden dur-

ing laboratory non-imaging studies. 
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1. Main Findings 

In this thesis, a comparative assessment of different remotely sensed indices for their ability to 

detect plant responses to water deficit stress has been conducted in experiments at ground- and airborne 

level. In the following pages, the main findings will be discussed.  

Objective I: A comparative assessment of hyperspectral remote sensing indices for water def-

icit stress detection 

Considering the first findings of the applicability of the Telops Hyper-Cam LW for remote sensing 

(see Chapter II), two experimental studies were designed and conducted to compare the ability of dif-

ferent hyperspectral remotely sensed indices to detect plant responses to water stress at ground- and 

airborne level. 

Overall, the most relevant finding of this thesis is that temperature-based measures (i.e., Tleaf, 

Tleaf – Tair, CWSI) of plant responses to water stress react faster than traditional narrowband 

VNIR/SWIR indices (i.e., NDVI, PRI, MSI, WI) and SIF, at both ground- and airborne level. This fact 

could be mainly explained by the different underlying physiological processes corresponding to the 

plant responses to water stress. Leaf temperature is highly correlated to stomatal closure and thus is the 

first response to water stress. In contrast, narrowband reflectance based VIs are determined by variations 

in either leaf internal pigment content, leaf structure or leaf water content and normally occur only under 

severe or prolonged water stress conditions (see Chapter I section 2).  

In particular, in the ground-based water stress experiment (see Chapter III), it was found that re-

motely sensed indices based on temperature and leaf water content (i.e., MSI, WI) were equally sensi-

tive to water stress. However, since the continuous measurement was interrupted by bad weather con-

ditions, it could not be determined if temperature-based indices even react faster than VIs related leaf 

water content. Further, CWSI was found to be most suitable for the detection of plant responses to water 

stress compared to other temperature based indices (i.e., Tleaf, Tleaf – Tair) due to its robustness against 

actual meteorological conditions. Moreover, CWSI has the advantage to be normalized to relative tem-

perature differences of two reference surfaces in comparison to absolute measures of leaf or air temper-

ature. CWSI should thus be transferable to various crop types, phenological stages, and climates.  

In comparison to temperature-based indices and VIs related to leaf water content, indices based on 

variations in the content of leaf internal pigments (i.e., PRI, SR) or structural changes in the leaf or 

canopy (e.g., NDVI) did not react at all during the ground-based water stress experiment. Therefore, 

the common acceptance of PRI as an early indicator of water stress (e.g., Panigada et al., 2014; Rossini 

et al., 2013 & 2015b; Zarco-Tejada et al., 2013) could not be confirmed. 
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The assessment of SIF for the detection of water stress symptoms was limited to the airborne cam-

paign and will be discussed in the following paragraph.  

Objective II: Assess the potential of hyperspectral remote sensing indices for water stress de-

tection at airborne level 

An airborne campaign operating two state-of-the-art hyperspectral instruments was conducted in 

order to assess the ability of remotely sensed water stress indices at airborne level (see Chapter IV). 

Since Hyper-Cam LW and HyPlant sensors were only available for a limited time window, plant phys-

iological water stress symptoms (e.g., rise in plant temperature, decrease of photosynthetic efficiency) 

were artificially induced by two chemical agents (VG and KA) instead of measuring real water stress.  

The first finding of this study was that temperatures retrieved from airborne hyperspectral TIR im-

ages agree very well compared to ground temperatures of a water filled pool as measured by thermo-

couples. Thus, the application of Telops Hyper-Cam LW for measuring spatially high-resolution surface 

temperatures from an airborne platform was validated.  

Although no actual plant water stress occurred during the experiment, temperature-based indices 

were more sensitive for the detection of subtle water stress symptoms in comparison to VNIR/SWIR 

indices and SIF indices. The hypothesized effects of the two chemical agents were nicely reflected by 

changes in plant temperature. While VG partly closed the stomata and thus led to an increase in plant 

temperature, KA reduced the canopy temperature due to a reduction in absorbed radiation. In contrast, 

VIs (i.e., SR, NDVI, PRI, WI, MSI, LWI) and SIF indices remained unchanged for the VG treatment 

in comparison to the control. However, for the KA treatment highly significant changes in both VIs and 

SIF were observed compared to the control, which is explained by the overall reduced fAPAR. Further-

more, diurnal changes in temperature could be explained by plant transpiration rates and are well cor-

related to diurnal changes in meteorological parameters (i.e., VPD, air temperature).  

In summary, the most important finding of this study was that even mild effects on the stomatal 

conductance as induced by VG were detected by airborne TIR based indices. On the contrary, the subtle 

effects of VG on the assimilation of CO2 and thus, photosynthetic efficiency were too small to be meas-

ured with remotely sensed SIF or VNIR/SWIR indices. Therefore, the application of temperature-based 

indices for the detection of even subtle changes in plant transpiration has been approved on airborne 

level by using a hyperspectral TIR imaging instrument, the Telops Hyper-Cam LW. Consequently, tem-

perature-based indices are most suitable for the pre-visual detection of crop water stress, not only at 

ground- but also at airborne level. These findings offer promising prospects for future satellite missions 

for regional and global water stress detection in the TIR spectral domain. 
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Objective III: Examination of the advantages of hyperspectral TIR remote sensing sensors 

for the retrieval of temperature and emissivity 

A comparison of broadband and hyperspectral TIR imaging systems at ground level was performed 

in Chapter III. As already introduced in Chapter I, the neglect of the spectral information of emissivity 

limits the accuracy of temperatures retrieved from broadband TIR imagers to about 1 K per 1 % error 

in the assumed mean emissivity value (Jones, 2004a). The goals of this analysis were to examine the 

potential advantages of a hyperspectral over a broadband TIR camera with regards to: (i) a more precise 

absolute temperature retrieval by solving the TES-problem with a state-of-the-art TES-algorithm (i.e., 

‘spectral smoothness’), hypothesizing that a more precise absolute temperature would produce a better 

input for more sensitive measures of water stress by using temperature-based indices, (ii) the ability of 

using the spectral information of emissivity itself for the detection of plant responses to water stress.  

As a result, the overall mean temperatures retrieved from two broadband approaches (i.e., Fluke 

TiR1 as a handheld broadband camera and spectrally resampled images of the Hyper-Cam LW) agreed 

very well with the temperatures retrieved using the ‘spectral smoothness’ approach based on 

hyperspectral data (i.e., the maximum difference in temperature was 0.4 K between the hyperspectral 

and broadband retrieval approaches). Furthermore, all three approaches were equally sensitive for water 

stress detection using temperature-based indices. Following these results, hyperspectral TIR offers no 

advantage over broadband TIR cameras with respect to temperature-based indices for the detection of 

plant responses to water stress, taking into consideration that the assumed mean emissivity for the 

broadband approach is equal or very close to the real averaged spectral emissivity (e.g., in this study 

0.97 for the examined potato plants). However, the fact that most temperature-based indices only rest 

on relative temperature differences, the prospective effect of inaccurately retrieved temperatures should 

be negligible for the detection of water stress, even if the assumed emissivity does not fit properly. For 

example, CWSI is calculated using the relative differences between Tleaf, Twet and Tdry. Notwithstanding, 

a precise absolute temperature retrieval becomes mandatory for physically-based model approaches 

such as STIC (Mallick et al., 2015). Furthermore, only hyperspectral systems offer the ability of an 

appropriate atmospheric correction using images with high spectral resolution, which becomes crucial 

in air- or spaceborne missions. 

In addition, new hyperspectral TIR sensors offer a fast and innovative opportunity to measure the 

spectral emissivity of vegetation. Since the spectral emissivity is a plant status-related measure, it is 

considered to be applicable for the detection of plant water stress. In this study, for the first time, plant 

reponses to water stress were detected by changes in plant emissivity signatures using a hyperspectal 

TIR imaging device in a ground-based experiment. Furthermore, spectral emissivity could be 

determined as an equally sensitive measure of plant water stress in comparison to traditional 

temperature-based indices. The water-stressed plants showed an overall spectral increase in emissivity 



Chapter VI Main Findings 

 

115 

 

in comparison to the control group. Without any further analysis of plant structural or biochemical 

characteristics (e.g., leaf constituents, cuticle thickness) the examined overall increase in emissivity is 

in good agreement with the findings of Buitrago et al. (2016) and Buitrago Acevedo et al. (2017). They 

showed that cold and water stress induced variations in leaf traits (i.e., leaf water content, lignin, 

cellulose and leaf area), which are correlated to changes in their emissivity spectra.  

Objective IV: Assess the effect of plant species on spectral emissivity 

In Chapter V a further ground-based experiment was conducted to gain deeper insights into how 

different plant species affect the spectral emissivity signature.  

As a first finding, this study demonstrated that plant emissivity spectra as measured by Telops 

Hyper-Cam LW are of very high quality and showed a good reproducibility compared to DHR reference 

measurement in the laboratory (i.e., Bruker Vertex 70, ITC). Concerning the application of spectral 

emissivity for the detection of plant water stress, the main finding of this experiment was that different 

plant species exhibit distinct spectral emissivity features. This offers the opportunity to use the infor-

mation of spectral emissivity to discriminate plant species. It was impressively demonstrated that dif-

ferent species could be more accurately classified based on species-specific spectral emissivity features 

than on VNIR/SWIR spectral reflectance features. However, the fact that emissivity spectra of vegeta-

tion are not only affected by the actual plant status but also show species-related spectral features com-

plicates the further understanding of how stress-related changes in leaf traits are associated with distinct 

spectral emissivity features, which could potentially be used to detect environmental stresses. Thus, the 

species-specific spectral features need to be taken into account for further stress-related research on 

spectral emissivity signatures.  
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2. Conclusion & Outlook 

In this thesis, it has been demonstrated that both key variables from the TIR spectral domain, surface 

temperature and spectral emissivity, could be used for the detection of plant responses to water stress: 

(i) temperature-based indices (e.g., CWSI) retrieved from Telops Hyper-Cam LW images were more 

suitable for the detection of plant responses to water stress than traditional VNIR/SWIR indices (e.g., 

PRI) and SIF indices, (ii) for the first time, spectral emissivity as measured by a hyperspectral TIR 

imaging instrument has been used to detect plant water stress. In conclusion, evidence about the appli-

cation of hyperspectral TIR remote sensing to detect plant water stress was provided at ground- and 

airborne level.  

In comparison to VNIR/SWIR indices, temperature-based indices provide an appropriate pre-visual 

proxy for the detection of plant responses to water stress, which already has been demonstrated earlier 

by Zarco-Tejada et al. (2013) and Panigada et al. (2014). Therefore, TIR indices have an enormous 

potential to be applied in precision agriculture and especially in irrigation management to determine the 

right time, the right place and the right amount of water to apply to reduce the amount of water used 

per unit yield. However, it is still unclear when to irrigate the fields and how much water the crops need. 

CWSI is pointed out to be applicable for the detection of crop water stress in different crop types, 

seasonal growing stages and even various climates. Notwithstanding, further research is needed to es-

tablish generally accepted calculations of CWSI to determine thresholds for irrigation scheduling. In 

particular, CWSI can be estimated following various approaches from the analytical CWSI to the use 

of artificial reference surfaces for the calculation of Twet and Tdry. In addition, crop-specific thresholds 

of CWSI are needed to consider plant-specific strategies to environmental stresses such as various leaf 

structural architectures (e.g., hypo- or amphi-stomatous leaves, cuticle thickness, trichomes). Since the 

temperature differences between stressed and non-stressed plants are low in cold and humid climates 

due to the low VPD, further care must be taken when applying thresholds of CWSI in more temperate 

climate zones (Costa et al., 2013; Jones, 1999a).  

As a potential alternative to overcome the limitations of temperature-based indices, physically-

based model approaches like STIC (Mallick et al., 2015) offer the opportunity to calculate actual ET 

values based on remotely sensed surface temperatures. ET is a direct and absolute measure of plant-

atmosphere interactions and thus, can be applied as a proxy for plant water stress detection.  

Current advances in sensor technology have opened the opportunity for imaging hyperspectral re-

mote sensing of vegetation in the TIR spectral domain and thus to use spectral emissivity for the detec-

tion of environmental stresses. However, only a few studies have been conducted that examine spectral 

emissivity in remote sensing of vegetation. In this thesis, it has been demonstrated that specific spectral 

features in the TIR signature are related to various plant species (see Chapter V). Furthermore, water 
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stress could be detected through changes in spectral emissivity (see Chapter III). Additional studies by 

Buitrago et al. (2016) and Buitrago Acevedo et al. (2017) provided promising results on the relation 

between leaf structural or biochemical characteristics and leaf emissivity spectra. 

However, the utility of spectral emissivity for the detection of plant responses to environmental 

stresses is limited. For example, it is still unknown which physiological and biochemical processes 

cause changes in the spectral emissivity and how they are related. Although Ribeiro da Luz and Crowley 

(2010) were able to measure spectral emissivity features of different tree species at airborne level, scal-

ing effects (e.g., mixed pixel, cavity effects) on spectral emissivity features are still largely unknown. 

Furthermore, current TIR satellites do not accomplish the requirements (i.e., high SNR, high spectral 

and spatial resolution) to measure the low spectral contrast emissivity features of vegetation from space. 

Therefore, further fundamental research is absolutely needed to better understand the relations between 

the spectral emissivity features and changes in leaf traits under environmental stress conditions at dif-

ferent remote sensing scales.  

In fact, the large-scale application of TIR remote sensing for the detection of environmental stresses 

as an input for precision farming underlies several limitations. The main challenges of both the temper-

ature- and emissivity approach for the detection of crop water stress at airborne- and satellite level are 

associated with sensor related technical limitations and scale effects. From the technical side, instrument 

SNR, atmospheric correction and TES are the most challenging tasks to be solved. Meanwhile, scale 

effects are dealing with constraints originating from mixed pixels and canopy structure-related factors 

such as scattering, re-radiation and cavity effects (Thomas Udelhoven et al., 2017). For example, the 

disaggregation of crop temperature from the much warmer soil pixels is of great interest for the accuracy 

of temperature-based indices as retrieved from airborne- and satellite platforms (Zhan et al., 2013). 

However, since the pre-processing of TIR data is essential for the retrieval of both spectral emissivity 

and surface temperature, the major limitation of hyperspectral TIR remote sensing from airborne- and 

satellite platforms persists in the lack of appropriate data processing schemes. Therefore, further re-

search is especially needed in the development and implementation of solid atmospheric correction 

processing schemes and TES algorithms. Since hyperspectral remote sensing in the TIR is currently 

limited to ground- and airborne level and thus only available for small-scale studies, there is a demand 

for hyperspectral satellite TIR missions with regional or global coverage. Hence, satellite mission de-

signs like HiTeSEM (High-resolution Temperature and Spectral Emissivity Mapping, Udelhoven et al., 

2017) provide very promising perspectives towards the application of hyperspectral TIR for the detec-

tion of environmental stresses from space. Furthermore, the ECOSTRESS instrument on ISS will offer 

first prospects for future TIR satellite missions. 

With regards to precision agriculture and the ultimate goal of reducing the amount of water used 

per unit yield, this thesis provides a comparative assessment for the detection of plant responses to water 
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stress using hyperspectral imaging remote sensing. Especially temperature-based indices were found to 

be most suitable for remotely sensed water stress detection. Notwithstanding, the detection of the cause 

responsible for plant physiological or biochemical changes remains complex based on a single source 

of remotely sensed information, since environmental stresses occur simultaneously under natural con-

ditions. Therefore, a multi-sensor approach provides deeper insights into the relationship between plant 

responses to environmental stresses and their impact on the signal as measured by hyperspectral imag-

ing remote sensing instruments.  
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Vollmer, M., Möllmann, K.-P., 2010. Infrared thermal imaging : fundamentals, research and 

applications. Wiley-VCH; Wiley InterScience (Online service). 

Wang, X., Ouyang, X., Tang, B., Li, Z., Zhang, R., Ensps, L., Brant, B.S., 2008. a New Method for 

Temperature / Emissivity Separation From Hyperspectral Thermal Infrared Data. Sci. York 286–

289. 

White, M.A., Hoffman, F., Hargrove, W.W., Nemani, R.R., 2005. A global framework for monitoring 

phenological responses to climate change. Geophys. Res. Lett. 32, n/a-n/a. 

https://doi.org/10.1029/2004GL021961 

Wieneke, S., Ahrends, H., Damm, A., Pinto, F., Stadler, A., Rossini, M., Rascher, U., 2016. Airborne 

based spectroscopy of red and far-red sun-induced chlorophyll fluorescence : Implications for 

improved estimates of gross primary productivity. Remote Sens. Environ. 184, 654–667. 

https://doi.org/10.1016/j.rse.2016.07.025 

Wilson, E.B., Decius, J.C., Cross, P.C., Sundheim, B.R., 1955. Molecular Vibrations: The Theory of 

Infrared and Raman Vibrational Spectra. J. Electrochem. Soc. 102, 235C. 

https://doi.org/10.1149/1.2430134 



 

137 

 

Yordanov, I., Velikova, V., Tsonev, T., 2003. Plant Responses To Drought and Stress Tolerance. Bulg. 

J. Plant Physiol 187–206. https://doi.org/10.1023/A:1007201411474 

Young, S.J., 2002. An in-scene method for atmospheric compensation of thermal hyperspectral data. J. 

Geophys. Res. 107, 4774. https://doi.org/10.1029/2001JD001266 

Zarco-Tejada, P.J., González-Dugo, V., Berni, J. a. J., 2012. Fluorescence, temperature and narrow-

band indices acquired from a UAV platform for water stress detection using a micro-hyperspectral 

imager and a thermal camera. Remote Sens. Environ. 117, 322–337. 

https://doi.org/10.1016/j.rse.2011.10.007 

Zarco-Tejada, P.J., González-Dugo, V., Williams, L.E., Suárez, L., Berni, J. a. J., Goldhamer, D., 

Fereres, E., 2013. A PRI-based water stress index combining structural and chlorophyll effects: 

Assessment using diurnal narrow-band airborne imagery and the CWSI thermal index. Remote 

Sens. Environ. 138, 38–50. https://doi.org/10.1016/j.rse.2013.07.024 

Zhan, W., Chen, Y., Zhou, J., Wang, J., Liu, W., Voogt, J., Zhu, X., Quan, J., Li, J., 2013. 

Disaggregation of remotely sensed land surface temperature: Literature survey, taxonomy, issues, 

and caveats. Remote Sens. Environ. 131, 119–139. https://doi.org/10.1016/j.rse.2012.12.014 

 

  



 

 

  



 

139 

 

Curriculum Vitae 

 Max Gerhards 

Address Dietrichstraße 4 

D-54290 Trier 

Germany 

 

Contact max.gerhards@yahoo.de 

+49 160 9388 3686 

Date of Birth 01.12.1985 

Place of Birth Wied (Westerwald), Germany 

 

Professional Experience 

01/2018 – present University of Trier, Faculty VI 

Trier, Germany 

Department of Environmental Remote Sensing & Geoinformatics 

Post-doc, research assistant 

07/2013 – 07/2017 LIST (Luxembourg Institute of Science and Technology) 

Belvaux, Luxembourg 

Department of Environmental Research and Innovation (ERIN) 

Ph.D. candidate (PLANTSENS project) 

07/2010 – 09/2010 GAF AG, Munich, Germany 

Internship 

  

Academic Career 

07/2013 – present University of Trier, Faculty VI, Trier, Germany 

Department of Environmental Remote Sensing & Geoinformatics 

Ph.D. candidate, research assistant 

04/2016 – 03/2013 University of Trier, Faculty VI, Trier, Germany 

Diploma in Applied Physical Geography  

minor subjects: Remote Sensing and Cartography  

overall grade: 1.0 - ‘with distinction’ 

Diploma thesis: ‘Grundlagen und erste Anwendungen hyperspektraler Ther-

malfernerkundung auf Laborebene und am Beispiel des Trierer Doms’ 

Supervisors: Prof. Dr. Thomas Udelhoven, Prof. Dr.-Ing. Markus Casper 

08/1996—03/2005 Secondary School (Priv. Gymnasium), Marienstatt, Germany 

08/1992 – 07/1996 Primary school, Müschenbach, Germany 



 

140 

 

Publications (peer-reviewed) 

2017 (submitted) Gerhards, M., Schlerf, M., Rascher, U., Udelhoven, T., Juszczak, R., 

Alberti, G., Miglietta, F., and A., Inoue, Y. (2017, submitted): A Com-

parative Analysis for Remote Sensing of Plant Water Stress Symptoms 

Based on Airborne Optical and Thermal Hyperspectral Images. Submit-

ted to International Journal of Applied Earth Observation and Geoinfor-

mation. 

2016 Gerhards, M., Rock, G., Schlerf, M., Udelhoven, T. (2016): Water 

Stress Detection in Potato Plants using Leaf Temperature, Emissivity, 

and Reflectance. International Journal of Applied Earth Observation and 

Geoinformation, 53, 27—39. 

Rock, G., Gerhards, M., Schlerf, M., Hecker, C., Udelhoven, T. (2016): 

Plant species discrimination using emissive thermal infrared imaging 

spectroscopy. International Journal of Applied Earth Observation and 

Geoinformation, 53, 16—26. 

2012 Schlerf, M., Rock, G., Lagueux, P., Ronellenfitsch, F., Gerhards, M., 

Hoffmann, L., Udelhoven, T. (2012): A Hyperspectral Thermal Infrared 

Imaging Instrument for Natrual Resources Applications. Remote Sens-

ing, 4, 3995—4009. 

 

 

 

  



 

 

 


