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Alon Zuta 

Abstract 

Due to its low cost and high efficiency, the use of airborne infrared thermography imaging 

from an unmanned aerial vehicle (UAV) has become a widely used technique for 

measuring plant water stress.  With that, the use of UAV as a precision agriculture 

technique to map crop water stress is not trivial and the current research project aimed to 

identify the performance characterises of UAV for vineyard water stress mapping by 

highlighting the following three objectives: 

a. Comparing two commonly used thermal indices, the crop water stress index (CWSI) 

and the Jones stomatal conductance index (Ig) in order to assess their performances in 

regions with high climatic variability. 

b. Assessing the impact of spatial and temporal changes on the performance of 

interpolation algorithms. 

c. Exploring a possibility of mapping the water stress of a vineyard by collecting and 

analysing thermal data of the vineyard’s cover crop rather than the grapevines themselves.   

This study was conducted in two commercial vineyards in the Rheingau region of 

Germany.  Airborne thermal imaging using UAV was collected at four different periods 

during the 2019 growing season (July-September) and was accompanied by ground 

measurements including mid-day stem water potential (Ψstem) and proximal thermal 

imaging.  The airborne data was interpolated using the following interpolation algorithms:   

Inverse Distance Weighting (IDW), Kriging, Local Polynomial, and Spline.  Different 

interpolation surfaces were created using either CWSI or Ig and either cover crop or 

grapevine’s pixels with the total of 64 maps for each vineyard (4 dates x 2 crop types x 2 

indices x 4 algorithms).  The resulting interpolated surfaces were evaluated through cross 

validation and, as well, through comparison to the ground measurements. 

The cross-validation results showed definite preference for CWSI based interpolations 

which can be attributed to the range of potential values rather than the suitability of the 

index while the comparison to the ground measurement results show definite preference 

for Ig based interpolations.  Both the cross validation and the comparison to the ground 

measurement results show a miscellany of interpolation algorithms which varies both 
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spatially (between the two vineyards) and temporarily (between the different 

measurement dates).  The cross-validation analyses and the comparison with the proximal 

thermal imaging measurements show a preference for cover crop-based interpolation 

while the comparison with the Ψstem shows a preference for cover crop during the July 

measurements and grapevine during the August-September measurements.  This can be 

related to the small sample size of the Ψstem procedure and, potentially, an operator bias.  

The results of this study indicated that the Ig index exhibits much higher suitability than 

CWSI for mapping water stress index in regions with higher humidity and variable 

climate such as the Rheingau.  Additionally, the study illustrated the affect of sampled 

data points on the resulting interpolated surface and the importance of evaluating different 

algorithms and choosing the most suitable one.  Finally, it demonstrated that cover crop-

based data has the potential of producing better quality water stress maps in steep-slopped 

vineyards which characterized by low soil depth, but an additional research has to be 

conducted in order to evaluate suitability for other types of environments. 
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1. Introduction 

The vineyard water budget is a key factor in quality grape development and insufficient 

water supply can limit the quality and yield of grapes for wine (Hofmann and Schultz, 

2015). Within the grapevine growing zones, water shortage is the most dominant 

environmental constraint (Williams and Matthews, 1990), and is becoming more 

prevalent due to climate change which causes shifts in the precipitation rate and 

distribution (Hannah et al., 2013; Simonneau et al., 2017).  

This situation can be mitigated by the implementation of precision irrigation systems, 

although spatial variability in water requirements within a vineyard can limit the efficient 

use of precision agricultural systems (Bellvert et al., 2014).  Therefore, it is vital to 

characterize spatial variability before implementing an irrigation strategy.  Measurement 

of the plant water potential is one of the most used methods to monitor plant water stress 

status (Chone et al., 2001) and there are a variety of techniques to measure water potential 

(Jones, 2004).  Unfortunately, traditional sampling techniques are highly time consuming, 

labour demanding and, at times, destructive to the plants (Diago et al., 2017; Gutiérrez et 

al., 2018).  A more efficient, less costly, and non-destructive technique is to analyse water 

stress status using infrared thermography imaging that provides indication of canopy 

temperature that can be used to calculate the leaf stomatal conductance (Stoll and Jones, 

2007).  Infrared thermography enables the visualization of differences in canopy surface 

temperature from the emitted infrared radiation.  Recent technological advances in 

unmanned aerial vehicles (UAV) platforms and their relatively low cost (Hruska et al., 

2012) enable airborne thermal data collection that has the advantage of covering larger 

areas in much shorter time periods, as compared to ground imaging techniques by feet or 

vehicle mounted.   

The research study reported here sought to explore three crucial components of mapping 

water status based on airborne thermal imaging: a. the quality, quantity and distribution 

of the sampling points, b. the type of thermal index used and c. the choice of interpolation 

method. 

1.1 Sampling points distribution, grapevine canopy versus cover crop  

Quality, quantity and distribution of data  points available for collection by UAV is limited 

by the structure of the grapevine canopy, which is stratified, irregularly shaped and 
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narrow in width (Figure 1).   This research project examined the possibility of mapping 

water status based on the vineyard cover crop which displays no stratification, has low 

irregularity and has much wider surface than the grapevines themselves.    

The aerial view displays conditions that represent only the upper part of the canopy, while 

the grapevine conditions directly below the canopy can be significantly different from the 

top.  Grapevine canopies display a large array of possible structures of shape and 

components (Hofmann et al., 2014) that can result in much variation in radiation received 

by the plants, stomatal conductance and ambient temperature within a grapevine canopy 

(Bardero 2019; Ben Gal et al., 2009; Fuentes et al., 2012).  Moreover, grapevine row 

width is relatively narrow resulting in low number of pixels captured (Bellvert et al., 

2015; Gutiérrez et al., 2018).  In many cases, there are large gaps within the canopy which 

result in capture of pixels of the background soil and consequence in inaccurate 

interpretation of data values (Bardero et al., 2019; Bellvert et al., 2015).  

The use of cover crops is a common practice in viticulture and is widely used in many of 

the world’s winegrowing regions (Carlos, 2016).  Cover crops reduce erosion, add 

nitrogen, prevent water runoff and improve soil health by enhancing soil organic matter 

and microbiological functions (Novara et al., 2013; Ruiz-Colmenero et al., 2012; 

Steenwerth and Belina, 2006).  A negative impact of cover crops is that they compete 

with the vines over nutrients and water (Lopes et al., 2004; Lopes, 2016; Monteiro and 

Lopes, 2006) specifically in steep sloped vineyards where the soil depth is shallow 

(Hofmann et al., 2014; Gruber and Schultz, 2005) and the vine roots do not penetrate 

much deeper than the cover crop roots.  Thus, cover crops can be a potential indicator of 

water potential in vineyards in addition to the vines themselves.   

The simple structure, absence of stratification and larger spatial extant of the cover crop 

relative to grapevines enable easier acquisition of data using airborne thermal imaging.  

An advantage of measuring cover crop water stress is the potential of producing a better 

display of the spatial water distribution within a vineyard (Figure 1). 
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Figure 1. Grapevine canopy and cover crop comparison. The left image shows a typical view 

of a row in the experiment site showing both the grapevine canopy and the cover crop. The canopy 

exhibits stratification which enables aerial data collection only of the top layer of the canopy. 

Additionally, it displays a large array of possible structures of shape and components which 

results in many variations in radiation conditions, complex stomatal conductance patterns and 

microclimate. In addition, the canopy is relatively narrow and has many gaps. The cover crop has 

a simple structure, no stratification and larger spatial extant relative to the grapevines. Top right 

image shows the pixels collected by the UAV for the grapevine canopy and the bottom right 

shows the pixels collected by the UAV for the cover crop. The number of captured pixels of the 

cover crop is much larger compared to the captured pixels of the grapevine canopy. 

 

1.2 Choice of thermal index 

Thermal indices enable quantification of crop water stress based on canopy surface 

temperature.  The most used index is the crop water stress index (CWSI) which is highly 

successful in arid climates but has limited success in humid and variable climates (Jones 

et al., 1997; Bockhold et al., 2011).  The stomatal conductance index (Ig) was developed 

as a more suitable index for temperate climates (Jones et al, 1997; Jones 1999a).  Studies 

on the use of airborne thermal imaging for mapping water stress in vineyards have been 

limited to regions which are characterized as semi-arid or Mediterranean climates where 

droughts are prevalent (Table 1) and therefore used only the CWSI or reported better 

results using it over the Ig.  However, in recent years, as a result of climatic changes, 
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climate regions classified as cool such as the Rheingau in Germany, have begun to 

experience phenomena such as warmer temperatures and shifts in precipitation patterns 

which forces growers to irrigate their crops more frequently (Fraga et al., 2016;, Hofmann 

and Schultz, 2015) resulting in the need of water stress mapping.  The current research 

project aimed to compare the two indices’ suitability in this type of climate. 

1.3 Choice of interpolation method 

Due to the structural nature of the grapevine canopy which is characterized by a narrow 

row width and multiple gaps (Bardero et al., 2019; Gutiérrez et al., 2018), interpolation 

is essential in order to estimate the values in canopy zones which were not sampled.  

Selecting a proper spatial interpolation method is highly important since different 

methods can lead to very different results (Aguilar et al., 2005; Li & Heap, 2011) as it 

can be seen in Figure 2.  Many factors affect the performance of spatial interpolation 

methods and include sampling density, sample spatial distribution, sample clustering, 

surface type, data variance, data normality, grid size or resolution and the interactions 

between these factors (Aguilar et al., 2005; Li & Heap, 2008; Li & Heap, 2011; Robinson, 

2006).  Previous studies focusing on mapping water status in vineyards using UAV have 

failed to outline the reasons for choosing a specific interpolation method (Baluja et al., 

2012; Bellvert et al., 2014; Santesteban et al., 2017) and in some cases fail to mention 

which method was used (Bellvert et al., 2013; Matese et al., 2018).  In order to evaluate 

the performances of the different spatial interpolation methods, it is necessary to use the 

statistics of the differences, absolute and squared, between measured and predicted values 

at sampled points (Curtarelli et al., 2015; Li & Heap, 2008; Li & Heap, 2011).  Many 

studies (presented in table 1) compare the interpolated surfaces to the ground 

measurements and fail to statistically evaluate their performances (further discussed in 

section 3.4).  Additionally, there is a tendency among past studies to apply the same 

interpolation method to all collected data regardless of temporal or spatial changes.  
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Figure 2. Interpolation surfaces comparison. The four images present the consequence of 

different interpolation methods created for the same collected data points, demonstrating how 

different surfaces can result from the selected interpretation algorithm. 
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2. Research objectives  

This research study aims to explore three crucial components of mapping water status 

based on airborne thermal imaging: a. the quality, quantity and distribution of the 

sampling points, b. the type of thermal index used and c. the choice of interpolation 

method.  The first objective was to explore whether or not airborne thermal imaging of 

the vineyard cover crop can be used to evaluate the water status in a vineyard and whether 

or not it has an advantage over using thermal imaging of the grapevine canopy itself.  The 

second objective was to compare two different thermal indices, the crop water stress index 

(CWSI) and the Jones stomatal conductance index (Ig) in order to evaluate whether Ig 

provides better results for water stress mapping of grapevines in temperate and humid 

climates.  The third objective was to demonstrate the impacts spatial and temporal 

changes have over the performance of interpolation process through the examination and 

comparison of different interpolation methods over different locations and dates. 
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3. Literature overview 

In the context of changing climate, many sectors of agriculture, such as viticulture can 

experience impacts to the crop.  According to Jones et al., (2005) the importance of 

understanding climatic change impacts on agriculture is especially evident in viticulture.  

As grapes are extremely climate sensitive crop, the climate of each wine regions 

determines the types of grapes that can be grown and the style of wine that can be 

produced which results in the distinctive character of different wines (Jones et al., 2005; 

Schultz and Jones, 2010).  Future climate change models predict a warming of 2 to 4 Co 

in wine growing regions over the next 50 years (Jones et al., 2005; Schultz and Lebon, 

2005).  Higher temperatures cause higher rates of evaporation, both from soil and from 

plants which combined with the projected shifts in the participation rate and distribution 

(Hannah et al., 2013; Simonneau et al., 2017) have the potential of causing droughts.  The 

resulting impacts of changing climatic conditions can be harmful for both yield and 

quality of the fruit crop (Schultz and Lebon, 2005; Williams and Matthews, 1990) making 

irrigation inevitable in many cases.   

Further complicating the changing incidents of climate factors such as rain, wind, solar 

radiation and temperature is that water status over a vineyard is highly heterogenous due 

to variability in soil characteristics, soil depth, slope, vegetation density and 

evapotranspiration rate (Hofmann and Schultz, 2015).  Thus, it is vital to characterize 

spatial variability before implementing an irrigation strategy to achieve an optimum water 

supply for productivity.   

3.1 Physiological parameters for monitoring plant water stress 

Methods to quantitatively measure water content in the soil directly or through calculating 

the water balance are inefficient for determining water stress as plants respond directly to 

changes in water status in their tissues rather than to changes in the soil water content. 

Therefore, plant physiology depends both on the soil moisture status and on the rate of 

water flow through the plant and the corresponding hydraulic flow resistances between 

the bulk soil and the appropriate plant tissues (McCutchan and Shackel, 1992; Jones, 

2004).   A plant-based measurement is the most straightforward indicator of plant water 

stress as it measures the integrated effect of soil, plant, and atmospheric conditions on 

water availability within the plant itself (McCutchan and Shackel, 1992).    
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There have been many efforts by past researchers to develop methods to assess plant 

response to water deficit in contrast to directly measuring soil moisture (Blanco-

Cipollone et al., 2017; Jones 1990; Turner, 1990).  Currently, vineyard irrigation 

scheduling decisions are based on plant responses rather than on direct measurements of 

soil water status (Jones, 2004).  Among the various physiological measurement 

techniques, water potential (Ψ) based methods performed by pressure chambers are 

generally used for measuring water stress and are the most reported in literature (Chone 

et al., 2001; Williams et al., 2011).  However, water potential measurements are highly 

time consuming, labour demanding and can be destructive to the plants (Diago et al., 

2017; Gutiérrez et al., 2018) leading researchers to look for more efficient ways to 

determine water stress. 

3.2 Thermal imaging as a tool for monitoring plant water stress 

Thermography was first applied for plant examination in the early 1960s (Gates, 1964; 

Monteith and Szeicz, 1962; Tanner, 1963) and due to advancement in technology and the 

affordable cost, it has become a major instrument in plant health research. This approach 

provides indication of canopy temperature that can be used to calculate the leaf stomatal 

conductance (Stoll and Jones, 2007).  Use of canopy temperatures to detect water stress 

in plants is based upon the assumption that, as water becomes limiting, transpiration is 

reduced through stomatal closure and thus, plant temperature increases (Jackson et al., 

1988).  Therefore, canopy temperature can be correlated negatively with stomatal 

conductance (gs) and water potential (Ψ) (Costa et al., 2012; Fuentes et al., 2012; 

Gutiérrez et al.,2018; Grant et al., 2006).  Stomatal closure is the first reaction to drought 

stress among plants and, therefore, is more closely related to soil moisture content than 

leaf water status (Jones, 1999; Grant et al., 2006; Pirasteh‐Anosheh et al., 2016).  

3.3 Development of temperature-based water stress indicators 

Several studies (Idso et al., 1981; Idso, 1982; Jackson, 1982; Meron et al., 2009) have 

shown that measurement with thermal imaging of the canopy temperature can be a good 

indicator of the crop water stress. The most common used thermal index for evaluating 

crop water stress is the Crop Water Stress Index (CWSI), which expresses the ratio 

between the difference of the upper, non-transpiring crop and the lower transpiring crop 

section at potential rate, crop temperature limits (Idso 1982).   Since its introduction by 
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Idso et al, 1981, CWSI has been used as the basis for irrigation scheduling for several 

crops including grapevine (Jones et al, 1997) and is now one of the most used indices for 

quantifying the stress a plant undergoes according to the surface temperature of the crop 

canopy (Poblete-Echeverría et al., 2017).  Unfortunately, although the method works very 

well in arid climates, in areas where humidity is high and wind speed and solar radiation 

vary, it has limited success (Jones et al, 1997; Bockhold et al, 2011).  The stomatal 

conductance index (Ig) proposed by Jones (Jones et al, 1997; Jones 1999a) which is 

proportional to the stomatal conductance (gs) was developed to overcome these 

limitations.   

3.4 Airborne thermal imaging for mapping plant water stress 

Use of airborne imaging has the advantage of covering larger areas in much shorter time 

periods as compared to ground imaging techniques by feet or vehicle mounted.  Airborne 

imaging is also not limited by rough terrain and is becoming cheaper and more 

approachable with the advances in UAV technology (Hruska et al, 2012).  Combined with 

the use of temperature-based water stress indicators, airborne thermal imaging has proven 

to have great potential for monitoring plant water stress.  Many experiments involving 

aerial thermal imaging showed good correlation between the derived indices values, 

stomatal conductance (gs) and plant water potential (Ψ) (Baluja et al., 2012; Bellvert et 

al., 2013; Bellvert et al., 2015; Matese et al., 2018; Pou et al., 2013).  

Table 1 summarizes several studies examining airborne thermal imaging for mapping 

water stress in vineyards. All the studies were conducted in regions which are 

characterized as semi-arid and Mediterranean climates where droughts are prevalent.  For 

that reason, only one study (Baluja et al., 2012) examines the stomatal conductance index 

(Ig) in addition to the CWSI index.  Thus, there is a gap of knowledge regarding water 

stress mapping of vineyards in temperate climate regions and evaluation and comparison 

to determine the more suitable index. 
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Table. 1. Summary of studies examining airborne thermal imaging for mapping water stress 

in vineyards. The table presents for each study the type of crop investigated, the location where 

the experiment took place, the indices used (estimated variables), the ground measurement 

technique compared with the airborne data (reference variables) and the interpolated method used. 

Not applicable (NA) means that interpolation was not part of the experiment. 

Paper Crop Location Estimated 

variables 

Reference 

variables 
Interpolation 

method 
Baluja et al., 

2012 

Tempranillo Logroño, 

Spain 

CWSI, Ig leaf stomatal 

conductance 

and stem 

water 

potential 

Spline 

Bellvert et 

al., 2013 

Pinot-noir Lleida, 

Spain 

CWSI 

 

leaf water 

potential 
Not 

mentioned 
Bellvert et 

al., 2014 

Pinot-noir, 

Chardonnay, 

Syrah 

and 

Tempranillo 

Lleida, 

Spain 

CWSI leaf water 

potential 
NA 

Bellvert et 

al., 2015 

Chardonnay Lleida, 

Spain 

CWSI leaf water 

potential 
kriging 

Matese et 

al., 2018 

Vermentino, 

Cabernet’ 

and 

Cagnulari 

Sardinia, 

Italy 

CWSI Stem water 

potential and 

CWSI 

derived from 

ground 

thermal 

imaging 

Not 

mentioned 

Poblete-

Echeverría 

et al., 2016 

Carménère Maule, Chile Tc-Ta Stem water 

potential 
NA 

Poblete et 

al., 2018 

Cabernet 

Sauvignon 

Maule, Chile CWSI NA NA 

Santesteban 

et al, 2017 

Tempranillo Traibuenas, 

Navarra, 

Spain 

CWSI stem water 

potential and 

stomatal 

conductance 

Kriging 

Zarco-

Tejada et al., 

2013 

Thompson 

Seedless 

Parlier, CA, 

USA 

CWSI leaf stomatal 

conductance 

and leaf 

water 

potential 

NA 
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4. Data and methodology  

4.1 Study area 

The Rheingau region (Figure 3) is a narrow strip bounded between the Rhine river to the 

South and the Taunus Mountains to the North.  The climate in the Rheingau is classified 

as a temperate oceanic climate (Köppen: Cfb) (Kottek et al., 2006).  It lies in the rain 

shadow of the Taunus Mountains and their forested slopes prevent the flow of cold air 

into the vineyards below.  In this region, the Rhine River flows to the west resulting in 

most of vineyards to be situated on south facing slopes which are exposed to strong 

sunlight.   

 

Figure 3. The study area. The location of the Rheingau region within Germany is marked with 

a red box). The Rheingau region is a narrow strip bounded between the Rhine river to the South 

and the Taunus Mountains to the North. In this region the Rhine River flows to the west resulting 

in most of vineyards to be situated on south facing slopes. The experiment sites are located west 

to the town of Rüdesheim am Rhein on the northern bank of the Rhein river. Source: a. CIA 

Factbook, map of Germany, retrieved: October 28, 2019, https://www.cia.gov/library/publications/the-

world-factbook/geos/gm.html b. Google terrain map , retrieved: January 29, 2020,  

https://www.google.com/maps/@50.0366132,8.023858,11.75z/data=!5m1!1e4 

 

The study was conducted in two commercial vineyards operated by the Hessian State 

Winery near Rüdesheim am Rhein, Germany (49°59′0″N 07°55′50″E).  The investigated 

plots named Burgweg (Bu) and Ehrenfels (Ef) (Figure 4) were planted with Riesling 

(Vitis Vinifera) and trained to a cane or spur pruned VSP Trellis system (Hofmann et al., 

2014) and situated at elevation ranging from 100-200 meters above sea level.  Steep slope 

https://www.cia.gov/library/publications/the-world-factbook/geos/gm.html
https://www.cia.gov/library/publications/the-world-factbook/geos/gm.html
https://www.google.com/maps/@50.0366132,8.023858,11.75z/data=!5m1!1e4
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vineyards are characteristic elements of Central European cool climate viticulture and the 

management system practiced in the investigated sites is typical for many of the steep 

slope wine regions.  The investigated sites are characterized by shallow (<1.5 m depth) 

and stony, poor in loess loam, soils that have poor water holding capacity which is typical 

for steeped slope vineyards (Gruber and Schultz, 2005; Hofmann et al., 2014).  The two 

sites differ in vegetation density and coverage (Table 2).  Both vineyards are partly 

covered by a natural population of cover crops (Festuca rubra subsp. rubra and Medicago 

lupulina) and weeds (Chenopodium album, Cirsium arvense, Malva neglecta and 

Taraxacum officinale) (Lopes et al., 2004).  In Ehrenfels the soil of each row is covered 

by cover crops whereas in Burgweg alternating rows were kept free of vegetation by 

frequent tillage. Inter-row vegetation was kept short through frequent mowing.  These 

types of cover crop management are representative for many German steep slope wine 

regions (Hofmann et al., 2014). 

Table. 2. Main characteristics of the investigated vineyards (Source: Hofmann et al., 

2014).  For each vineyard, the table presents the planting density, grapevine canopy height and 

width, distance between grapevines rows and the fraction of soil covered by cover crop. 

Site Planting 

density 

(vines/ha) 

Canopy 

height 

(m) 

Canopy 

width 

(m) 

Row 

distance 

(m) 

Fraction of soil covered by 

vegetation (%) 

Burgweg 6875 1.10 0.40 1.60 0.40 

Ehrenfels 4400 1.00 0.40 2.50 0.84 

 

To induce a wider range of water status in the vineyard, two different irrigation regimes 

were applied, irrigated and non-irrigated.  The irrigation management was carried out by 

the Hessian State Winery and applied through dripline system from April until October.  

The non-irrigated regime, where no irrigation was applied at all other than occasional 

rain, consisted of three sectors of 4 rows each in different locations within each of the 

vineyards (Figure 5). 
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Figure 4. The experiment sites. The images show the locations of the two commercial 

vineyards:  Burgweg and Ehrenfels. The top part shows an aerial view of the experimental site 

(source: Google Earth). The bottom shows a panoramic view (facing north) of the experimental 

site (photo: Alon Zuta). 
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Figure 5. The irrigation Scheme. In order to induce a wider range of water status in the 

vineyards, two different irrigation regimes were applied, irrigated and non-irrigated. Within each 

of the vineyards, 3 sectors of 4 rows were completely non irrigated (marked red). The rest of the 

rows were irrigated using dripline.   

 

4.2 Airborne thermal data acquisition 

The UAV platform (Figure 6) used was a modified multi-rotor operated by the unmanned 

technologies division of Fin Gadar GmbH, Germany.  It was equipped with two NEO-

M8N u-blox concurrent GNSS modules (ublox Switzerland), a Reach M+ RTK module 

(Emlid Ltd, Hong Kong) and a Raspberry Pi3 computer (Raspberry Pi Foundation, UK). 

Flight parameters communication to the ground operator were provided by a radio link at 

2.4 GH.z and another channel at 2.4 GH.z for remote sensing data transmission.  The 

flight controller was based on a Pixhawk 2.4.6 with Arducopter 3.4.6 system backup 

controller Seriously Pro with INAV 1.6.1 software.  The airborne data was acquired with 

a VUE PRO R 640 thermal camera (FLIR Systems, Wilsonville, OR, USA) and a 

RedEdge-M multispectral camera (MicaSense Inc, Seattle, WA, USA) mounted on a 

drone.  Tables 3 and 4 show technical specifications of the cameras.  Four flight 

campaigns were conducted during the 2019 veraison period (July-September) at the 

following dates: July 22, July 25, August 22 and September 19 at solar noon.  Data 
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temperature were calculated from the thermal camera digital number (DN) using the 

empirical line method, as reported by Berni et al., (2009).  The DN-values in the thermal 

imagery represent at-sensor radiance values.  Radiometric calibration was done using 

three different colored panels (1 m × 1 m) at known temperatures as a reference. 

 

Figure 6. The UAV system. A modified multi-rotor operated by the unmanned technologies 

division of Fin Gadar GmbH, Germany.  It is equipped with two NEO-M8N u-blox concurrent 

GNSS modules, a Reach M+ RTK module and a Raspberry Pi3 computer Photo source: 

Unmanned-Technologies, 2019. 

 

Table 3. Technical specifications of UAV thermal sensor. 

VUE PRO R 640 

Thermal imager 
Uncooled VOx 

Microbolometer 

Sensor resolution 640 × 512 

Lens field of view 19 mm; 32° × 26° 

Spectral frame 7.5 - 13.5 μm 

Full frame rates 30 Hz (NTSC); 25 Hz (PAL) 

Exportable frame 
rates 7.5 Hz (NTSC); 8.3 Hz (PAL) 

Measurement 
accuracy 5% of reading 
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Table 4. Technical specifications of UAV multispectral sensor. 

RedEdge-M 

Spectral bands and wavelength 

blue (475 nm center, 20 nm bandwidth) 

green (560 nm center, 20 nm bandwidth) 

red (668 nm center, 10 nm bandwidth) 

red edge (717 nm center, 10 nm bandwidth) 

NIR (840 nm center, 40 nm bandwidth) 

RGB color output Global shutter, aligned with all bands 

Ground Sample Distance (GSD) 8 cm per pixel (per band) at 120 m 

Capture Rate 1 capture per second (all bands), 12-bit RAW 

Field of view 47.2° HFOV 

 

4.3 Ground measurements 

Ground measurements were conducted at the same time as the airborne data acquisition 

campaigns and included mid-day stem water potential using pressure chamber and 

proximal thermal imaging.  Figure 10 shows the different locations where the 

measurements were taking place.  In order to ensure spatial precision, each of the 

measurements was conducted in a known distance from the beginning of the row and its 

coordinates were registered using a GPS. 

4.3.1 Mid-day stem water potential measurements 

Mid-day stem water potential (Ψstem) was measured using a pressure chamber (Figure 7), 

model 3000F01 (Soil moisture Equipment Corp, Santa Barbara, CA, USA).  Ψstem 

measurements provide information on the whole plant transpiration and root/soil 

hydraulic system (Chone et al., 2001; Williams et al., 2012).  The measurements were 

conducted on three non- transpiring leaves (isolated by aluminum foil and nylon bag 

wrapping) per treatment (Figure 8).  
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Figure 7. The pressure chamber. Mid-day stem water potential (Ψstem) was measured at the 

same time as the airborne data acquisition campaigns, using a pressure chamber model 3000F01 

pressure chamber. Ψstem measurements provide information on the whole plant transpiration and 

root/soil hydraulic system (photo: Alon Zuta). 

 

 

Figure 8. Non-transpiring leaves. The Ψstem measurements were conducted on three non- 

transpiring leaves (isolated by aluminium foil and nylon bag wrapping) per treatment. (photo: 

Alon Zuta). 

 

4.3.2 Proximal thermal imaging measurements 

Proximal thermal images were taken during the airborne data acquisition campaigns to 

support the results obtained from the UAV and physiological measurements (Matese et 

al., 2018; Reshef et al., 2017) and were taken during the time of the UAV campaigns of 

August 22 and September 19.  Infrared images were taken using an infrared thermal 

imaging camera (InfRec R500Pro, Nippon Avionics Co. Ltd., Tokyo, Japan) with a 
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resolution of 640×480 pixels and a temperature accuracy of ±1 °C, operating in the 8–14 

µm waveband range, and equipped with an red, green and blue (RGB) acquisition 

imaging system.  Images were taken at a distance of 1.5 m from the west and east facing 

sides of the canopy at the same locations of the stem water potential (Ψstem) 

measurements.  Canopy emissivity was set at 0.98 as reported by Jones and Vaughan, 

(2010). Wet reference (Twet) leaves were sprayed with water on both sides and dry 

reference leaves (Tdry) covered in petroleum jelly (Vaseline) on both sides to prevent 

transpiration as described by Jones, (1999 a) (Figure 9).  The reference surfaces leaves 

were present in every image in order to exclude non-leaf material pixels during analyzing. 

Due to technical difficulties, the proximal thermal images of September 19 were taken 

only for the Ehrenfels vineyard.  A radiometric calibration was periodically conducted in 

the laboratory using a blackbody.  Additionally, ambient calibration which calculates 

compensation value on present ambient temperature, ambient humidity and distance was 

conducted in field. 

 

Figure 9. Reference surfaces for the proximal sensing. Left: reference surfaces for the proximal 

sensing measurements. Right: The references surfaces viewed by the thermal camera. (photo: 

Alon Zuta). The wet reference (Twet) leaves (lower position on the stick) were sprayed with water 

on both sides and dry reference (Tdry) leaves (upper position on the stick) were covered in 

petroleum jelly (Vaseline) on both sides to prevent transpiration. The reference surfaces were 

used during the analysing process as threshold values to exclude non-leaf material pixels such as 

soil or sky. 
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Figure 10. Location of ground measurements. The Figure shows the locations of the ground 

measurements (mid-day water potential and proximal thermal imaging) for the four 

measurement sessions. 

 

4.3.3 Weather data 

Weather data by intervals of 15 minutes (temperature, relative humidity, wind speed, 

wind direction, precipitation and global radiation) were acquired by the Ehrenfels weather 

station which is located on the southeastern corner of the Ehrenfels vineyard (Hochschule 

Geisenheim). 
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4.4 Airborne thermal data analysing 

4.4.1 Initial data processing 

Tleaf data in absolute temperature (Co) were calculated from the thermal camera’s digital 

number (DN) using an empirical line correction.  The thermal imagery represents at-

sensor radiance.  Conversion was carried out during the flight campaigns using panels at 

known temperature as reference.  The thermal images acquired by the UAV were 

mosaicked using Agisoft Photoscan Professional software (Agisoft LLC, St. Petersburg, 

Russia) which is capable of automatically going through sets of images, identifying 

features and aligned the images.  The software is capable, as well, to generate and 

visualize a dense point cloud model. Based on the UAV positions from the GPS, the 

program calculates depth information for each pixel to be combined into a single dense 

3D point cloud (Agisoft, 2019; Delgado Vera et al., 2017).  

4.4.2 Grapevine pixel extraction 

The 3D output from the Agisoft software allowed to develop a filtering procedure of the 

pure row pixels by subtracting known digital terrain model (DTM) from the resulting 

digital surface model (DSM) and later discriminating non grapevines by the global 

thresholding algorithm.  

4.4.3 Cover crop pixel extraction 

The same process described in section 4.4.2 was used to discriminate the grapevine’s 

pixels. From the resulting image, the cover crop’s pixels were extracted in two step 

process: The first step consisted of calculating normalized difference vegetation index 

(NDVI) which is a structural vegetation index utilized for the production of vigor maps 

(Matese et al., 2015) using the thermal and multispectral data bands obtained by the UAV.  

The NDVI was calculated as according to Rouse et al., (1973) as follows:  

 

Eq. 1:                                                      

where near infrared (NIR) and red are the reflectance values in those respective bands of 

the electromagnetic spectrum (Hall et al., 2008).  In the second step, in order to separate 

cover crop pixels from bare soil pixels, the bare soil pixels were discriminated through 



 

23 
 

setting a threshold value based on the values described in Montandon and Small, (2007) 

and comparison of the results to ground images of the cover crop which were taken for 

each row.  

4.4.4 Thermal indices calculations  

Both the crop water stress index (CWSI) and the stomatal conductance index (Ig) indices 

requires two baselines: a non-water stressed (Twet) which represents a fully watered crop 

and a maximum water stressed (Tdry) which corresponds to a non-transpiring crop 

(Poblete Echeverría et al, 2017).   For that purpose, a wet and dry 2 x 1 m polyester mesh 

surfaces (Figure 11) were placed in the experiment site during the UAV campaigns 

(Jones, 1999 b; Meron et al., 2013).  The reference surface temperature was monitored 

using SI-111SS precision infrared radiometer (APOGEE Electronics, Santa Monica, CA, 

USA) connected to a CR300 data logger (Campbell Scientific INC, Logan, UT, USA).  

Due to failure of the wet surface to reach low enough temperature, only the values of the 

dry surface were used.  The Twet values were computed as the pixels with minimum value 

extracted within the studied vineyard on pure canopy pixels for grapevine-based analyses 

and pure cover crop for cover crop-based analyses as described at Alchanatis et al, (2010) 

and Baluja et al, (2012). 

 

Figure 11. The reference surface temperature system. The 2X1m polyester mesh surfaces are 

monitored by a SI-111SS precision infrared radiometer connected to a CR300 data logger in order 

to provide minimum and maximum threshold temperatures for the analyses (photo: Alon Zuta). 

 



 

24 
 

Leaf radiometric temperature values acquired in the thermal infrared spectral region were 

used to calculate two thermal indices which are widely used as water status indicators: 

the crop water stress index (CWSI) (Idso et al., 1981) and the stomatal conductance index 

(Ig) (Jones, 1999a) as follows:  

Eq. 2:                                   CWSI = (Tcanopy – Twet) / (Tdry - Twet)  

Eq. 3:                                    Ig = (Tdry – Tcanopy) / (Tcanopy -Twet)  

Where Tcanopy (°C) is the canopy temperature obtained from the thermal images, and Twet 

(°C) and Tdry (°C) are the lower and upper boundary reference temperature values, 

corresponding to a fully transpiring leaf with open stomata and non-transpiring leaf with 

closed stomata, respectively.  The indices calculation was performed using ArcGIS 10.5.1 

software (ESRI, Redlands, CA, USA).  

 

4.4.5 Spatial interpolation 

For each of the indices, an interpolated map was created in ArcGIS 10.5.1 software by 

using the following methods: Inverse Distance Weighting (IDW), Kriging, Local 

Polynomial, and Spline.   

The inverse distance weighting or inverse distance weighted (IDW) method estimates the 

values of unsampled points based on a linear combination of values of the sampled points 

weighted by an inverse function of the distance from the point of interest to the sampled 

points. The assumption is that the values of the sampled points closer to the unsampled 

point are more similar to it than those further away (Li and Heap, 2008; Mitas and 

Mitasova, 2005; Setianto and Triandini, 2013) and is as follows: 

 

Eq. 4:                
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Where:  

Z0 = The estimation value of variable z in point I. 

zi = The sample value in point I. 

di = The distance of sample point to estimated point. 

N = The coefficient that determines weigh based on a distance. 

n = The total number of predictions for each validation case. 

 

Kriging, similar to IDW, weights the surrounding sample points to predict values for the 

unsampled locations but unlike IDW where the weights depend only on the distance, the 

weights also depend on the spatial relationships among the sampled points (Mitas and 

Mitasova, 2005; Setianto and Triandini, 2013): 

 

Eq. 5: 

 

Where: 

Z(si) = the sampled value at the ith location. 

λi = an unknown weight for the sampled value at the ith location. 

s0 = the prediction location. 

n = the number of measured values. 

Local Polynomial interpolation computes a variety of polynomial equations to create a 

smooth surface that fits the neighbouring sampled points.  The user can specify the 

neighbourhood’s shape and number of points (ESRI, 2019 a).   
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Spline interpolation is a piecewise polynomial function which minimizes overall surface 

curvature, resulting in a smooth surface that passes exactly through the input points 

(Naoum and Tsanis, 2004). 

 

4.4.6 Cross-validation 

Evaluation of the resulting interpolated surfaces was conducted using cross-validation 

method available on ArcGIS.  Cross-validation is a method of measuring the validity of 

the predictive ability of a model.  It evaluates the output surfaces and produces error 

statistics describing the accuracy (Widman.T, 2011).  It operates by removing each 

sampled point at a time and predicts the associated data value based on the rest of the 

sampled data and compares the measured values and predicted values.  The procedure is 

repeated for all sampled points (Esri, 2019 b).   The prediction errors for each interpolated 

surface was calculated based on the following Mean Error (ME) and Root Mean Square 

Error (RMSE) formulas (Zandi et al., 2011; Yao et al., 2013) as follows: 

 

Eq. 6: 

 

Eq. 7: 

 

Where:  

Zˆ(si ) = The interpolated (prediction) value. 

z(si ) = The measured actual value. 

n = The number of validating points. 
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4.5. Proximal thermal imaging analysing 

The proximal thermal images were analysed using a designated software (InfReC 

Analyzer Professional NS9500Pro).  The reference surfaces were used during the 

analysing process as threshold values to exclude non-leaf material pixels such as soil or 

sky (Jones et al., 2002; Stoll and Jones, 2007).  The temperature of each reference surface 

was calculated by aggregating and averaging the pixels within the polygons of each 

reference surface.  The resulting values were used as threshold values in order to eliminate 

non-leaf material based on the assumption that any pixel value that was below or above 

the threshold values did not represent leaf material.  The pixels of the image that did not 

fall between the reference values were eliminated and the remaining were aggregated and 

averaged to represent the overall temperature of the canopy (Figure. 12). 

 

Figure 12. The process of removal of non-leaf material pixels. Image a. presents the grapevine 

canopy and the dry and wet reference surfaces. Image b. presents the grapevine canopy and the 

reference surfaces as perceived by the thermal camera. The temperatures of the reference surfaces 

were calculated by averaging the values of the pixels within the polygons of each reference 

surface. The resulting values were used as threshold values in order to eliminate non-leaf material 

based on the assumption that any pixel value that was below or above the threshold values did not 

represent leaf material. The result of the elimination process is seen in image c. 
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4.6 Comparison between ground measurements and interpolated surfaces 

The values of the interpolated surfaces corresponding to the locations of the ground 

measurements were obtained using the Extract Values to Points tool of ArcGIS 

(Figure13) which extracts the cell values of a raster based on a set of point features and 

records the values in the attribute table.  

 

Figure 13. A graphic representation of Extract Values to Points tool. The locations of the 

ground measurements are placed on top of the interpolated surfaces. The pixel values of the 

different surfaces for each location are extracted into a table enabling the comparison between 

the ground measurement results and the interpolated surfaces through the calculation of the 

coefficient of determination. 
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5. Results 

Figure 14 provides a visual description of the stages of producing interpolated surfaces. 

Figure14a shows the pixels captured by the UAV (marked green). Figure 14b shows the 

temperatures values for each of the pixels. Figures 14c and 14d show the interpolated 

surfaces for the CWSI and the Ig indices respectively.  The resulting pattern of high-low 

values is similar to the pattern of irrigated and non irrigated regions of Figure 5.  Table 5 

shows the number of captured pixels for the grapevine canopy and the cover crop for each 

vineyard and measuring date and their percentage out of the total number of captured 

pixels (cover crop + grapevine) for the corresponding vineyard and date.  It is noticeable 

that the number of captured cover crop pixels is, considerably, larger relatively to the 

number of captured grapevine pixels aside for the Burgweg measurements of September 

and August where the amount of grapevine canopy pixels is larger (marked yellow).  

Table 6 displays the results of the mid-day water stem (Ψstem) measurements obtained 

from the pressure chamber. Table 7 displays the results of the proximal thermal imaging 

after analyzed using the InfReC Analyzer software as described in section 4.5. 

 

Table 5. Number of captured pixels. The table shows the number of captured pixels for the 

grapevine canopy and the cover crop for each vineyard and measurement date and their 

percentage out of the total number of captured pixels (cover crop + grapevine) for the 

corresponding vineyard and date.  

Date Vineyard Number 
of cover 

crop 
pixels 

Number 
of 

grapevine 
pixels 

% of cover 
crop pixels 
out of the 

total 

% of 
grapevine 

pixels out of 
the total 

22-Jul Bu 927,249 150,225 86.06 13.94 

Ef 1,240,869 90,085 93.23 6.77 

25-Jul Bu 592,589 163,082 78.42 21.58 

Ef 1,292,708 60,664 95.52 4.48 

22-Aug Bu 380,908 489,852 43.74 56.26 

Ef 1,007,425 126,112 88.87 11.13 

19-Sep Bu 308,508 418,909 42.41 57.59 

Ef 889,959 301,521 74.69 25.31 
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Figure 14. The processing of the UAV data. Figure 14a shows the pixels captured by the 

UAV system (marked green). Each pixel encompasses temperature value (figure 14b) which can 

be converted and interpolated to produce water status map of the entire vineyard. Figure 14c 

shows CWSI-based interpolated surface and figure 14d shows Ig-based interpolated surface. 
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Table 6. Results of the mid-day stem water potential measurements (Ψstem). The 

measurements were obtained using a pressure chamber.  Ψstem measurements provide information 

on the whole plant transpiration and root/soil hydraulic system. 

Date Vineyard result (bar) 

22_07 BU 6.17 

BU 10.3 

Ef 6.88 

Ef 8.42 

25_07 BU 6.75 

BU 10.27 

Ef 7.32 

Ef 9.92 

22_08 BU 15.06 

BU 6.2 

BU 13.33 

BU 4.33 

Ef 12.4 

Ef 11.8 

Ef 11.6 

Ef 15 

Ef 15.6 

Ef 16.4 

19_09 BU 22.2 

BU 19.5 

Ef 21.13 

Ef 17.7 

Ef 20.65 
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Table 7. Results of the proximal thermal imaging. The values were obtained by analyzing the 

thermal images in the InfReC Analyzer Professional NS9500Pro software (as described in 

section 4.5).  For each of the measurements the following values are displayed: the wet 

reference surface temperature (Twet), the dry surface temperature (Tdry), and the canopy of the 

canopy at the measured location (Tcanopy). 

Date Vineyard Twet Tdry Tcanopy 

22/08 BU 21.52 29.43 29.12 

BU 21.35 28.42 27.08 

BU 19.16 27.57 23.57 

BU 20.16 28.45 24.28 

BU 18.02 29.36 25.81 

BU 19.03 29.46 27.32 

BU 15.90 25.79 22.93 

Eh 22.81 30.04 25.84 

Eh 21.11 30.33 26.19 

Eh 21.52 28.98 26.66 

Eh 20.31 29.19 25.64 

Eh 21.02 30.37 24.96 

Eh 21.69 30.59 27.16 

19/09 Eh 13.29 24.71 19.00 

Eh 13.29 21.05 18.46 

Eh 11.69 21.75 17.57 

 

 

5.1 Cross validation 

The interpolated surfaces for each vineyard and date (for example, Burgweg July 22) were 

evaluated and compared based on their RMSE and ME results of the cross-validation 

analyzes similar to method described in Ohmer et al., 2017.  Both the RMSE and the ME 

were assigned a rank value ranging from 1 to 16 since there are 16 interpolated surfaces 

for each vineyard-date combination.  The smaller the error value, the lower the ranking 

value.  The final ranking value was obtained by averaging the individual ranking values 

obtained for the RMSE and ME and, once more, re-ranking the results where the lower 
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the value, the better is the interpolated surface.  The interpolated surfaces which achieved 

the lowest ranking value are considered to be the most fitting for their vineyard-date 

combination and are presented in table 8.  All interpolated surfaces with their RMSE, ME 

and final ranking are presented in appendix 1, tables 1.1 -1.8. 

 

Table 8. The best ranked interpolated surfaces based on the cross-validation results. The 

table shows the best interpolated surface for each vineyard-date combination. The interpolated 

surfaces were chosen based on the combined ranking of their ME and RMSE values.  

Best Ranked Interpolated Surfaces Based on Cross-Validation Analyses 

Date Vineyard Interpolated Surface ME RMSE Number of observations 

22-Jul Bu Cover-CWSI-Local Polynomial 0.00018 0.027389 927,249 

22-Jul Ef Cover-CWSI- Kriging 0.000272 0.000272 1,240,869 

25-Jul Bu Cover-CWSI-Spline 0.0000934 0.016345 592,589 

25-Jul Ef Cover-CWSI- Kriging 0.000133 0.042935 1,292,708 

22-Aug Bu Vine-CWSI- Kriging 0.000413 0.024938 489,852 

22-Aug Ef Cover-CWSI-Local Polynomial 0.00054 0.028361 1,007,425 

19-Sep Bu Cover-CWSI-Spline 0.0000388 0.014367 308,508 

19-Sep Ef Cover-CWSI-Spline 0.00019 0.014722 889,959 

 

The results presented in table 8 show definite preference for cover crop and CWSI based 

interpolations.  Seven out of eight of the highest ranked interpolated surfaces are cover 

crop based with only Burgweg, August 19 favoring grapevine based, and all are CWSI 

based.  The table, as well, show a miscellany of interpolation algorithms which varies 

both spatially (between the two vineyards) and temporarily (between the different 

measurement dates). 

 

5.2 Ground measurements  

The interpolated surfaces were evaluated based on linear correlation and regression 

between them and the ground measurements data.  The ranking of the interpolated 

surfaces is based on the coefficient of determination (R2) of this relationship.  The 

interpolated surfaces which received the highest R2 values are considered to be the most 

fitting for their vineyard-date combination and are presented in tables 9 (correlation with 

Ψstem) and 10 (correlation with proximal thermal imaging).  All interpolated surfaces with 
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their corresponding R2 are presented in appendix 2, tables 2.1 -2.8 for the correlation with 

Ψstem and in appendix 3, tables 3.1-3.3 for the correlation with proximal thermal imaging. 

Due to the low number of collected points, the measurements of July 22 and 25 were 

converged into one dataset.  This was decided to be feasible due to the proximity of the 

dates and similar weather conditions.   

 

Table 9. The best ranked interpolated surfaces based on the Ψstem comparison. The table 

shows the best interpolated surface for each vineyard-date combination. The interpolated surfaces 

were chosen based on the coefficient of determination (R2) results for the relationship between 

the mid-day water potential values (Ψstem) and the corresponding interpolated method which 

achieved by the extract values to point procedure.  

Best Ranked Mid-day Ψstem -Interpolation Comparison 

Date Vineyard Interpolated Surface R2 

July Bu Cover-Ig-Spline 0.967 

July Ef Cover-Ig-IDW 0.679 

22-Aug Bu Vine-Ig-Local Polynomial 0.881 

22-Aug Ef Vine-Ig-IDW 0.895 

19-Sep Bu Vine-CWSI-IDW 0.967 

19-Sep Ef Vine-Ig-IDW 0.998 
 

Table 10. The best ranked interpolated surfaces based on the proximal thermal imaging 

comparison. The table shows the best interpolated surface for each vineyard-date combination. 

The interpolated surfaces were chosen based on the coefficient of determination (R2) results for 

the relationship between the proximal thermal imaging and the corresponding interpolated 

method which achieved by the extract values to point procedure.  

Best Ranked Proximal Sensitivity-Interpolation Comparisons 

Date Vineyard Interpolated Surface R2 

22-Aug Bu Vine-Ig-Local Polynomial 0.702 

22-Aug Ef Cover-Ig-Local Polynomial 0.997 

19-Sep Ef Cover-Ig-Spline 0.999 

 

Both the Ψstem and the proximal thermal imaging comparisons show preference to Ig-

based methods.  Five out of the six Ψstem to interpolation comparison summary results are 

Ig based and only one is CWSI based.  All three proximal thermal imaging to interpolation 

comparison summary results are Ig based.  The Ψstem to interpolation summary results 

show that the highest ranked interpolated surfaces for the July measurements are cover 

crop-based for both vineyards while the highest ranked interpolated surfaces for the 

August and September measurements are grapevine-based for both vineyards.  The 
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proximal thermal imaging to interpolation results show that two out of three favor cover 

crop-based interpolation.  The results, both for Ψstem and proximal thermal imaging 

exhibit miscellany of interpolation algorithms which varies both spatially (between the 

two vineyards) and temporarily (between the different measurement dates). 
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6. Discussion 

6.1 Comparison of interpolation methods 

The performance of an interpolation algorithm depends on the nature and quality of the 

data including factors such as sample density, sample spatial distribution, sample 

clustering, surface type, data variance, data normality, resolution, and the interactions 

between the factors (Li and Heap, 2011).  Different interpolation methods are data and 

variable specific (Li and Heap, 2008) and act differently with different input.  Therefore, 

under various circumstances, the same methods will operate in different levels of success.   

The results show that there is no single interpolation method that fits both vineyards, both 

crop type (cover and grapevine) and all measurement dates.  A striking observation is the 

difference in results between the two vineyards.  Even though Burgweg and Ehrenfel are 

located in great proximity (less than 15 meters), share the same type of grapevine and 

same row orientation towards the sun, their slight changes in setup such as row width and 

planting density (table 2) led to different resulted interpolated surfaces. 

A second observation is the difference in results between the different measurement dates.  

As the airborne thermal data collection is based on radiation emitted from the leaves, 

changes in density, distribution and surface area affect the quality of the data.  Therefore, 

the changes in the number of captured pixels noted in table 5 resulted in different 

interpolation surfaces showing different fitness levels for the measurement dates.  These 

changes can be attributed to the development of the grapevine canopy and changes in 

extant of the cover crop during the growing season (Munitz et al., 2016 a; Munitz et al., 

2016 b; Skrotch and Shribbs, 1986). 

6.2 Comparison of indices 

The comparisons between the interpolated surfaces and the ground measurements exhibit 

preference of Ig-based interpolation surfaces which corresponds to the assumption that Ig 

index is more suitable to the climate of the Rheingau region.  The results of the cross 

validation, on the other hand, show preference of CWSI-based interpolation surfaces.  The 

preference of CWSI over Ig in the cross-validation results can be attributed to the range 

of potential values rather than the suitability of the indices.  CWSI has definite 

possibilities of values that can only range from 0 (no water stress) to 1 (maximum water 
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stress) while the Ig index is proportional to stomatal conductance and, theoretically, has 

an infinite set of potential values (Idso et al., 1981; Jones, 1999a).   Although in the current 

research project, a threshold was set in a way that interpolated values cannot exceed the 

min and max values of Tdry and Twet, the range of values of Ig-based interpolation was, 

still, considerably bigger than that of CWSI-based interpolation. 

6.3 Comparison of crop type 

As sample size and distribution increases accuracy (Kravchenko, 2003; Widman, 2011), 

cover crop-based methods show an advantage in the cross-validation analyses due to their 

large number of captured pixels relatively to the grapevine canopy.  The single 

interpolated surface – proximal thermal imaging comparison which favors grapevine 

(Burgweg, August) can be attributed to the lower number of cover crop pixels and the 

higher number of grapevine canopy pixels for the Burgweg vineyard for that measuring 

date (table 5). 

The Ψstem to interpolation summary results show that the best ranked interpolated 

surfaces for the July measurements are cover crop-based for both vineyards while the best 

ranked interpolated surfaces for the August and September measurements are grapevine-

based for both vineyards.  This can be the result of a fault in the Ψstem procedure which 

is further discussed in section 6.5. 

6.4 Suitability of cover crop-based interpolation for other types of environments 

Grapevines and cover crops compete over resources including soil moisture (Celette et 

al, 2008).  Cover crops begin to take up water before grapevine budbreak and can dry out 

the surrounding soil compartment before grapevine plants can sufficiently uptake water. 

This leads to the grapevine modifying its rooting structure and exploring deeper soil 

layers, resulting in different soil zones being exploited by the different species and limits 

the competition (Morlat and Jacquet, 2003).  This phenomenon is possible in deep soils 

vineyards.  As the current research project was conducted in steep sloped vineyards 

characterized by shallow stony soils less than 1.5 m in depth (Hofmann et al., 2014), the 

root distribution was limited.  It is evident by the findings of this research project that 

both the cover crop and the grapevines were affected by the water distribution in a similar 

way.  As such, use of cover crop as an indicator of water stress is a viable option for 
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monitoring water status in vineyards.  However, further research would be beneficial to 

determine if use of cover crops could be performed for water stress analysis in vineyards 

with deeper soil layers such as those in flat regions.   

6.5 Ground measurements limitation 

Although the current research highlighted the importance in defining a suitable 

interpolation method, the main limitation of this research study is its reliance on ground 

measurements for validation.  Both stem water potential and ground based thermal 

imaging which are used to validate the data gathered by the UAV are highly time-

consuming methods resulting in small sample size, especially as they have to be 

conducted during the same timeframe as the airborne images are being taken.  Stem water 

potential measurement using pressure chamber is, significantly, slow procedure which 

yields small sample size as it can only sample one leaf per measurement.  Additionally, 

its accuracy is greatly affected by the operator, especially when determining the endpoint 

(Levin, 2019; Suter et al, 2019), potentially, leading to inaccurate measurements.  

Proximal thermal imaging has a few advantages over pressure chamber measurements as 

it less susceptible to operator error and can capture larger volume of data over larger 

sections of the canopy. 

6.6 The use of reference surfaces for proximal thermal imagery 

The design of a threshold values method which can be both accurate and easily 

computed during the aerial thermal imagery acquisition is a complexed task as the 

choice of reference may affect the value of the mean temperature and the frequency 

distribution of temperatures obtained (Jones et al, 2002).   

The use of wet and dry reference surfaces as thresholds to determine limits of the 

canopy temperature distribution was proposed by Jones 1999a which also concluded 

that real leaves (either sprayed with water or covered in petroleum jelly) provided the 

best references because of their similar properties to the canopy being studied. 

A major limitation of the use of references surfaces is that in cases where the stomata is 

very open or very closed, the temperature of the canopy might be similar to the 

temperature of the reference surface leading to the exclusion of canopy pixels (Leinonen 

and Jones, 2004). 
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Additional limitation is that the non-leaf objects such as stems or ground that their 

temperature range falls between the references might be included in the analysing 

(Leinonen and Jones, 2004).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

41 
 

7. Conclusion 

The aim of the current research project was to evaluate different aspects of mapping water 

stress in vineyards using the technique of airborne thermal Imaging.  The study 

demonstrated the advantages of using cover crop data over grapevine based airborne 

thermal data for assessing the vineyard water stress in steep slope vineyards.  

Additionally, the current study demonstrated how temporal and spatial changes affect the 

distribution of sample points and as result, influence the suitability of different 

interpolation algorithms.  Consequently, the importance of selecting the most appropriate 

interpolation algorithm has been shown to be of upmost importance in mapping of water 

stress for agricultural crops.  Finally, it was established that the Jones stomatal 

conductance index (Ig) is more suitable than the crop water stress index (CWSI) for 

mapping water stress index in regions with climatic variability and high humidity such as 

the Rheingau, Germany. 

The current study highlighted several important considerations and implications in 

measuring and mapping the spatial and temporal crop water stress in vineyards which 

will assist future research on further development of the technique. 

The combination of thermal sensors and unmanned aerial vehicles technologies provides 

an opportunity for monitoring water stress in crop fields and a method to improve 

irrigation management.  The rapid improvement of these technologies, the considerable 

reduction in cost, and the evolvement of open source electronic community have the 

potential to enable this tool to be available for use for any winegrowers and, consequently, 

lead to both reduction in irrigation costs and more sustainable use of water which is a 

vital necessity in the current context of climate change and water scarcity.  With that, 

further studies should be conducted on the cost effectiveness of thermal-based irrigation 

management in commercial scales. 
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Appendix 1: cross validation results 

Each table provides the following information: the ME and RMSE values for each 

interpolation method and a rank value which is the product of averaging the rank values 

given to the ME and RMSE.  The lower the value of the ME or the RMSE, the lower the 

ranking value it received, i.e. 1 is the best possible value.   

1.1 Cross-validation results for the Burgweg vineyard for the July 22 session. Number of 

observations: cover crop:  927,249, grapevine: 150,225. 
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1.2 Cross-validation results for the Burgweg vineyard for the July 25 session. Number of 

observations: cover crop:  592,589, grapevine: 163,082. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Crop Type Index Interpolation ME RMSE Rank Value

Cover CWSI Spline 9.43E-05 0.016345 1

Cover CWSI Local Polynomial 0.000354 0.021064 2

Cover CWSI  Kriging 0.000151 0.031923 2

Vine CWSI  Kriging 0.001308 0.04145 3

Vine CWSI Spline 0.002374 0.055695 4

Cover CWSI IDW 0.001757 0.05972 4

Vine CWSI Local Polynomial 0.00425 0.041765 5

Vine CWSI IDW 0.004803 0.081106 6

Cover Ig Spline 0.003824 0.262723 6

Cover Ig  Kriging 0.002793 0.279831 7

Cover Ig Local Polynomial 0.005246 0.199863 8

Vine Ig Spline 0.005303 0.250742 9

Vine Ig  Kriging 0.004433 0.304133 10

Vine Ig Local Polynomial 0.014191 0.268198 11

Vine Ig IDW 0.018288 0.449705 12

Cover Ig IDW 0.019882 0.520869 13

Burgweg 25_07
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1.3 Cross-validation results for the Burgweg vineyard for the August 22 session. Number 

of observations: cover crop:  380,908, grapevine: 489,852. 

 

 

1.4 Cross-validation results for the Burgweg vineyard for the September 19 session. Number of 

observations: cover crop:  308,508, grapevine: 418,909. 

 

 

Crop Type Index Interpolation ME RMSE Rank Value

Vine CWSI  Kriging 0.000413 0.024938 1

Cover CWSI Local Polynomial 0.00018 0.027389 2

Cover CWSI Spline 0.000467 0.030739 3

Vine CWSI Local Polynomial 0.002112 0.025504 4

Cover CWSI  Kriging 0.000646 0.047471 4

Vine CWSI Spline 0.001264 0.03564 5

Cover CWSI IDW 0.001008 0.070445 6

Vine CWSI IDW 0.003185 0.068087 7

Cover Ig Local Polynomial 0.004042 0.201146 8

Cover Ig Spline 0.00429 0.331041 9

Vine Ig  Kriging 0.001342 1.807545 10

Cover Ig IDW 0.012263 0.534819 11

Vine Ig Local Polynomial 0.011645 1.75055 11

Vine Ig Spline 0.004322 1.784375 11

Cover Ig  Kriging 0.096179 0.364923 12

Vine Ig IDW 0.020477 1.88187 13

Burgweg 22_08

Crop Type Index Interpolation ME RMSE Rank Value

Cover CWSI Spline 3.88E-05 0.014367 1

Cover CWSI Local Polynomial 0.000217 0.017071 2

Vine CWSI  Kriging 0.001485 0.042865 3

Cover CWSI IDW 0.001302 0.053916 4

Vine CWSI Local Polynomial 0.006163 0.044658 5

Vine CWSI Spline 0.003846 0.060245 5

Cover CWSI  Kriging 1.91E-05 0.657315 5

Vine Ig  Kriging 0.002349 0.196353 6

Cover Ig Spline 0.000862 0.304553 6

Vine CWSI IDW 0.009088 0.104389 7

Cover Ig  Kriging 0.000195 3.317548 7

Cover Ig Local Polynomial 0.003969 0.344115 8

Vine Ig Local Polynomial 0.018392 0.214813 9

Vine Ig Spline 0.012498 0.254125 9

Vine Ig IDW 0.034333 0.480662 10

Cover Ig IDW 0.02137 0.936896 11

Burgweg 19_09
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1.5 Cross-validation results for the Ehrenfels vineyard for the July 22 session. Number of 

observations: cover crop:  1,240,869, grapevine: 90,085. 

 

 

1.6 Cross-validation results for the Ehrenfels vineyard for the July 25 session. Number of 

observations: cover crop:  1,292,708, grapevine: 60,664. 

 

 

 

 

Crop Type Index Interpolation ME RMSE Rank Value

Cover CWSI  Kriging 0.000272 0.000272 1

Cover CWSI Spline 0.000505 0.026242 2

Vine CWSI Spline 0.001165 0.041536 3

Cover CWSI Local Polynomial 0.001324 0.026634 4

Vine CWSI  Kriging 0.000993 0.052746 4

Cover Ig Spline 0.001172 0.329049 5

Cover CWSI IDW 0.001892 0.062869 6

Vine CWSI Local Polynomial 0.00411 0.044447 7

Vine Ig Spline 0.002501 0.354833 8

Vine CWSI IDW 0.00501 0.079491 9

Cover Ig  Kriging 0.001658 0.619768 10

Vine Ig  Kriging 0.004049 0.495264 11

Vine Ig Local Polynomial 0.008841 0.371131 12

Cover Ig Local Polynomial 0.005162 0.372268 12

Cover Ig IDW 0.003872 0.740126 12

Vine Ig IDW 0.014109 0.513276 13

 Ehrenfels  22_07

Crop Type Index Interpolation ME RMSE Rank Value

Cover CWSI  Kriging 0.000133 0.042935 1

Cover CWSI Spline 0.001256 0.035127 2

Cover CWSI Local Polynomial 0.002961 0.026407 3

Vine CWSI Spline 0.001936 0.057345 4

Vine CWSI  Kriging 0.000707 0.084011 5

Cover CWSI IDW 0.002091 0.061303 6

Vine CWSI Local Polynomial 0.003906 0.06089 7

Vine CWSI IDW 0.00358 0.080157 8

Cover Ig  Kriging 0.001343 0.382215 8

Vine Ig Spline 0.003157 0.269059 9

Cover Ig Spline 0.005047 0.247346 10

Cover Ig Local Polynomial 0.010309 0.173242 11

Vine Ig  Kriging 0.004625 0.458307 12

Vine Ig IDW 0.009197 0.418595 13

Cover Ig IDW 0.006871 0.456929 13

Vine Ig Local Polynomial 14.15284 3471.89 14

 Ehrenfels  25_07
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1.7 Cross-validation results for the Ehrenfels vineyard for the August 22 session. Number of 

observations: cover crop:  1,007,425, grapevine: 126,112. 

 

 

1.8 Cross-validation results for the Ehrenfels vineyard for the September 19 session. Number of 

observations: cover crop:  889,959, grapevine: 301,521. 

 

 

 

Crop Type Index Interpolation ME RMSE Rank Value

Cover CWSI Local Polynomial 0.00054 0.028361 1

Cover CWSI Spline 0.000656 0.03935 2

Cover CWSI IDW 0.000773 0.060166 3

Vine CWSI Local Polynomial 0.0055 0.039076 4

Vine CWSI Spline 0.002792 0.054577 4

Cover CWSI  Kriging 0.001942 0.078466 5

Cover Ig Spline 0.000349 0.282598 6

Cover Ig Local Polynomial 0.000346 0.339707 7

Vine CWSI  Kriging 0.006315 0.068753 8

Vine CWSI IDW 0.006269 0.091244 9

Vine Ig Spline 0.007416 0.171699 10

Vine Ig Local Polynomial 0.014384 0.138044 11

Cover Ig IDW 0.004659 0.717472 11

Vine Ig  Kriging 0.00843 0.213293 12

Vine Ig IDW 0.017656 0.288955 13

Cover Ig  Kriging 38.1741 210.1981 14

 Ehrenfels  22_08

Crop Type Index Interpolation ME RMSE Overall Rank

Cover CWSI Spline 0.00019 0.014722 1

Cover CWSI Local Polynomial 0.00018 0.016408 1

Vine CWSI  Kriging 0.001175 0.029721 2

Cover CWSI IDW 0.000956 0.038542 3

Cover CWSI  Kriging 0.000157 0.477359 4

Vine Ig  Kriging 0.000749 0.452145 5

Vine CWSI Local Polynomial 0.008556 0.037419 6

Vine CWSI Spline 0.004475 0.0572 7

Cover Ig Local Polynomial 0.002599 0.222504 7

Vine Ig Spline 0.001695 0.422621 8

Cover Ig Spline 0.003642 0.345865 9

Cover Ig  Kriging 0.000892 0.679356 10

Vine CWSI IDW 0.014317 0.125863 11

Cover Ig IDW 0.008961 0.609818 12

Vine Ig Local Polynomial 0.016909 0.490513 13

Vine Ig IDW 0.050925 1.096671 14

 Ehrenfels  19_09
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Appendix 2: Mid-day Ψstem and interpolated surfaces comparison results 

2.1 Ψstem to interpolation comparison results for the Burgweg vineyard for the July session. 

 

2.2 Ψstem to interpolation comparison results for the Burgweg vineyard for the August session. 

 

 

 

 

 

Crop Type Index Interpolation Result

Cover Ig Spline 0.967

Cover CWSI Spline 0.957

Cover CWSI Local Polynomial 0.906

Cover CWSI Kriging 0.850

Cover CWSI IDW 0.847

Cover Ig IDW 0.845

Cover Ig Kriging 0.784

Cover Ig Local Polynomial 0.778

Vine Ig Kriging 0.716

Vine CWSI Kriging 0.708

Vine CWSI Spline 0.507

Vine CWSI Local Polynomial 0.457

Vine Ig Local Polynomial 0.327

Vine CWSI IDW 0.319

Vine Ig IDW 0.175

Vine Ig Spline 0.013

Burgweg July

Crop Type Index Interpolation Result

Vine Ig Local Polynomial 0.881

Cover Ig Local Polynomial 0.854

Cover CWSI Local Polynomial 0.854

Vine Ig Spline 0.846

Cover Ig Spline 0.835

Cover CWSI Spline 0.828

Cover Ig Kriging 0.812

Cover CWSI Kriging 0.811

Cover Ig IDW 0.770

Cover CWSI IDW 0.733

Vine Ig Kriging 0.696

Vine Ig IDW 0.695

Vine CWSI IDW 0.526

Vine CWSI Local Polynomial 0.519

Vine CWSI Spline 0.495

Vine CWSI Kriging 0.339

Burgweg August



 

57 
 

2.3 Ψstem to interpolation comparison results for the Burgweg vineyard for the September 

session. 

 

2.4 Ψstem to interpolation comparison results for the Ehrenfels vineyard for the July session. 

 

 

 

 

 

Crop Type Index Interpolation Result

Vine CWSI IDW 0.967

Cover Ig IDW 0.817

Cover Ig Kriging 0.805

Cover Ig Local Polynomial 0.801

Cover Ig Spline 0.799

Vine CWSI Local Polynomial 0.790

Vine Ig Local Polynomial 0.787

Vine CWSI Kriging 0.775

Cover CWSI IDW 0.765

Vine Ig IDW 0.757

Vine Ig Kriging 0.739

Cover CWSI Kriging 0.738

Cover CWSI Spline 0.737

Cover Ig Local Polynomial 0.666

Vine Ig Spline 0.645

Vine CWSI Spline 0.645

Burgweg September

Crop Type Index Interpolation Result

Cover Ig IDW 0.679

Cover Ig Kriging 0.638

Cover Ig Local Polynomial 0.607

Cover Ig Spline 0.543

Cover CWSI IDW 0.452

Cover CWSI Kriging 0.329

Cover CWSI Local Polynomial 0.175

Vine CWSI Kriging 0.096

Vine Ig Kriging 0.074

Vine Ig IDW 0.055

Vine Ig Local Polynomial 0.003

Cover CWSI Spline 0.003

Vine Ig Spline 0.002

Vine CWSI Local Polynomial 0.001

Vine CWSI Spline 0.001

Vine CWSI IDW 0.000

 Ehrenfels July
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2.5 Ψstem to interpolation comparison results for the Ehrenfels vineyard for the August session. 

 

2.6 Ψstem to interpolation comparison results for the Ehrenfels vineyard for the September 

session. 

 

 

 

 

Crop Type Index Interpolation Result

Vine Ig IDW 0.895

Vine CWSI IDW 0.887

Cover CWSI IDW 0.700

Cover Ig IDW 0.573

Cover CWSI Kriging 0.523

Cover Ig Kriging 0.414

Vine Ig Kriging 0.399

Vine CWSI Kriging 0.268

Vine CWSI Local Polynomial 0.130

Cover Ig Local Polynomial 0.108

Vine Ig Local Polynomial 0.081

Cover CWSI Local Polynomial 0.052

Vine Ig Spline 0.036

Vine CWSI Spline 0.018

Cover CWSI Spline 0.003

Cover Ig Spline 0.002

 Ehrenfels August

Crop Type Index Interpolation Result

Vine Ig IDW 0.998

Vine CWSI IDW 0.967

Vine CWSI Spline 0.890

Vine CWSI Local Polynomial 0.762

Cover Ig IDW 0.422

Cover CWSI IDW 0.366

Cover CWSI Local Polynomial 0.342

Vine Ig Local Polynomial 0.297

Vine Ig Spline 0.230

Vine Ig Kriging 0.220

Cover CWSI Kriging 0.168

Vine CWSI Kriging 0.143

Cover Ig Kriging 0.105

Cover Ig Spline 0.012

Cover Ig Local Polynomial 0.012

Cover CWSI Spline 0.010

 Ehrenfels September
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Appendix 3: Proximal sensitivity and interpolated surfaces comparison results 

3.1 Proximal sensitivity to interpolation comparison results for the Burgweg vineyard for 

the August session. 

 

3.2 Proximal sensitivity to interpolation comparison results for the Ehrenfels vineyard for 

the August session. 

 

 

Crop Type Index Interpolation Result

Vine Ig Local Polynomial 0.702

Cover CWSI Spline 0.680

Cover Ig Spline 0.680

Cover Ig Local Polynomial 0.656

Cover CWSI Local Polynomial 0.634

Cover CWSI Kriging 0.609

Cover Ig IDW 0.576

Vine Ig Kriging 0.556

Cover CWSI IDW 0.522

Vine Ig IDW 0.482

Vine CWSI Local Polynomial 0.473

Vine CWSI Spline 0.468

Vine CWSI Kriging 0.315

Vine CWSI IDW 0.305

Cover Ig Kriging 0.252

Vine Ig Spline 0.000

Burgweg August

Crop Type Index Interpolation Result

Cover Ig Local Polynomial 0.997

Cover CWSI Local Polynomial 0.961

Vine Ig Local Polynomial 0.770

Vine Ig Spline 0.712

Cover Ig Kriging 0.692

Vine Ig Kriging 0.681

Vine CWSI Local Polynomial 0.668

Cover CWSI Kriging 0.631

Vine Ig IDW 0.629

Vine CWSI IDW 0.609

Vine CWSI Kriging 0.565

Vine CWSI Spline 0.436

Cover Ig IDW 0.349

Cover CWSI Spline 0.257

Cover CWSI IDW 0.218

Cover Ig Spline 0.054

Ehrenfels August
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3.3Proximal sensitivity to interpolation comparison results for the Ehrenfels vineyard for 

the September session. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Crop Type Index Interpolation Result

Cover Ig Spline 0.999

Cover CWSI Spline 0.962

Cover CWSI Kriging 0.755

Cover Ig Kriging 0.721

Cover CWSI IDW 0.598

Cover CWSI Local Polynomial 0.584

Cover Ig IDW 0.509

Vine CWSI Kriging 0.362

Cover Ig Local Polynomial 0.339

Vine CWSI Local Polynomial 0.282

Vine Ig Kriging 0.212

Vine CWSI Spline 0.090

Vine Ig Local Polynomial 0.045

Vine Ig Spline 0.033

Vine CWSI IDW 0.017

Vine Ig IDW 0.001

 Ehrenfels September
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Appendix 4: Locations of the ground measurements: 

4.1 Locations of the stem water potential: 

Date Vineyard Lat Long  

22_07 BU 49.975273 7.883259 

BU 49.974998 7.884314 

Ef 49.974908 7.88327 

Ef 49.974837 7.883642 

25_07 BU 49.975271 7.883262 

BU 49.974995 7.884306 

Ef 49.974974 7.883086 

Ef 49.974891 7.883452 

22_08 BU 49.975235 7.883454 

BU 49.97519 7.883663 

BU 49.975117 7.883926 

BU 49.975019 7.884145 

Ef 49.97497 7.883242 

Ef 49.974938 7.8833 

Ef 49.974921 7.88327 

Ef 49.974863 7.883477 

Ef 49.974863 7.883447 

Ef 49.974835 7.883509 

19_09 BU 49.975367 7.883488 

BU 49.975341 7.883338 

Ef 49.97484 7.883466 

Ef 49.974831 7.883172 

Ef 49.974805 7.883725 
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4.2 Locations of the proximal thermal imaging: 

Date Vineyard Lat Long 

22/08 BU_1 49.975242 7.883473 

BU-2 49.975237 7.883452 

BU-3 49.975193 7.883662 

BU-4 49.975194 7.883688 

BU-5 49.975134 7.883916 

BU-6 49.975122 7.883924 

BU-7 49.97502 7.884148 

Eh-1 49.974945 7.883244 

Eh-3 49.974936 7.883294 

Eh-2 49.974927 7.883265 

Eh-4 49.974866 7.883444 

Eh-5 49.974866 7.883476 

Eh-6 49.974838 7.883512 

19/09 Ef-2 49.974842 7.88347 

Ef-1 49.974832 7.883174 

Ef-3 49.97481 7.883724 
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