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Preface 

The PhD thesis “Estimating crop ecophysiology: synergies between thermal, optical 
and crop height information” was conducted between December 2017 and May 2021, 
at the Department of Environmental Engineering, Technical University of Denmark 
(DTU) and during 8 months external stay at the Institute of Geographic Sciences and 
Natural Resources Research (IGSNRR), Chinese Academy of Science, in Beijing 
(China). This thesis work was supervised by the main supervisor Associate Professor 
Monica Garcia and co-supervisors Associate Professor Teis Nørgaard Mikkelsen, 
Professor Xingguo Mo and Professor Suxia Liu. This research was funded by DTU, 
the Sino-Danish Center (SDC) and the project Agricultural Water Innovations in the 
Tropics (AGWIT) from the EU call Water JPI and the Joint Programming Initiative 
on Agriculture, Food Security and Climate Change (FACCE-JPI). Additional support 
was given to conduct growth chambers by DTU in Denmark and IGSNRR in China. 

The thesis is organized in two parts: the first part puts into context the findings of the 
PhD in an introductive review; the second part consists of the papers listed below. 
These will be referred to in the text by their paper number written with the Roman 
numerals I-III. 

 

I Sobejano-Paz, V., Mikkelsen, T.N., Baum, A., Mo, X., Liu, S., Köppl, C.J., 
Johnson, M.S., Gulyas, L., García, M., 2020. Hyperspectral and thermal sensing 
of stomatal conductance, transpiration, and photosynthesis for soybean and 
maize under drought. Remote Sensing. 12(19), 3182. 

 

II Sobejano-Paz, V., Mo, X., Liu, S., Mikkelsen, T.N., Hong, L., Jin, H., García, 
M., 2021. Maize thermoregulation towards optimum temperatures can be 
explained by photosynthetic efficiency reducing heat dissipation and higher 
cooling. Manuscript. 

 

III Wang, S., Garcia, M., Bauer-Gottwein, P., Jakobsen, J., Zarco-Tejada, P.J., 
Bandini, F., Sobejano-Paz, V., Ibrom, A. 2019. High spatial resolution 
monitoring land surface energy, water and CO2 fluxes from an Unmanned Aerial 
System. Remote Sensing of Environment, 229, 14–31. 

 
In this online version of the thesis, paper I-III are not included but can be obtained 
from electronic article databases e.g. via www.orbit.dtu.dk or on request from DTU 
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Environment, Technical University of Denmark, Miljoevej, Building 113, 2800 Kgs. 
Lyngby, Denmark, info@env.dtu.dk. 

In addition, the following conference presentations and proceedings at international 
conferences not included in this thesis, were also concluded during this PhD study:  

 

• Chabrillat, S., Schmid, T., Milewski, R., Escribano, P., Garcia, M., BenDor, 
E., Guillaso, S., Pelayo, M., Reyes, A., Sobejano Paz, V. & Michavila, M. J., 
2018. Mapping Crop Variability Related to Soil Quality and Crop Stress 
Within Rainfed Mediterranean Agroecosystems Using Hyperspectral Data. 
9th Workshop on Hyperspectral Image and Signal Processing: Evolution in 
Remote Sensing (whispers). IEEE, p. 1-5. Best paper award. 

 

• Sobejano Paz, V., Wang, S., Jakobsen, J., Bauer-Gottwein, P. & Garcia, M., 
2018. Estimation of chlorophyll and LAI from an UAV in a willow forest: 
Exploring anisotropy effects. OPTIMISE Final Conference, 20-24 February 
2018, Sofia, Bulgaria. 

 

• Sobejano Paz, V., Mikkelsen, T. N., Johnson, M., Mo, X., Morillas, L., Liu, 
S., Shen, L. & Garcia, M., 2019. Hyperspectral and thermal sensing of 
stomatal conductance and photosynthesis under water stress for a C3 
(soybean) and a C4 (maize) crop. EGU General Assembly 2019, 4-12 April 
2019, Vienna, Austria.  
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Summary 

Due to climate change, increases in frequency, intensity and duration of heat waves 
and droughts have impacts on crops’ productivity, reducing yields of staple crops 
such as maize and soybean. Moreover, a foreseen increase of irrigation demands in 
agriculture requires an efficient management of already scarce water resources. 
Quantitative and real time information about crop water status can help stakeholders’ 
decision making from farm to the watershed levels. As the carbon uptake or 
photosynthesis, determining crop yields, is closely coupled to crop transpiration by 
the regulation of leaf stomata, joint management of water and carbon fluxes is 
essential. However, plants’ mechanisms to cope with water and temperature stresses 
are complex and not totally understood, which emphasizes the need to investigate 
energy balance components and photosynthesis interactions at both leaf and canopy 
levels. 

Under temperature and soil water content variations, different physiological, 
morphological, and biochemical adjustments can occur on crops depending on crop 
type, variety, structure, life history, growth stage and environmental conditions. 
Remote sensing information in the optical and thermal domains provides reflectance 
and emission at leaf and canopy levels. This can be used in data-driven or physically 
based models, to detect changes in plant physiology more efficiently and over larger 
regions compared to in situ field sensors. A promising avenue of research comes from 
the use of miniaturized hyperspectral and thermal sensors on unmanned aerial 
systems (UASs). Compared to satellites, UASs can provide information at very high 
spatial resolutions, flexible times and under cloudy conditions. 

The aim of this PhD thesis is to provide methodologies and improve our understand-
ing of crop responses to reductions in soil water content and increases in air temper-
ature, including statistical extremes, using information from sensors in the optical 
and thermal domains at leaf, canopy, and field scales. Specifically, this thesis ad-
dresses these questions: 

1. Ecophysiology:  

a. What are the drought coping strategies of soybean (C3) and maize (C4) under 
controlled conditions?  (Paper I) 

b. How does maize regulate leaf temperature in response to average and extreme 
diurnal oscillations (hot events) in air temperatures during a growing season 
in a near-field growth chamber experiment?  (Paper II) 

2. Remote sensing synergies and modelling:  
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a. What are the benefits of machine learning partial least squares regression 
(PLS-R) model to predict leaf ecophysiology compared to narrowband indi-
ces? (Paper I) 

b. Can models relying on information from remote sensing synergies (e.g. re-
flectance, thermal and crop height estimates) provide good estimates of car-
bon and water fluxes at leaf, canopy, and field scales compared to in situ sen-
sors? (Paper II and III) 

To achieve the objective, hyperspectral and thermal information from miniaturized 
remote sensors and in-situ measurements was taken under controlled environments 
and in the field. To assess maize and soybean responses to water and temperature 
changes, we conducted two experiments in the growth chambers at the Risø Environ-
mental Risk Assessment Facility (RERAF) phytotron located in Denmark and at the 
Water Trans-formation Dynamical Processes Experimental Device (WATDPED) in 
China. To assess carbon and water fluxes Under field conditions, eight flight cam-
paigns with an UAS were carried over the Danish willow bioenergy plantation eddy 
covariance site (DK-RCW). The thesis results include two main parts to answer the 
specific questions stated above. 

1. Ecophysiology: (1.a.) Under constant air temperature and relative humidity in a 
controlled experiment, we found that soybean and maize reduced canopy transpira-
tion about 35% and 23%, respectively due to water stress. However, the two crops 
undertook different physiological and morphological adjustments to cope with 
drought. Under 60% soil water content reduction, soybean reacted rapidly by closing 
leaf stomata, reducing transpiration and photosynthesis, while maize showed reduc-
tions in structural traits such as canopy height and leaf area index at the end of the 
experiment (Paper I). 

(1.b.) Under near-field environmental conditions, maize behaved as a limited home-
otherm, maintaining leaf temperature in a narrower range than the range of air tem-
perature. We found thermal optimums between 33 and 38⁰C for the control soil mois-
ture scenario. Reduction of 60% soil water content showed an increase of about 2⁰C 
in thermal optimums, helping to cope not only with water stress but also with thermal 
extremes. Leaf thermoregulation was explained through higher energy dissipated as 
heat from non-photochemical quenching by photosystem II and less cooling. Sub 
daily temperature variation showed that leaf temperature responds fast to a change in 
air temperature (10 minutes after). Under extreme hot events, we found more drastic 
responses of stomatal conductance, controlled by changes in vapor pressure deficit, 
and transpiration, mainly driven by the difference in leaf-air temperature. In addition, 
only for hot days, we observed reductions on the maximum quantum yield of photo-
system II photochemistry with higher Tair shocks (Paper II). 

2. Remote sensing synergies and modelling: (2.a.) Under a controlled environment, 
we demonstrated for the first time the ability of PLS-R combining hyperspectral and 
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thermal imaging, and canopy height to estimate leaf stomatal conductance, transpi-
ration, and photosynthesis. In addition, this model was able to capture the distinct 
drought coping strategies for soybean (C3) and maize (C4), showing that thermal and 
structural information can notably improve predictions of physiological changes to 
water stress in soybean and maize, respectively. Compared to narrowband indices, 
we found that the most important wavelengths to predict physiological changes to 
water stress in soybean and maize were not necessarily centred in the same bands as 
known vegetation indices, varying among the two crops and highlighting the benefits 
of using hyperspectral information (Paper I). 

(2.b.) Models relying on combined optical and thermal information provided accurate 
estimates of carbon and water fluxes. Under controlled conditions, leaf energy mod-
elling approach was able to estimate leaf stomatal conductance and transpiration. 
Modelled leaf transpiration upscaled to canopy level and compared to measured 
evapotranspiration showed adequate correlation (R2>0.7 and RMSD<15 Wm-2) (Pa-
per II). Under field conditions, the results from eight UAS campaigns demonstrated 
the joint power of combining thermal and optical data to simulate canopy-level evap-
otranspiration and photosynthesis using a big leaf canopy model (joint “top down” 
PT-JPL ET and LUE GPP model). Results were validated with in situ measurements 
and eddy covariance information, with R2 = 0.85 and RMSD = 39.37Wm-2 for ET 
and R2=0.83 and RMSD = 5µmol m-2 s-1 for GPP (Paper III).  

The results of this thesis highlight the relevance of crop information potentially 
obtained from a multi-sensor approach, using thermal, hyperspectral, active, or 
passive fluorescence, or light detection and ranging (LiDAR) applications. In 
addition, we also demonstrated the need to develop methods that can capture distinct 
crop responses associated with different photosynthetic routes or hydraulic strategies 
(iso/anisohydric). Some of our findings related with responses to drought and heat 
stress could be used to improve current modelling frameworks after upscaling from 
leaf to canopy levels and testing them in outdoor conditions. Finally, farmers and 
scientific communities focused on remote sensing, ecophysiology, hydrology, 
agronomy, and phenotyping could benefit from a better understanding of crop 
responses towards changing environmental factors.  

  



xi 

Dansk sammenfatning 

Som følge af klimaændringerne har stigningen i hyppigheden, intensiteten og 
varigheden af hedebølger og tørke konsekvenser for afgrødernes produktivitet og re-
ducerer udbyttet af basisafgrøder som majs og sojabønner. Desuden kræver en for-
ventet stigning i landbrugets behov for kunstvanding en effektiv forvaltning af de 
allerede knappe vandressourcer. Kvantitative oplysninger i realtid om afgrødernes 
vandtilstand kan hjælpe interessenterne med at træffe beslutninger fra bedriften til 
vandområdeplanet. Da kulstofoptagelsen eller fotosyntesen, som er afgørende for af-
grødeudbyttet, er tæt forbundet med afgrødernes transpiration gennem reguleringen 
af bladspalteåbningerne, er en fælles forvaltning af vand- og kulstofstrømme af af-
gørende betydning. Planternes mekanismer til at håndtere vand- og temperaturstress 
er imidlertid komplekse og ikke helt forstået, hvilket understreger behovet for at un-
dersøge energibalancekomponenter og fotosynteseinteraktioner på både blad- og 
kronedækningsniveau. 

Under variationer i temperatur og vandindhold i jorden kan der ske forskellige fysi-
ologiske, morfologiske og biokemiske justeringer i afgrøderne afhængigt af afgrøde-
type, sort, struktur, livshistorie, vækststadium og miljøforhold. Fjernmåling-
soplysninger i de optiske og termiske domæner giver oplysninger om refleksion og 
emission på blad- og kronedækningsniveau. Dette kan anvendes i datadrevne eller 
fysisk baserede modeller til at påvise ændringer i plantefysiologien mere effektivt og 
over større områder end med in situ-feltfysiologiske sensorer. En lovende for-
skningsvej er brugen af miniature hyperspektrale og termiske sensorer på 
ubemandede flysystemer (UAS). Sammenlignet med satellitter kan UAS'er levere 
oplysninger med meget høj rumlig opløsning, fleksible tidspunkter og under over-
skyede forhold. 

Formålet med denne ph.d.-afhandling er at tilvejebringe metoder og forbedre vores 
forståelse af afgrødernes reaktioner på reduktioner i jordens vandindhold og stign-
inger i lufttemperaturen, herunder statistiske ekstremer, ved hjælp af oplysninger fra 
sensorer i de optiske og termiske domæner på blad-, kroneskærm- og markskala. 
Denne afhandling tager specifikt fat på disse spørgsmål: 

1. Økofysiologi:  

a. Hvad er tørkehåndteringsstrategierne for sojabønner (C3) og majs (C4) 
under kontrollerede forhold?  (Paper I) 

b. Hvordan regulerer majs bladtemperaturen som reaktion på gen-
nemsnitlige og ekstreme døgnsvingninger (varme hændelser) i lufttem-
peraturen i løbet af en vækstsæson i et vækstkammereksperiment i 
nærfeltet? (Paper II) 
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2. Synergier og modellering ved telemåling:  

a. Hvilke fordele er der ved maskinlæringsmodellen PLS-R (partial least 
squares regres-sion) til at forudsige bladøkofysiologi sammenlignet 
med smalbåndsindekser? (Paper I) 

b. Kan modeller, der er baseret på oplysninger fra synergier inden for 
telemåling (f.eks. refleksion, termiske og højdeestimater for afgrøder), 
give gode skøn over kulstof- og vandstrømme på blad-, kronedække- 
og markskalaer sammenlignet med in situ-sensorer? (Paper II og III) 

For at nå dette mål blev hyperspektrale og termiske oplysninger fra minituriserede 
fjernsynssensorer og in situ-målinger taget under kontrollerede forhold og i marken. 
For at vurdere majs og sojabønnernes reaktion på vand- og temperaturændringer gen-
nemførte vi to forsøg i vækstkamre i Risø Environmental Risk Assessment Facility 
(RERAF) phytotron i Danmark og i Water Trans-formation Dynamical Processes Ex-
perimental Device (WATDPED) i Kina. For at vurdere kulstof- og vandstrømme un-
der feltbetingelser blev der gennemført otte flyvekampagner med en UAS over den 
danske pilebioenergiplantage med eddy covariance-anlæg (DK-RCW). Afhan-
dlingens resultater omfatter to hoveddele for at besvare de specifikke spørgsmål, der 
er anført ovenfor. 

1. Økofysiologi: (1.a.) Under konstant lufttemperatur og relativ luftfugtighed i et 
kontrolleret forsøg fandt vi, at sojabønner og majs reducerede transpirationen i kron-
etaget med henholdsvis 35 % og 23 % som følge af vandstress. De to afgrøder foretog 
imidlertid forskellige fysiologiske og morfologiske tilpasninger for at klare tørken. 
Ved en reduktion af vandindholdet i jorden på 60 % reagerede sojabønnen hurtigt 
ved at lukke bladspalte og reducere transpirationen og fotosyntesen, mens majsen 
viste reduktioner i strukturelle egenskaber som f.eks. kronens højde og 
bladarealindeks ved forsøgets afslutning (Paper I). 

(1.b.) Under miljøforhold tæt på marken opførte majs sig som en begrænset 
homøoterm, idet den opretholdt bladtemperaturen i et snævrere interval end lufttem-
peraturen. Vi fandt termiske optimaler mellem 33 og 38⁰C for kontroljord-
fugtighedsscenariet. En reduktion af 60 % af jordens vandindhold viste en stigning 
på ca. 2⁰C i de termiske optimumværdier, hvilket hjælper med at klare ikke kun 
vandstress, men også termiske ekstremer. Bladets termoregulering blev forklaret ved, 
at der blev spredt mere energi som varme fra ikke-fotokemisk quenching af fotosys-
tem II og mindre afkøling. Subdaglig temperaturvariation viste, at bladtemperaturen 
reagerer hurtigt på en ændring i lufttemperaturen (10 minutter efter). Under ekstremt 
varme hændelser fandt vi mere drastiske reaktioner af stomatal konduktans, der styres 
af ændringer i damptryksunderskuddet, og transpiration, der hovedsagelig drives af 
forskellen i blad-lufttemperaturen. Desuden observerede vi kun for varme dage re-
duktioner i det maksimale kvanteudbytte af fotosys-tem II-fotokemi med højere Tair-
chok (Paper II). 
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2. Synergier og modellering ved telemåling: (2.a.) I et kontrolleret miljø demon-
strerede vi for første gang PLS-R's evne til at kombinere hyperspektral og termisk 
billeddannelse og kronedækkets højde til at estimere bladets sto-matal konduktans, 
transpiration og fotosyntese. Desuden var denne model i stand til at indfange de for-
skellige tørkehåndteringsstrategier for sojabønner (C3) og majs (C4), hvilket viser, 
at termiske og strukturelle oplysninger især kan forbedre forudsigelserne af fysiolo-
giske ændringer ved vandstress i henholdsvis sojabønner og majs. Sammenlignet med 
smalbåndsindekser fandt vi, at de vigtigste bølgelængder til forudsigelse af fysiolo-
giske ændringer i forbindelse med vandstress i sojabønner og majs ikke nødvendigvis 
var centreret i de samme bånd som kendte vegetationsindekser, hvilket varierer mel-
lem de to afgrøder og fremhæver fordelene ved at anvende hyperspektral information 
(Paper I). 

(2.b.) Modeller, der er baseret på kombineret optisk og termisk information, gav 
nøjagtige skøn over kulstof- og vandstrømme. Under kontrollerede forhold kunne 
man ved hjælp af modellering af bladenergi anslå bladkonduktans og -transpiration. 
Modelleret bladtranspiration opskaleret til kronedækningsniveau og sammenlignet 
med målt evapotranspiration viste en passende korrelation (R2>0,7 og RMSD<15 
Wm-2) (Paper II). Under feltbetingelser viste resultaterne fra otte UAS-kampagner, 
at det er muligt at kombinere termiske og optiske data med henblik på at simulere 
evapotranspiration og fotosyntese på kronedækningsniveau ved hjælp af en storbladet 
kronedækningsmodel (fælles "top-down" PT-JPL ET- og LUE GPP-model). Re-
sultaterne blev valideret med in situ-målinger og eddy covariance-informationer med 
R2 = 0,85 og RMSD = 39,37 Wm-2 for ET og R2=0,83 og RMSD = 5 µmol m-2 s-1 
for GPP (Paper III).  

Resultaterne af denne afhandling fremhæver relevansen af de oplysninger om af-
grøder, der potentielt kan opnås ved hjælp af en multisensortilgang, hvor der an-
vendes termiske, hyperspektrale, aktive eller passive fluorescens- eller LiDAR-ap-
plikationer (light detection and ranging). Desuden har vi også påvist behovet for at 
udvikle metoder, der kan opfange forskellige afgrøderesponser i forbindelse med for-
skellige fotosyntetiske ruter eller hydrauliske strategier (iso/anisohydrisk). Nogle af 
vores resultater vedrørende reaktioner på tørke- og varmestress kan bruges til at 
forbedre de nuværende modelleringsrammer efter opskalering fra blad- til kronet-
agsniveau og afprøvning af dem under udendørs forhold. Endelig kan landmænd og 
videnskabelige samfund med fokus på telemåling, økofysiologi, hydrologi, agronomi 
og fænotypebestemmelse drage fordel af en bedre forståelse af afgrødernes reaktion 
på skiftende miljøfaktorer. 
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1 Introduction 

1.1 Motivation 

Current concerns related to climate change are increasing with changes in frequency, 
intensity, and duration of extreme weather conditions. Among other consequences 
related to climate change, droughts and heat waves are forecasted to increase in the 
forthcoming years if no actions are taken (IPCC, 2020). With the current trend, global 
land annual temperature will keep increasing at an average rate of 0.12⁰C/decade 
(NOAA, 2021), while precipitation is expected to reduce about 20% in drylands 
(Mishra and Cherkauer, 2010). Consequently, severe impacts on crop productivity 
and, therefore, on food security will occur (IPCC, 2020; OECD/FAO, 2020). Staple 
crops such as maize and soybean, grown mainly in arid and semi-arid areas, are al-
ready experiencing reductions in production yields (Wang et al., 2020). Maize is 
grown over an approximate area of 139 million ha with a world production of around 
594 million tons grain and soybean grown over 75.5 million ha has a world produc-
tion of around 176.6 million tons of beans (FAO, 2020).  

In addition, a rapid rise of crops requirements will increase the water demand in ag-
riculture. Irrigation for agriculture represents the most significant demand for fresh-
water uptake of around 70% of all water withdrawal (IPCC, 2020; UN-Water, 2018). 
Thus, warmer temperatures and higher water demand will require to establish a more 
efficient use of the water resources in agriculture. One way to find more sustainable 
alternatives is to quantify spatially and temporally crop water and carbon cycles and 
their interrelations under changing environmental conditions (Medrano et al., 2015). 
Furthermore, it is essential to understand crops adaptive mechanisms to changing 
environmental conditions to maximize future crop productivity (Yamori et al., 2014) 
and benefit from precision farming, addressing the Sustainable Development Goals 
(SDGs) 2, 12, 13 and 15 (Figure 1). 

 
Figure 1. Addressable Sustainable Development Goals (SDGs) from results of this study. 

In response to droughts, defined as “a prolonged period of water deficiency in a par-
ticular area” (Ahmad, 2016), crops adjust their physiology, morphology and 
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biochemistry differently depending on crop type, genotypes, life history, growth 
stage, canopy architecture and environmental factors (Hsiao, 1973). Under soil water 
stress, it is well known that plants react closing stomata, which can limit carbon up-
take and water loss. Furthermore, stomatal closure causes impacts on biochemical 
constituents, structural properties, radiation, and surface temperature of the plant 
(Damm et al., 2018). However, plants have complex mechanisms varying stress sen-
sitivity depending on species or variates (Ahmad, 2016; Hsiao, 1973). Some of these 
variations could be associated to different photosynthetic pathways (C3/C4) or hy-
draulic strategies (ani/isohydric). However, there is still a need for further research. 
In response to heatwaves, defined as “a period of abnormally hot weather” (IPCC, 
2020) or air temperature variations, crops also respond with physiological changes. 
Under extreme warm temperatures, heat stress causes a reduction of photosynthesis 
and final crop yields (Wahid et al., 2007). However, plants have the ability to adjust 
to their environment when increased temperatures are not so drastic. For instance, 
moderate heat waves can enhance photosynthesis by increasing the optimum temper-
ature for photosynthesis (Lambers et al., 2008; Zheng et al., 2018). In addition, plants 
can have the capacity to maintain their leaf temperature within certain range inde-
pendently on ambient temperature, defined as “thermoregulation” (Fauset et al., 
2018; Michaletz et al., 2016, 2015). Thus, further knowledge of crop responses to 
drought and heat waves are required. 

Remote sensing provides the possibility to detect plant adjustments to changing en-
vironmental conditions more efficiently over space and time than in-situ measure-
ments (Gamon et al., 2019). Remote sensing can be used as a non-destructive ap-
proach that allows the user to early detect changes in physiology, biochemistry, and 
morphology of crops, caused by stress. Remote sensing data can be acquired from 
satellites, aircrafts, and Unmanned Aerial Systems (UASs). These platforms can al-
locate different types of sensors such as hyperspectral, multispectral, thermal, and 
digital cameras, fluorometers, radiometers, microwave sensors, radars or light detec-
tion and ranging (LiDAR) sensors (Damm et al., 2018), promoting synergies between 
spectral domains. With the current advances of miniatured sensors, UASs, widely 
known as drones, are becoming one of the most promising remote sensing platforms 
for crop monitoring, providing high spatial resolution at affordable price as well as 
flexible and handy use (Aasen et al., 2018).  

Vegetation indices (VIs), commonly derived from visible and near infrared wave-
lengths (VNIR), are the most standard method to detect crops responses in remote 
sensing applications. Through VIs, we can monitor vegetation properties such as 
chlorophyll content, carotenoids, photosynthetic canopy cover and leaf area index 
(LAI) (Katsoulas et al., 2016; Thenkabail et al., 2016). Because VIs are computed 
from 2 or 3 specific wavelengths, they do not take advantage of the full spectra, lim-
iting the available information to detect changes on crop response (Verrelst et al., 
2018). Data-driven models such as the machine learning partial least square 
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regression (PLS-R) model can fill this gap by exploiting multiple wavelengths and 
including information from other domains apart from the VNIR, boosting synergies 
between spectral domains (Guan et al., 2017). Optical and thermal domains can also 
be combined in physically based models such as the joint Priestley Taylor-Jet Pro-
pulsion Laboratory (PT-JPL) evapotranspiration (ET) model (Fisher et al., 2008; 
García et al., 2013) with the Light Use Efficiency (LUE) gross primary productivity 
(GPP) model (Monteith, 1972) improved and successfully implemented by Wang et 
al. (2018) or the Two Source Energy Balance (TSEB) model (Kustas and Norman, 
1999; Morillas et al., 2013). For these models, leaf temperature is an important pa-
rameter relating leaf energy balance components and photosynthesis (Lambers et al., 
2008). Thus, implementing and understanding leaf temperature response is critical to 
improve ET and GPP models to further assess plant ecophysiology. However, there 
is scarce research on transient or short term leaf temperature responses, with most 
current operational satellite-based models of ET and GPP relying only on well-known 
VIs and coarse meteorological variables as forcing inputs (Watham et al., 2017).  

Because changes on crops responses are not easy to capture by only using field sam-
pling, as they are spatially and temporally dependent (Meroni et al., 2004), combina-
tion of observations and modelling can improve our understanding on how crops such 
as maize and soybean respond to abiotic stressors. Thus, remote sensing data from 
optical and thermal domains combined with models can overcome temporal and pre-
cision limitations, further investigate vegetation responses under differing condi-
tions, and predict or simulate future patterns caused by external sources (i.e. changes 
in weather conditions). 

In field conditions, droughts and heat waves usually occur simultaneously, subse-
quently one from another. Therefore, soil water and heat stress responses are difficult 
to isolate. In addition, environmental variables such as air temperature, humidity, soil 
moisture, wind speed and radiation have a strong impact on vegetation response 
(Damm et al., 2018). Growth chambers provide the possibility to set and control some 
of these variables (Humplík et al., 2015). Moreover, thanks to the new miniaturized 
developments of remote sensors, we can easily use different type of spectroscopy 
instruments inside growth chambers. 

1.2 Research objectives 

The aim of this PhD thesis is to provide methodologies and improve our understand-
ing of crop responses to reductions in soil water content and increases in air temper-
ature, including statistical extremes, using information from sensors in the optical 
and thermal domains at leaf, canopy, and field scales. Specifically, this thesis ad-
dresses these questions: 
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1. Ecophysiology:  

a. What are the drought coping strategies of soybean (C3) and maize (C4) 
under controlled conditions?  (Paper I) 

b. How does maize regulate leaf temperature in response to average and 
extreme diurnal oscillations (hot events) in air temperatures during a 
growing season in a near-field growth chamber experiment? (Paper II) 

2. Remote sensing synergies and modelling:  

a. What are the benefits of machine learning partial least squares regres-
sion (PLS-R) model to predict leaf ecophysiology compared to nar-
rowband indices? (Paper I) 

b. Can models relying on information from remote sensing synergies (e.g. 
reflectance, thermal and crop height estimates) provide good estimates 
of carbon and water fluxes at leaf, canopy, and field scales compared 
to in situ sensors? (Paper II and III) 

1.3 Thesis structure 

To achieve the previous objectives, this thesis shows the following content: 

1. Paper I 

2. Paper II 

3. Paper III 

 

This PhD thesis is structured in six sections. The first section outlines the motivation 
to conduct this thesis. The second section provides the state of the art on how plants 
respond to drought and heat waves, remote sensing and modelling relevant techniques 
to identify responses towards changing environment conditions. The third section 
describes the methods and materials used along the three years of study, involving 
the experiments conducted, remote sensing measurements, and the modelling tech-
niques used. The next section shows the results and discussion, highlighting the find-
ings and the achievements reached through the PhD. Finally, the last two sections 
show the conclusion and future perspectives.  
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2 Background  

This section includes some of the state of the art of plant physiological, morpholog-
ical, and biochemical responses to changes in air temperature and soil water content. 
This section also analyses methods to monitor these properties from remote sensing 
and the most commonly and recent modelling techniques used to overcome observa-
tional gaps.  

2.1 Ecophysiological assessment 

Two of the key vegetation processes at leaf level influencing the carbon and water 
cycles are photosynthesis (A) and transpiration (Tr). These processes are connected 
via stomatal closure. Stomatal conductance (gs), Tr and A are affected by factors reg-
ulating stomatal control such as light, water and temperature (Bonan, 2015; Lambers 
et al., 2008). Under heat or soil water stress, crops react with various physiological, 
biochemical, and morphological adjustments.  

2.1.1 Responses to water stress 

In general, stomatal closure occurs early at the beginning of the drought reported by 
several studies for crops such as soybean (Ku et al., 2013; Locke and Ort, 2014), 
potatoes (Gerhards et al., 2016) and vines (Rapaport et al., 2015), limiting Tr and A. 
However, a growth chamber experiment with maize showed that water stress stopped 
leaf elongation keeping A and Tr practically constant, while indicating slight stomatal 
closure (Acevedo et al., 1971). As consequence of stomatal conductance (gs) reduc-
tion, leaf temperature (TL) is expected to increase (Ahmad, 2016). However, stress 
sensitivity can vary among species, cultivars, canopy architecture, growth stage, en-
vironmental factors and the duration of the stress (Ahmad, 2016; Hsiao, 1973). As an 
example, a greenhouse experiment with maize showed that for two genotypes the 
stomatal aperture was significantly different under well-watered conditions and sig-
nificantly decreased 0.5 µm and 0.8 µm for each genotype under water stress condi-
tions, increasing TL in only one of the genotypes (Liu et al., 2011). Nevertheless, 
recent studies have found significant reductions on A, Tr, and gs under drought with 
increased TL for vineyards (Gago et al., 2017) and soybean (Das et al., 2016).  

Quantification and comparison of physiological responses in crops with differing hy-
draulic traits requires a thoughtful analysis, even under the same environment 
(Martínez-Vilalta and Garcia-Forner, 2017). Thereby, current debates are found in 
literature about the anisohydricity concept, which represents a continuum in the way 
leaf water potential is regulated (Meinzer et al., 2016; Ratzmann et al., 2019) rather 
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than a categoric class and can be connected to the regulation of stomata, but cannot 
be considered equivalent. In general, more isohydric species will present tight sto-
matal control in response to droughts, whereas more anisohydric crops will keep sto-
mata open longer periods (Konings et al., 2017; Salazar-Tortosa et al., 2018). Tight 
stomatal control was observed for soybean in a previous study (Locke and Ort, 2014), 
while maize was identified as highly anisohydric crop using microwave remote sens-
ing proxies for leaf water potential (Konings et al., 2017). In contrast, others have 
described soybean and maize as anisohydric and isohydric crops, respectively (Costa 
et al., 2013; Tardieu and Simonneau, 1998).  

To improve predictions to water stress, we also need to account for photosynthetic 
pathways, distinguishing between C3 (e.g. soybean) and C4 photosynthesis (e.g. 
maize). For instance, C3 grasses presented three times higher gs than C4 grasses in 
control conditions, whereas under soil water stress, gs decreased twice for C3 than C4 
grasses compared to the control after 5 weeks of drought (Taylor et al., 2011). 

Besides physiological gas-exchange responses, plants can also react to water stress 
with biochemical adjustments such as changes of chlorophyll and carotenoids con-
tent. For example, with 40% soil water content reduction, soybean total chlorophyll 
content and chlorophyll ‘b’ increased, while carotenoids and chlorophyll ‘a’ de-
creased (Zhang et al., 2016). In contrast, other growth chamber experiment showed 
that soybean chlorophyll content decreased about 24%, while increasing carotenoids 
about 38% under severe water stress (Wijewardana et al., 2019). Similarly, Chen et 
al. (2019) found significant decline of maize chlorophyll content in a near-field 
growth chamber experiment when plants were subjected to about 60% soil water con-
tent reduction. Chlorophyll reduction can be related to chlorophyll degradation, pig-
ment photo-oxidation and lack of synthesized chlorophyll (Wijewardana et al., 2019). 
In addition, lower sensitivity of total chlorophyll content and total carotenoids can 
be associated to strong antioxidant system (Kumar et al., 2020). 

Modifications in structural or morphological parameters related with leaf size and 
canopy architecture are preceding by non-permanent physiological changes (i.e. 
higher production of enzymes to increase leaf size) (Hsiao, 1973). Changes in struc-
tural properties of plants are an effective mechanism to cope with drought used by 
different crops such as maize (Aslam et al., 2015) and soybean (Ku et al., 2013). 
According to Hsiao (1973), cell growth is very sensitive to stress. A decline in cell 
enlargement will eventually reduce canopy height (hc) and leaf area index (LAI), 
observed between well-watered and water stress maize plants in a near-field growth 
chamber experiment (Chen et al., 2019). Another study showed that with lower soil 
water content (20% ET), canopy height of soybean reduced around 70 cm compared 
to control plants after 65 days of growth. In addition, they found positive correlation 
between biomass components such as leaf steam, root and pod with soil moisture 
content, reducing weight with less water availability (Wijewardana et al., 2019).  
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2.1.2 Responses to air temperature variations: Thermoregulation  

Air temperature (Tair) variations have implications on plant mechanisms, which can 
be addressed by the leaf temperature (TL) as (i) leaf traits have evolved to thermoreg-
ulate (maintain TL in a narrower range than Tair variations) (Fauset et al., 2018; 
Michaletz et al., 2016, 2015) and (ii) TL is a component affecting gs and A, that plays 
an important role in several components of the energy balance such as net radiation, 
sensible heat, and latent heat (Bonan, 2015), but also in metabolic processes 
(Lambers et al., 2008). 

From TL and Tair relationship, under constant TL (slope = 0), plants behave as home-
otherms, while when TL follows Tair variations (slope = 1) plants behave as poikilo-
therms (Drake et al., 2020; Michaletz et al., 2016). When plants are classified as 
“limited homeotherms”, at some point TL will be the same as Tair and leaf temperature 
excess (ΔT) is null. This point is referred as the leaf equivalence temperature point 
(Teq) (Figure 2). The theoretical association between the Teq and the optimal temper-
ature for photosynthesis (Topt, at maximum A) was developed from a global dataset 
analysis with more than 64 species (Michaletz et al., 2016). In addition, they  sug-
gested that TL variations and physiology performance are linked to leaf traits and 
carbon economics. However, plants not always regulate TL, as found by Drake et al. 
(2020), for eucalyptus trees subjected to heat extreme events. Nevertheless, they also 
found evidence of interactions between thermal and photosynthetic traits.  

 
Figure 2. Left: conceptual description of the relation between leaf temperature (TL) and air tempera-
ture (Tair) explaining thermoregulation with slope lower than 1 and reaching the leaf equivalence 
temperature (Teq = Tair =  TL). Right: conceptual description of the relation between photosynthesis 
rate (A) and TL towards the optimum temperature for photosynthesis (Topt), which is approximately 
equal to the Teq. 

Previous research has shown contrasting physiological responses of A and Tr to tem-
perature variations. Air temperature (Tair) increase does not necessarily state for heat 
stress. On one hand, heat stress response of plants is observed about the Topt when 
plants are subjected to extreme hot events for a long period (several days) and often 
identified about 40⁰C (e.g. heat waves) (De Boeck et al., 2010; Schulze et al., 2019). 



8 

In general, in response to heat stress, Tair inhibits A (Wahid et al., 2007), however, 
Tr does not seem to always respond the same. For instance, trees subjected to 44⁰C 
heatwave during 4 days in a growth chamber experiment reduced total canopy A by 
40%, whereas Tr kept steady, indicating decoupling between A and Tr (Drake et al., 
2018). In contrast, Crafts-Brandner and Salvucci (2002) found photosynthetic inhi-
bition of maize at 37.5⁰C TL, while Tr kept rising, suggesting that the A reduction 
due to heat stress was not driven by stomatal closure. In this study, they also found 
that A decreased more drastically when the increase of TL occurred rapidly between 
28 and 45⁰C than gradually. 

On the other hand, extreme Tair such as moderate heat waves or sudden Tair shocks, 
no necessary above the Topt, can occur not only over a season but also within a day. 
Under the Topt, A enhances, but also under extreme Tair, A can increase due to high 
tolerance or acclimation of plants, which is associated to a higher Topt (Lambers et 
al., 2008; Schulze et al., 2019; Yamori et al., 2014). This was observed by maize 
plants increasing their Topt 2⁰C with around 60% rise of A when average daily air and 
canopy temperatures were raised about 1.6 and 1.8⁰C, respectively (Zheng et al., 
2018). In Addition, Zheng et al. (2018) found significant increase of A and gs with 
warmer Tair, showing also 5.5 ⁰C higher optimal temperature of stomatal conduct-
ance. Over a full growth season, under moderate Tair increase (e.g. increase of 2⁰C 
warming environment), maize leaf A and Tr significantly increased up to 43% in 
specific growth stages (Tan et al., 2017).  

Ecophysiological interactions are complex when Tair varies. The diffusivity into the 
stomata of water vapor is directly proportional to the air vapor pressure deficit (VPD) 
(Grossiord et al., 2020), which increases exponentially with Tair, therefore increasing 
Tr potentially. However, stomata also respond to VPD increases with a bell-shaped 
type of curve. Therefore, stomatal closure will happen after a threshold of VPD  
(Duursma et al., 2014; Moore et al., 2021). Stomatal closure will reduce the intracel-
lular carbon concentration (Ci) reducing A, but at the same time, higher TL and Tair 
modify the metabolic rates of A. The threshold of stomata to VPD seems to respond 
to hydraulic constraints but also to A (Duursma et al., 2014). According to Urban et 
al., (2017), decoupling between A and gs of polar and pine plants only occurs at over 
40 ⁰C Tair. In addition, they found that Tr cooling can alleviate A above the Topt, 
especially during short heat waves or sub daily Tair variations. 

Derived parameters from chlorophyll fluorescence techniques have been widely used 
as a method to assess thermal response. Some fluorescence derived parameters are 
the quantum yield of photosynthesis (ФP(II)), the maximum quantum yield of photo-
system II photochemistry (Fv/Fm), and the the non-photochemical quenching (NPQ) 
(Murchie and Lawson, 2013). The ФP(II) can be defined as the light use efficiency 
(LUE) and can be used as proxy for A (Baker, 2008; Lee et al., 2015; Ruiz-Vera et 
al., 2015). The Fv/Fm responds to stress indirectly. Thus, the Fv/Fm, usually around 
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0.8, has been used in several studies to detect stress, especially under heat stress, 
reducing due to damage in photosystem II (Murchie and Lawson, 2013). However, 
the Fv/Fm responds to several mechanisms. For instance, under simulated heat waves, 
this ratio was not significantly different when irrigation was applied in alpine grass-
land (De Boeck et al., 2016a). Nonetheless, it was negatively correlated to cotton and 
peanut TL, indicating larger photodamage in photosystems with warmer TL (Isoda 
and Isoda, 2010). The NPQ emission accounts for the thermal dissipation from the 
photosystem II, including dark adapted constitutive thermal dissipation and energy-
dependent heat dissipation regulating electron transport (Chen et al., 2019; Van der 
Tol et al., 2014). Although yet unexplored, NPQ contribution can drive thermoregu-
lation, connecting energy balance with photosynthesis. Insights to this theory were 
partially pulled from a lab experiment with leaves, where NPQ increased with TL rise 
after erasing Tr cooling with Vaseline (Kaňa and Vass, 2008).  

Combination of drought and hight temperatures can have even major repercussions, 
observed in a growth chamber experiment with soybean, significantly reducing A and 
gs (Das et al., 2016) and supported from a modelling perspective using wheat as case 
study (Luan and Vico, 2020). However, Killi et al. (2017) did not found worsen ef-
fects in C4 maize and C3 sunflower under combined water and heat stress, requiring 
further assessment of these combined abiotic stressors. 

2.2 Remote sensing synergies and modelling 

Radiation can be absorbed, reflected, or transmitted by vegetation surface. Changes 
in physiology, biochemistry and morphology can impact absorption and scattering 
properties of plants measured from remote sensing. Therefore, remote sensing pro-
vides the possibility to detect physiological, biochemical, and morphological changes 
caused by stress. Generally, optical and thermal remote sensing can be used to detect 
abiotic stress because (i) plant pigments absorb photosynthetically active radiation 
(PAR) in the visible (VIS) wavelengths (400 – 700 nm), (ii) water absorption occurs 
in specific wavelengths in the shortwave infrared range (SWIR, between 700 and 
2500 nm) and (iii) leaves and canopies emit radiant energy in the range between 2.5 
and 13µm. 

2.2.1 Optical and thermal remote sensing assessment 

In the shortwave or optical range (between 350 and 2500 nm), vegetation presents a 
unique spectral signature (Figure 3), which is dependent on crop type, growth status, 
canopy structure and environmental conditions (Damm et al., 2018). Reflectance 
modifications can be associated to changes on physiology, morphology, and bio-
chemistry. For example, reductions of chlorophyll absorption will be reflected in the 
VIS domain, structural adjustments modify the red-edge and near infrared (NIR) 
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bands and water absorption properties are associated to SWIR as shown in Figure 3  
(Roman and Ursu, 2016). Reflectance can be captured from instruments such as 
handheld spectroradiometers and hyperspectral cameras. 

 
Figure 3. Conceptual drawing of vegetation reflectance signature in the visible (VIS), near infrared 
(NIR) and shortwave infrared (SWIR) domains, indicating properties of each area (Image obtained 
from Roman and Ursu (2016)). 

Early water stress can be detected by changes in the spectral signature, as observed 
in a controlled experiment with grassland, where reflectance increased up to 17% in 
the VIS and over 23% in the SWIR range, while decreasing 2.3% in the near-infrared 
(NIR) during short term water shortage (Bayat et al., 2016). Similarly, severe water 
stress applied to soybean plants significantly increased and decreased canopy reflec-
tance in VIS and NIR regions, respectively (Wijewardana et al., 2019). In a maize 
experiment, similar results were found with higher reflectance in the VIS range and 
lower in the NIR range under 45% compared to 75% soil moisture for different 
growth stages. However, different sensitivity was observed at each stage as well as 
some variations on canopy reflectance in the SWIR (Feng et al., 2013). Rapaport et 
al. (2015) found decreased reflectance in the green (530-550nm) and red regions 
(700-750nm) and increased reflectance in SWIR regions between 1380 and 1150 nm 
under sever water deficit.  

By selecting specific wavelengths, vegetation indices (VIs) are obtained derived from 
2 or 3 spectral bands. VIs are the most standard method to assess ecophysiology from 
remote sensing because of its simplicity and the fact that typically no calibrations are 
needed as in radiative transfer models (Damm et al., 2018; Elvanidi et al., 2017; 
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Gerhards et al., 2019; Rapaport et al., 2015; Zarco-Tejada et al., 2012). The most 
common VI is the normalized difference vegetation index (NDVI) (Rouse et al., 
1974), which is able to predict changes in biomass, chlorophyll content and leaf aera 
index (LAI) and has been suitable used to detect water stress (Espinoza et al., 2017). 
However, it saturates under high LAI. Thus, other VIs such as the enhanced vegeta-
tion index (EVI) and the soil adjust vegetation index (SAVI) have been developed 
(Huete et al., 1997; Thenkabail et al., 2016). Other VIs related with structural traits 
derived from NDVI are the red edge normalized difference vegetation index (rNDVI) 
more prone to be used to detect water stress (Gitelson et al., 1996; Katsoulas et al., 
2016), or the optimized soil adjust vegetation index (OSAVI), which reduces the ef-
fects from soil (Rondeaux et al., 1996).  

VIs can also identify changes on chlorophyll content in relation to water stress. Some 
examples already used are the ratio between 700 and 670 nm bands (Ballester et al., 
2018; Thenkabail et al., 2016) and the transformed chlorophyll absorption in reflec-
tance index (TCARI) divided by OSAVI (Ballester et al., 2018; Haboudane et al., 
2002). A commonly VI used to predict photochemical activity is the photochemical 
reflectance index (PRI) (Gamon et al., 1992; Katsoulas et al., 2016). However, this 
index is very sensitive to structural changes, pigment levels, soil background, illumi-
nation effects, and viewing angles (Ballester et al., 2018; Thenkabail et al., 2016), 
which makes it not that suitable to monitor stress. Thus, derivation of PRI such as 
the modified photochemical reflectance index (PRI(570–515)) and the similar photo-
chemical reflectance index (sPRI) have been more reliable detection responses in 
photochemistry to water stress (Ballester et al., 2018; Katsoulas et al., 2016). 

While several studies have investigated the effects of drought in the optical domain, 
very little information has been found related to changes on reflectance due to heat 
stress. This is probably connected to the fact that it is difficult to isolate the effects 
of heat waves and soil drought in the field, as they often occur simultaneously. Still, 
Cogato et al. (2019) evaluated the impact of heat waves on grapevines with satellite 
data through several VIs, proving the feasibility of detecting changes due to heat 
stress. 

Between 650 and 800 nm, about 2% of the light absorbed by chlorophyll “a” molecule 
can be reemitted as energy, known as sun-induced chlorophyll fluorescence (SIF) 
(Baker, 2008; ESA, 2003). SIF is often inversely related to photosynthesis or gross 
primary productivity (GPP) (Buschmann, 1999). Thus, in remote sensing studies, SIF 
has become a highly conventional proxy of photosynthetic processes, detecting 
changes due to water stress and heat waves. Under water stress, fluorescence re-
trieved information from airborne hyperspectral data of orchards showed more sen-
sitivity to estimate photosynthesis than TL or VIs (Zarco-Tejada et al., 2016). SIF can 
also be estimated from the quantum yield of fluorescence (ФF) derived from pulse 
amplitude-modulated (PAM) fluorometry and the absorbed PAR (Frankenberg and 
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Berry, 2018). Major understandings of the fluorescence processes have been mainly 
derived from PAM measurements. For instance, Yang et al. (2021) found that SIF is 
not always the best proxy for GPP because their relationship is also dependent on 
absorbed PAR and canopy structure. Another example in a growth chamber experi-
ment with maize under near-field environmental conditions, but with artificial lamps, 
Chen et al. (2019) found contradictory relationships between ФP(II) and ФF depending 
on light intensity and soil water status. Under well-water conditions with PAR below 
450 µmol m-2 s-1 quantum yields were negatively correlated, while positive under 
water stress with high PAR. Under 12 hours of heat stress, similarly to A, chlorophyll 
fluorescence was reduced in a greenhouse experiment with polar plants (Song et al., 
2014). Thus, as previously stated, fluorescence derived parameters can provide in-
sights of responses to extreme Tair. 

In the longwave range, thermal radiation emitted by vegetation is dependent on tem-
perature according to Stefan Boltzmann law. Thus, knowing the surface emissivity 
and capturing radiometric temperature from infrared imaging, we can estimate sur-
face canopy or leaf temperature (Jones and Rotenberg, 2001). Canopy/leaf tempera-
ture integrates responses form energy balance components and CO2 assimilation 
(Lambers et al., 2008; Schulze et al., 2019). Several studies have satisfactorily ad-
dressed the impacts from soil water stress and heat waves on plants using thermal 
remote sensing (Still et al., 2019). For example, Liu et al., (2011) investigated ther-
mal response between water stress and well-watered maize plants at the seedling 
stage in a growth chamber, showing higher temperatures in stressed plants and sug-
gesting close relations between TL and stomatal closure. In addition, several studies 
have shown that thermal remote sensing is a faster indicator than VIs to detect water 
stress responses (Gerhards et al., 2016; Jones and Leinonen, 2003; Leinonen et al., 
2006). Although, about 20% of the energy absorbed in the PAR is dissipated as ther-
mal radiation (Campbell and Wynne, 2011; ESA, 2003), it is difficult to disentangle 
thermal response between the different variables (e.g. net radiation, latent heat, sen-
sible heat, non-photochemical quenching emission).  

Using simultaneously information from the optical and thermal remote sensing do-
mains have provided a better overview of crops mechanisms to water stress in grape-
vines (Espinoza et al., 2017), beans (Leinonen and Jones, 2004), maize (Berni et al., 
2009) and grass (Gerhards et al., 2018). Another example study combining satellite 
optical, thermal and microwave information was conducted improving estimates of 
crop yield for soybean and corn (Guan et al., 2017). Thus, further applications of 
multiple remote sensing combinations will optimize understanding of plant mecha-
nisms to stress, improving and providing more direct links between remote sensing 
and ecophysiology (Damm et al., 2018; Gerhards et al., 2016; Ustin and Gamon, 
2010).  
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2.2.2 Modelling 

Most of physiological processes in a plant cannot be directly captured by remote 
sensing. Thus, modelling tools are also required (Damm et al., 2018). Models can be 
used to simulate and predict vegetation responses towards a changing climate. More-
over, models can benefit from the use of synergies between domains and increase our 
understanding of crops response under stress to maximize crop production and water 
resources (Gerhards et al., 2019). Furthermore, with increased computational speed, 
capacity and power, modelling techniques have become more common. Verrelst et 
al., (2018) reviewed modelling approaches from a spectroscopy perspective. In this 
section, we focused on specific data-driven and physically-based models used along 
this thesis. 

Machine learning techniques such principal component analysis (PCA), principal 
component regression (PCR) and partial least squares regression (PLS-R) are exam-
ples of data-driven models, as they are based on computational requirements as-
sessing data without previous knowledge on physical behaviour. PLS-R can be con-
sidered as an extension of PCA and PCR, capturing not only the variance from the 
predictor but also from the response, while modelling covariance between predictor 
and response (Geladi and Kowalski, 1986). Since PLS-R can exploits multiple and 
correlated spectral bands, while managing large datasets, several spectroscopy stud-
ies have successfully applied PLS-R to assess physiological changes due to water 
stress (Rapaport et al., 2015) and investigate synergies between optical, fluorescence, 
thermal and microwave domains to improve crop yield estimates (Guan et al., 2017). 
In addition, PLS-R has been used to predict landscape-scale CO2 fluxes with hyper-
spectral data (Matthes et al., 2015) and estimate photosynthetic capacity as well as 
its response to temperature from hyperspectral information (Serbin et al., 2015). 
Another advantage of PLS-R model is that it helps to find the most important bands 
contributing to model predictions, which might not be the same as those used in VIs 
(Rapaport et al., 2015). Thereby, it has been proved to outperform VIs to estimate 
physiological variables such as A (Doughty et al., 2011) and gs (Rapaport et al., 
2015). Additionally, PLS-R modelling allows to separate drought effects from phe-
nology and leaf ages effects, which is not typically cumbersome (Gamon et al., 2019). 

Physically based models of water and carbon fluxes are, as its name suggests, models 
based on equations describing the main physical processes behind evapotranspiration 
(ET) and gross primary productivity (GPP). Most physically based models are big 
leaf models or “top down” models, focusing on the overall canopy and soil response, 
using effective parameters instead of upscaling from leaf to canopy level (Monteith 
and Unsworth, 2013). The most typical approach to estimate ET using “top down” 
models with remote sensing data is based on Penman-Monteith (PM) equation de-
rived from energy balance equation and combined with the mass transfer equation 
(or flux gradient equations for heat and vapor). However, characterization of surface 
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gs without field calibration is challenging. This was simplified by Priestley-Taylor 
(PT) equation with the introduction of an empirical constant (α) to account for the 
effects of environmental stresses reducing evapotranspiration from potential condi-
tions (Priestley and Taylor, 1972). As an extension of this approach, the Priestley 
Taylor-Jet Propulsion Laboratory (PT-JPL) estimates actual ET from the partition 
between canopy transpiration, soil evaporation and intercepted evaporation (Fisher 
et al., 2008). PT-JPL model is based on biophysical constraints reducing transpiration 
and evaporation, which can be obtained from remote sensing data (e.g. NDVI) and 
climatic reanalysis (solar irradiance, maximum Tair, and water vapor pressure) (Fisher 
et al., 2008). To better estimate ET accounting for water deficit, the PT-JPL soil 
moisture constraint was modified by García et al. (2013). Other approaches to esti-
mate ET rely on solving the sensible heat flux (H) and estimate ET as a residual of 
the energy balance equation. One example is the Two Source Energy Balance (TSEB) 
model, which takes advantage of thermal remote sensing and solves the problem of 
the difference between aerodynamic and radiometric temperatures by considering 
canopy and soil sensible heat separately (Kustas and Norman, 1999; Morillas et al., 
2013).  

Using remote sensing, the most popular approach to estimate GPP is based on the so 
called radiation use efficiency or  LUE  (ratio between net primary productivity and 
absorbed PAR) models, which rely on the evolutionary hypothesis that plants have 
evolved to optimize their capability for carbon uptake. Thus, the fraction of absorbed 
PAR is proportional to GPP, being the LUE parameter the constant of proportionality 
that decreases with environmental stresses or constraints (Monteith, 1972; Potter and 
Randerson, 1993). In remote sensing, a linear relation between VIs and fraction of 
absorbed PAR allows the application of this concept (Wang et al., 2018). As several 
of the biophysical constraints for GPP LUE model are the same as for the PT-JPL 
model at canopy level, Wang et al. (2018) proposed the combination of these two 
models. More complex photosynthesis models, based on bottom up processes account 
explicitly for leaf level photosynthesis modeling, requiring modelling of parameters 
like gs or maximum carboxylation velocity (Ball et al., 1987). Recently, these models 
are becoming more common within remote sensing, using for example the the Soil 
Canopy Observation, Photochemistry and Energy fluxes (SCOPE) model or statisti-
cal approaches (Camino et al., 2019; van der Tol et al., 2009). 

Most of the models, but especially data-driven ones, require calibration. In addition, 
all models need to be validated using in-situ measurements. At the leaf level, water 
and carbon fluxes can be measured by the gas exchange analysers allowing to esti-
mate transpiration and photosynthesis (Campbell and Norman, 1998). However, this 
method is time consuming and labour intensive. In order to validate remote sensing 
information at field scales, leaf level techniques commonly require upscaling to can-
opy level. At canopy level, simple methodologies of ET estimation can be found 
through water balance using lysimeters (Chen et al., 2019; Tan et al., 2017), relying 
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on  gravimetric approaches. However, these methods are difficult to carry under field 
conditions. At the ecosystem scale, the benchmarking method for ET and GPP is 
through eddy covariance (EC) techniques, which measure turbulent fluxes and cal-
culate the covariance of vertical wind speed fluctuations in the atmospheric boundary 
layer (Schulze et al., 2019). Nonetheless, despite being one the most trustworthy 
methods to estimate water and carbon fluxes at ecosystem scale, flux towers only 
provide information from a specific area.  
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3 Materials and methods 

This section gives an overview of the experiments design, field measurements, re-
mote sensors used and modelling techniques. 

3.1 Experimental design 

During this PhD thesis, two main experiments were conducted in two growth cham-
bers at: (i) the Risø Environmental Risk Assessment Facility (RERAF) phytotron 
located at the Roskilde campus of the Technical University of Denmark (DTU) de-
scribed in Paper I and (ii) the Water Transformation Dynamical Processes Experi-
mental Device (WATDPED) established in the Institute of Geographic Sciences and 
Natural Resources Research (IGSNRR), Chinese Academy of Science, in Beijing 
(China), described in Paper II. 

Table 1. Specifications of growth chamber experimental design and conditions. 
 RERAF (Paper I) WATDPED (Paper II) 

Environment (Tair, RH) Constant Near-field conditions 

Crops Soybean & Maize Maize 

Growth stage Vegetative Vegetative & Reproductive 

Drought 100%, 70% & 40% WHC 100% & 40% SFC 

Heat waves - 8 days (midday) 

Illumination (Lamps) 28 High pressure 
14 Halogen 

12 Sodium 
12 Metal halide 

Downwelling irradiance 400 µmol m-2 s-1 400 µmol m-2 s-1 

Soil Pre-fertilized from peat 
blocks 

Sandy, silt & clay (two types 
of soil) 

Containers Pots (9L) Lysimeters (18000L) 

Growth chamber dimensions 75 m3 210 m3 

In order to assess isolated physiological, biochemical and morphological responses 
to soil water stress in Zea mays cv. NK Arma (maize) and Glycine max (L.) cv. Merr. 
Buenos (soybean), the environmental conditions in the RERAF were set constant 
over day and night cycles. Air temperature (Tair) and relative humidity (RH) were 
25/19⁰C and 50/70% (day/night), respectively. Three soil water levels were applied 
in six 9L pot replicates: (i) 100% Water Holding Capacity (WHC, control/wet), (ii) 
70% WHC (mid), and (iii) 40% WHC (dry) (Paper I). Note that soybean and maize 
present C3 and C4 photosynthetic pathways, respectively, and they have shown dif-
ferent hydraulic strategies.  
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In the second experiment at the WATDPED, we wanted to observe the dynamic re-
sponse to temperature and soil water content variation of summer hybrid maize (Zea 
mays L. Zhengdan 958), commonly cultivated in China, in near-field conditions. Tair 
and RH were obtained from Beijing average data for the growing season between the 
15th of June to the 15th of October between 2000 and 2016. To simulate moderate 
heat waves, we set the maximum midday air temperature observed between 2000 and 
2016 over the growth stage in 8 specific dates, referred as “hot days”. For water stress 
observation, two soil water content levels were applied in each lysimeter according 
to surface field capacity (SFC): (i) 100% SFC (control/wet) and (ii) 40% SFC (dry) 
(Paper II).  

Detailed information about lamps type, light intensity, soil characteristics and other 
specifications such as dimensions of the growth chambers and irrigation quantities 
and timing can be found in Papers I and II, and in Table 1. 

A total of 8 field campaigns were carried in a Danish eddy covariance (EC) willow 
plantation located in Risø, Denmak (DK-RCW) during spring-summer time of 2016 
and 2017. In this site, the soil is loam and the main species are Salix schwerinii, S. 
viminalis and Salix triandra. At the moment the field campaigns, canopy height was 
approximately 4m. Average annual temperature and precipitation during in this area 
is approximately 8⁰C and 613mm (FLUXNET, http://sites.fluxdata.org/DK-Eng/), 
respectively. More detailed information about the site can be found in Paper III.  

3.2 In-situ measurements 

Different measurements were conducted along this PhD in each of the experiments. 
Note that environmental parameters such as Tair and RH were always recorded. 

In the experiment described in Paper I, physiological parameters such as photosyn-
thesis (A), transpiration (Tr), and stomatal conductance (gs) at the leaf lever were 
obtained from measurements conducted with the open photosynthesis system LI-
6400. In the experiment described in Paper II, quantum yields of photochemistry 
(ФP(II)), fluorescence (ФF), non-photochemical quenching (ФNPQ) and the maximum 
quantum yield of photosystem II (Fv/Fm) were derived from measurements conducted 
with a pulse-amplitude modulation (PAM) Fluorometer. To assess the relation be-
tween the non-photochemical quenching (NPQ) emission and thermoregulation, we 
subtracted NPQ contribution from the outgoing longwave radiation and obtained a 
new temperature. In addition, sudden increase of diurnal Tair oscillation was used to 
interpret ФNPQ and Fv/Fm during hot events (see equations in Paper II). 

Canopy evapotranspiration was obtained from water balance using the weight of pots 
before and after irrigation in Paper I and using continuous measurements every 30 
minutes from lysimeters in the Paper II.  

http://sites.fluxdata.org/DK-Eng/
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In both experiments, we measured absolute chlorophyll concentration (chl, µg cm−2) 
with the SPAD 502 Plus leaf chlorophyll meter and canopy height (hc) from the soil 
surface to the highest point of the plant with tape measure. Leaf area index (LAI) was 
estimated from a leaf length and width relation as in Chen et al. (2019) and Tan et al. 
(2017) and shown in Paper II, while we used the plant canopy analyser LAI-2200C 
on the last day of the experiment in Paper I. Additionally, in Paper II, we took con-
tinuous measurements of leaf temperature (TL) recorded with thermocouples attached 
under specific leaves through a transpire tape, photosynthetic active radiation (PAR) 
above and below the canopy intercepted by PAR sensors, soil surface temperature 
(Ts) and soil moisture content measured over the surface and at 20cm depth. After 
harvesting, crop yield was also estimated for each soil scenario. Further specifica-
tions of instruments references and more details of measurements can be found in 
Papers I and II. 

Eddy covariance (EC) tower, located in the middle of the field, measured enclosed 
path CO2 and H2O with a LI-7200 sensor to obtain evapotranspiration (ET) and gross 
primary productivity (GPP) at canopy level, used for model validation. Apart from 
Tair and RH, other micrometeorological observations such as intercepted PAR, wind 
speed and direction, air pressure and soil moisture were recorded. In-situ soil mois-
ture was also recorded with a portable TDR probe to measure special variability of 
soil moisture. In addition, net radiation components and PAR above, below and re-
flected by the canopy were measured. Further specifications of instruments refer-
ences and more details of measurements can be found in Papers III. 

3.3 Remote sensing measurements and models 

3.3.1 Optical and thermal remote sensing measurements 

During every experiment, remote sensing measurements were taken over the canopy. 
In the RERAF experiment in Paper I, radiation was measured by using the Cubert 
UHD 185 camera (UHD; Cubert GmbH, https://cubert-gmbh.com). This camera pro-
vides hyperspectral images between the spectral bands 450 and 950 nm along 125 
channels. We used a spectralon target to characterize irradiance from the lamps and 
calculate reflectance. In addition, thermal images were taken from a FLIR Tau2 324 
camera (FLIR Systems Inc, Wilsonville, Oregon, USA), which detects longwave ra-
diation between 7.5 µm to 13.5 µm. Further specifications of remote sensing meas-
urements conducted can be found in Paper I. 

In the WATDPED experiment in Paper II, we measured radiation with a handheld 
spectroradiometer (ASD, FieldSpec HandHeld 2™, Analytical Spectral Devices, 
Inc., Boulder, USA), which provides leaf average data in the VNIR range between 
325 and 1075 nm along 750 channels.  Irradiance characterization from the lamps 

https://cubert-gmbh.com/
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and reflectance was obtained by using a spectralon target. In the thermal domain, 
besides thermocouples under the leaf, we used Fluke Ti55 infrared FlexCam thermal 
imager (Fluke Corporation, Everett, WA), which combines visible and infrared im-
ages between 8 and 14 µm. To extract leaf radiometric temperature (TRad), we man-
ually pre-selected vegetation leaf cover pixels using Fluke SmartView IR Analysis 
Reporting Software (Figure 4). From the area selected, we obtained the average tem-
perature, the maximum, the minimum and the standard deviation of leaf pixels.   

 
Figure 4. Image example taken with the infrared camera Fluke, with the interest leaf area selected 
manually with the Fluke SmartView IR Analysis Reporting software, showing maximum (max), min-
imum (min) and average (avg) value of the selected area. 

Brightness temperature was obtained with the following equation: 

𝜀𝜀𝐿𝐿 ∙ 𝜎𝜎 ∙ (𝑇𝑇𝑏𝑏 + 273.15)4 =  𝜎𝜎 ∙ (𝑇𝑇𝑅𝑅𝑅𝑅𝑅𝑅 + 273.15)4 + (1 − 𝜀𝜀𝐿𝐿) ∙ 𝜎𝜎 ∙ (𝑇𝑇𝑏𝑏𝑅𝑅𝑏𝑏𝑏𝑏 + 273.15)4 

Where Tback (⁰C) is background temperature subtracted from incoming longwave ra-
diation, TRad (⁰C) is the radiometric temperature from the thermal sensor and εL is the 
leaf emissivity equal to 0.98.  

Remote sensing measurements in Paper III were conducted with an unmanned aerial 
system (UAS) carrying a digital, multispectral, and thermal cameras. Radiation was 
measured with the six-band multispectral camera Tetra mini-MCA (Multispectral 
Camera Array, Tetracam, Chatsworth, CA, USA). To calculate reflectance and veg-
etation indices (VIs), we used a spectralon target and an ASD. Canopy temperature 
was obtained from the FLIR Tau2 324, which is the same thermal infrared camera 
used in Paper I. RGB images from a Sony (DSC-RX100) digital camera were used 
to create digital surface model. More details about the payload setup and flight cam-
paigns can be found in Paper III.  

It is important to outline that all the instruments were previously calibrated and val-
idated to assure the trustworthiness of the data. 
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During this study, several VIs were investigated to detect changes in physiology, 
morphology, and biochemistry to water stress and to estimate model constraints. In 
Paper I, a total of 13 VIs were calculated to assess water stress changes.  The VIs 
selected were related to structural properties such as the normalized difference veg-
etation index (NDVI), the enhanced vegetation index (EVI), the optimized soil ad-
justed vegetation index (OSAVI), the red-edge inflection point (REIP) and the red-
edge normalized difference vegetation index (rNDVI). In addition, we investigated 
VIs associated to pigments like the transformed chlorophyll absorption in reflectance 
index (TCARI), the ratio between TCARI/OSAVI, the ratio between reflectance at 
700 and 670 nm (R700/670), the pigment specific normalized difference index (PSNDc) 
and the modified anthocyanin reflectance index (mARI). Moreover, we calculated 
VIs associated to photochemical activity such as the photochemical reflectance index 
(PRI), the similar photochemical reflectance index (sPRI) and the modified photo-
chemical reflectance index (PRI(570-515)). More detail about VIs wavelengths and in-
formation can be found in Paper I. For estimation of modelling constraints at field 
scale (canopy level) in Paper III, we used NDVI and the soil adjusted vegetation 
index (SAVI) as expressed in Wang et al. (2018). NDVI was used to retrieve LAI 
and SAVI to estimate the green vegetation fraction.  

Leaf-air temperature difference (ΔT) was also used to interpret changes due to water 
stress in Paper I. Additionally to drought detection, ΔT was used to assess effects of 
moderate heat waves and diurnal variations as well as used for modelling purposes 
in Paper II. 

3.3.2 Modelling 

During this PhD thesis, a machine learning partial least square regression (PLS-R) 
model was developed. To predict physiological parameters such as gs, Tr and A, we 
used hyperspectral, thermal and hc information combined, but also separately. Thus, 
the model was applied multiple times. In addition, the model was applied for soybean 
and maize individually for each crop, but also together. Note that hc was used as 
predictor with the prospective to be estimated from photogrammetry techniques or 
from light detection and ranging (LiDAR) sensors in the future. Before using PLS-R 
model, data normalization was conducted to remove undesirable obstructive system-
atic. PLR-R was applied to a 70% random split of the data used for calibration. The 
remaining 30% was used for validation as shown in Figure 5. This partition was con-
ducted over 500 bootstrapped iterations allowing us to evaluate PLS-R uncertainty. 
To find the optimal number of latent variables (LV) able to explain enough variance 
and avoid over-fitting, we used 10-fold cross validation in the calibration sets by 
minimizing the corresponding mean squared error over 15 LV. Evaluation of model 
performance was conducted from the coefficient of determination (R2), the 
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normalized root mean squared error (NRMSE) and the model bias of the calibrated 
and validated datasets. More details of PLS-R model can be found in Paper I. 

 
Figure 5. Descriptive schema of partial least square regression (PLS-R) model developed in Paper I. 

Two physically-based models were used during this thesis. The first model developed 
was at the leaf level for indoor conditions. The second model was implemented by 
Wang et al. (2018) and applied at canopy level in outdoor conditions. 

In indoor conditions, at leaf level, we used leaf energy balance equation to estimate 
gs and Tr. As model inputs we used the environmental parameters Tair and RH, in-
coming and outgoing PAR at canopy level, incoming PAR at leaf level as well as 
incoming and outgoing radiation from ASD measurements. In addition, we used leaf 
width (wL), TL, Ts and TRad. Note that most of the measurements were continuously 
measured every 10 minutes, except for wL, leaf radiation and Trad. Figure 6 shows a 
workflow of the most important parameters used. 

In this model, several assumptions were made: (i) heat storage and metabolic heat 
production were neglected, as we assumed steady state conditions and metabolic heat 
production is small compared to the other parameters of the leaf energy equation, (ii) 
spatial proportionality between canopy and leaf  as well as PAR and shortwave radi-
ation measurements and (iii) emissivity and albedo were assumed constant over the 
growing season for simplicity of model performance. To assess gs and Tr effects of 
maize TL regulation, we also applied the model assuming ΔT equal to zero, by setting 
the same values of TL as Tair. Model evaluation was conducted by upscaling modelled 
Tr from leaf to canopy level and comparing to ET at canopy level from lysimeter 
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measurements, using the coefficient of determination (R2) and the root mean square 
deviation (RMSD). More details about model equations can be found in Paper II. 

 
Figure 6. Workflow of leaf energy balance model. Orange boxes show parameters obtained from 
remote sensing, blue boxes are energy components and green boxes are the final outputs. 

At field scale, we applied the joint Priestley Taylor-Jet Propulsion Laboratory (PT-
JPL) evapotranspiration (ET) model (Fisher et al., 2008; García et al., 2013) com-
bined with the Light Use Efficiency (LUE) gross primary productivity (GPP) model 
(Monteith, 1972) improved and successfully implemented by Wang et al. (2018). The 
main model outputs of this joint model are ET and GPP. This model uses as inputs 
meteorological variables Tair, RH, atmospheric pressure, wind speed and shortwave 
incoming radiation. In addition, from remote sensing, it uses NDVI derived from a 
multispectral sensor and brightness temperature (Tb) from the thermal camera. Model 
validation was conducted with EC observations using R2, RMSD and relative error 
(RE). More details about this model can be found in Wang et al. (2018) and Paper 
III.  
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4 Results and discussion 

4.1 Ecophysiological assessment 

4.1.1 Responses to water stress 

Results in Paper I showed that a reduction of soil water content of about 60% caused 
significant decrease of canopy transpiration/evapotranspiration (ET) in soybean and 
maize of around 35% and 23%, respectively. However, this reduction was differently 
driven in each crop. For soybean, we observed about 34% significant decline on sto-
matal conductance (gs) and 24% in leaf transpiration (Tr), suggesting that the reduc-
tion on canopy transpiration was controlled through stomata (Figure 7). This was 
supported by significantly higher leaf temperature (TL) in the dry than wet soil mois-
ture scenario. For maize, changes in physiology such as gs, Tr and photosynthesis (A) 
were not significant, but evidence of structural and biochemical changes were ob-
served with lower leaf area index (LAI) and canopy height (hc) at the end of the 
experiment (Figure 7). This suggested that structural changes were the main control 
of ET drop. Although, we did not measure leaf water potential (ΨL) in our experi-
ments, responses of gs can be related to the anisohydric/isohydric concept, consider-
ing that stomata closure occurs due to lower ΨL (Salazar-Tortosa et al., 2018; 
Wijewardana et al., 2019). Thus, tight stomata control under soil water content re-
duction indicates a more isohydric behaviour, limiting Tr from soybean. Within the 
experiment conditions, maize could be classified as more anisohydric than soybean. 
However, as stated in the background, anisohydric/isohydric concept is complex, 
showing opposite classification in other studies for soybean (Costa et al., 2013; 
Tardieu and Simonneau, 1998) and maize (Costa et al., 2013; Martínez-Vilalta and 
Garcia-Forner, 2017; Q. Wang et al., 2018), likely associated to experimental de-
signs. 
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Figure 7. Mean seasonal values of a) canopy evapotranspiration (ET), b) leaf transpiration (Tr), c) 
leaf photosynthesis (A), and d) leaf conductance (gs) of soybean (blue boxes) and maize (dashed pink 
boxes) for the three soil moisture scenarios: wet/control (100% Water Holding Capacity, WHC), mid 
(70% WHC), and dry (40% WHC). Boxplots contain six replicates. Boxes show the 25th and 75th 
percentiles of the interquartile range (IQR), horizontal line represents the median of the data and 
whiskers extend from the edges of box to show 1.96 IQR. Points outside this range are outliers. 
Different letters indicate that differences are significant at p-value < 0.05 level (Figure 3 retrieved 
from Paper I). 

In Paper II, maize mean seasonal ET average was reduced from 1.66 mm day-1 to 
1.45 mm day-1, under 60% soil water content reduction. However, maize gs and Tr 
were significantly reduced without strong structural changes such as LAI or hc at the 
end of the experiment. However, after harvesting we did find lower crop yields for 
the drier soil scenario (Figure 8). Interestingly, in this experiment no differences be-
tween TL (measured with thermocouples) in wet and dry soil scenarios were shown. 
Although TL often increases under water stress due to a reduction on transpiration 
cooling (Gerhards et al., 2018, 2016; Leinonen and Jones, 2004), it is influenced by 
radiation budgets and atmospheric conditions (Costa et al., 2013; Hsiao, 1973). In 
fact, incoming radiation was significantly higher in the dry soil moisture scenario 
than the wet, but only for 9 W m-2. Moreover, it is possible that plants in the dry soil 
increased their roots to acquire water from deeper soil layers as suggested by Chen 
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et al. (2019), avoiding the increase of TL with water stress. Another explanation could 
be related with plants structure altering the atmosphere turbulence, conditioning TL 
response (Drake et al., 2020). Moreover, wind speed was practically null during the 
whole experiment, reducing ET and likely creating microclimates with temperature 
gradients around the growth chamber (Katsoulas et al., 2016). However, water stress 
increased the optimum temperature for photosynthesis (Topt) around 2 to 3⁰C (Figure 
9), indicating higher range of TL variation under drier soil conditions, mechanism 
already identified to cope with stress (O’sullivan et al., 2017; Yamori et al., 2014; 
Zheng et al., 2018). 

 
Figure 8. Crop yield of maize for wet (blue) and dry (dashed red) soil scenarios after harvesting at 
the end of the experiment conducted in the WATDPED. 

In experiments conducted in Paper I (RERAF) and Paper II (WATDPED), the 
common crop type was maize. However, different driven forces causing reduction of 
ET were observed. This could be explained by several factors differing from both 
experiments. For instance, setting environmental conditions were different in each 
experiment. In the RERAF experiment, we set constant air temperature (Tair) and 
relative humidity (RH) over the day with diurnal values of 25⁰C and 50%, 
respectively. In the WATDPED experiment, Tair and RH simulated average near-field 
environmental conditions from a Chinese database over 16 years, presenting diurnal 
patters with variation of Tair and RH over the day. For the whole season, diurnal 
average of Tair (≈25⁰C) and RH (≈54%) were very similar to the constant settings 
used in Paper I. However, in the WATPDED experiment during the vegetative stage, 
diurnal average Tair (≈28⁰C) and RH (≈60%) were higher than the constant values in 
the RERAF experiment under the vegetative stage of maize. Higher Tair in the 
WATDPED than the RERAF experiment during the vegetative stage could explained 
why in the RERAF experiment, maize gs and TL were not significantly reduced and 
increased, respectively, in response to water stress. It is possible that low Tair applied 
in the RERAF offset the effects of soil water stress, being not high enough. Support 
to these results was given by previous studies with maize under 27-28°C, successfully 
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detecting changes in TL (thermal information) due to water stress (Liu et al., 2011; 
Mangus et al., 2016).  

In addition, in each experiment soil conditions were different. In the RERAF 
experiment, plants (replicas) were grown in pots while in the WATDPED, they 
shared the soil. Despite the differences carried by soil composition, plants in the 
RERAF had less soil volume available, and thus roots had access to less soil and 
nutrients. It is possible that over time, under water stress, plants felt higher increase 
of stress with roots covering the pots and explaining stronger structural response in 
maize in the RERAF, but not in the WATDPED experiment. Other differences 
affecting this comparison among experiments could be related to different incoming 
illumination and varieties of maize. Furthermore, gs and Tr were modelled in the 
experiment of Paper II, which could also carry some uncertainties.  

4.1.2 Responses to air temperature variations: Thermoregulation  

From Paper II, we found that an increase of Tair also caused a fast increase in maize 
TL measured with thermocouples under the leaf (10 minutes after). However, leaf 
temperature excess (ΔT) was closer to zero with Tair rise, reaching the leaf equiva-
lence temperature point (Teq) at around 35⁰C in the wet soil moisture. The Teq varied 
between 33 and 38⁰C depending on aggregation of data (Figure 9). This range agrees 
with the Topt for maize plants proposed by Crafts-Brandner and Salvucci (2002) and 
Hatfield et al. (2011). Furthermore, the Tair – TL slope was between 0.65 and 0.8, 
indicating partial thermoregulation and classifying maize as “limited homeotherm”. 
From the relationship between the quantum yield of photosynthesis (ФP(II)), used as 
a proxy for A, and TL, we found an approximate Topt at around 38⁰C for the wet soil 
scenario. This value was within the Teq range supporting their relation as theoretically 
presented by (Michaletz et al., 2016). Under dry soil conditions, Teq increased rang-
ing between 35 and 41⁰C and with a Topt of about 41⁰C. This result indicates that 
plants with access to 60% less soil water content responded by adjusting their TL to 
water stress. According to several authors, an increase of Topt suggest acclimation 
(Schulze et al., 2019; Zheng et al., 2018).  

The main novelty of this experiment lies on the explanation of thermoregulation by 
the reduced non-photochemical quenching (NPQ) emission. After subtracting the ef-
fect of photosynthetic thermal dissipation (NPQ contribution) for the longwave radi-
ation, maize behaved as a poikilotherm presenting slope closer to 1 for both soil sce-
narios. In addition, we observed that thermoregulation was also associated to sto-
matal control and cooling, increasing when TL was levelled to Tair (ΔT = 0), assuming 
poikilothermic behaviour and compared to the variable ΔT measured. 
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Figure 9. Leaf thermoregulation: Relationship between a) air temperature (Tair) and leaf temperature 
(TL) for diurnal point values between 6:00 a.m. and 7:00 p.m., b) Tair and leaf-air difference (ΔT) for 
diurnal point values, c) Tair and TL for midday point values between 12:00 p.m. and 2:00 p.m. and d) 
Tair and TL for mean diurnal values between 6:00 a.m. and 7:00 p.m. Wet soil scenario in blue and 
dry soil in red for vegetative (dots) and reproductive (crosses) stages. Continuous blue line and 
dashed red line show the linear least squares regression for wet and dry data, respectively. Tables in 
the figure shows the following statistics: the slope, intercept, coefficient of determination (R2), p 
value (Wilcoxon test with Bonferroni correction, *p <= 0.05, **p <= 0.01, *** p <= 0.001 and ns = 
no significant), upper and lower 95% confidence interval (CI) values and the leaf-equivalence tem-
perature (Teq), where it is expected that least-square regression lines will cross with the 1:1 line (black 
dashed line). Hot days are yellow shaded (Combination of Figure 4 and Figure S3 in Paper II). 

Note that Topt varies between growth stages and environmental conditions (Hatfield 
and Prueger, 2015; Zheng et al., 2018). Thus, finding a common and precise value 
can be difficult. However, an approximated Topt already provides certain indication 
between water and carbon regulation within a plant (Duursma et al., 2014; Moore et 
al., 2021). In fact, in Paper II, having most of our data below the Topt explains the 
significant increase of ФP(II) and the maximum quantum yield of photosystem II 
(Fv/Fm) increase with warmer Tair during normal days. Increase of ФP(II) decreased 
quantum yields of fluorescence (ФF) and non-photochemical quenching (ФNPQ). In 
addition, other functional optimums can help to better interpret the results such as 
the optimum of gs (Duursma et al., 2014; Moore et al., 2021). In our experiment, this 
gs optimum was found at VPD ≈12 hPa. Between the optimal gs and Topt, gs 
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significantly decreased with sub daily increase of Tair. It seems that changes in gs 
were more driven by VPD than by Tair dynamics, as a previous study showed that 
under constant VPD, gs was positively correlated with Tair (Urban et al., 2017). How-
ever, it is also possible that roots did not had sufficient access to soil water to support 
the higher atmospheric demand (Tuzet et al., 2003). During normal days, low sub 
daily variation was observed in Tr, especially during the vegetative stage. During the 
reproductive stage, maize slightly reduced Tr cooling during the afternoon with a 
drop of Tair. Changes of Tr were associated to ΔT and soil moisture dynamics. Overall, 
during normal days, physiological parameters in the dry soil moisture were slightly 
lower than in the wet, which led to lower crop yields for plants with 60% reduction 
in soil water content as shown in Figure 8. However, maize kept growing, supporting 
certain acclimation. 

Under hot events (extreme Tair variations), polynomial regression will be expected to 
inhibit A about the Topt as shown in previous research (Wahid et al., 2007; Zheng et 
al., 2018). Moreover, Fv/Fm showed lower response than during normal days. Only 
during hot days, Fv/Fm was strongly correlated with the sudden increase of Tair (Tshock) 
for both soil scenario, but also ФP(II) in the wet soil. Explanation to these responses 
can be related to higher reduction of rubisco activation to sudden Tair increase com-
pare to more gradual sub daily Tair variations (Crafts-Brandner and Salvucci, 2002). 
Furthermore, more drastic response on gs and Tr were found. While gs extended its 
decline in time, reaching the minimum a few minutes after than during normal days 
in both soil scenarios, especially in the dry soil, Tr showed enhancement until 12:40 
p.m. with a sharp drop after that. This suggests a control of cooling from stomata. 
The minimum Tr was lower in the dry soil scenario and reached about 30 minutes 
later than in the wet soil, which indicates a stronger negative impact on gs and Tr 
when moderate heat waves and water stress are combined. 

4.2 Remote sensing synergies and modelling 

4.2.1 Optical and thermal remote sensing assessment 

In Paper I, in the wet soil scenario, we observed that maize reflectance was lower 
than soybean reflectance in the VNIR, presenting higher energy absorption. In 
addition, we found higher thermal emission from maize than soybean. Higher 10% 
seasonal average reflectance in soybean than maize in the NIR domain could also 
indicate lower LAI for maize than soybean, corresponding to previous findings 
(Thenkabail et al., 2016). 

The seasonal average reflectance for hot and normal days as well as for wet and dry 
soil mositure scenarios in the WATDPED experiment are shown in Figure 10. We 
observed that  maize decreased reflectance over the whole spectrum in the dry soil 
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compared to the wet, likely caused by water stress as also shown in vineyards reflec-
tance response by Rapaport et al. (2015).  In the wet soil scenario, reflectance was 
clearly higher for normal than hot days. However, contrasting response was observed 
in the dry soil with higher reflectance for hot than normal days, except between the 
green band at 550nm and the red-edge (670nm), and around the NIR plateau (between 
810nm and 830nm). Combined effects of water stress and moderate heat waves 
seemed to affect reflectance differently than issolating water and temperature 
stressors.  

 
Figure 10. Seasonal average reflectance of maize plants in wet (100%SFC, blue continuous line) and 
dry (40%SFC, red dashed line) soil moisture scenarios for normal and hot days shown with different 
line thickness. Zooming region between 500 and 700 nm is shown in the right figure and zooming 
region between 750 and 850 nm is shown inside the reflectance figure. 

Leaf radiometric temperature (TRad) from the infrared camera in Paper I showed sig-
nificant changes to water stress in soybean but not in maize as previously explained. 
From the WATDPED experiment, TL measured with thermocouples provided strong 
correlation (R2>0.85) with brightness temperature (Tb) subtracted from measure-
ments with the infrared camera, especially for the wet soil scenario. In the dry soil 
scenario, the standard deviation of the residuals (RMSE) was 2⁰C, showing lower Tb 
for high values of TL. However, in the wet soil the residual were slightly higher than 
1⁰C indicating good estimation from thermal images and supporting the benefits of 
using thermal remote sensing to detect water stress, as in previous research (Costa et 
al., 2013; Liu et al., 2011).  
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Figure 11. Leaf temperature measured with thermocouples under the leaf (TL) compared to average 
leaf temperature subtracted from the thermal infrared camera (TRad) for wet (blue dots) and dry (red 
crosses) soil moisture scenarios during experiment in paper II. Error bars show variability among 
replicas. Coefficient of determination (R2) and root mean square error (RMSE) are also given. Dotted 
line shows the 1:1 line 

Paper III showed that UAS optical and thermal remote sensing data was validated 
with ASD and temperature retrieved from the longwave incoming radiation from the 
tower station, respectively. This showed good agreement over the flight campaigns 
(R2>0.97 and RMSD<3%).  

In Paper I, vegetation indices (VIs) and ΔT obtained from average top of the canopy 
pixel from hyperspectral and thermal cameras, respectively, were able to capture 
physiological, morphological, and biochemical responses to water stress in each crop 
as explained in section 4.1.1. Under soil drought, soybean gs and Tr were only signif-
icantly correlated with ΔT, but not for maize. Instead, maize gs and Tr were sensitive 
to indices associated to structural properties (NDVI, rNDVI, EVI, OSAVI and REIP), 
VIs related to pigment content (TCARI, PSNDc and mARI) and VIs correlated with 
photosynthetic activity such as PRI(570-515) and sPRI.  

4.2.2 Modelling results 

In Paper I, most of the VIs studied did not only respond to water stress, but they were 
affected by phenological changes. Additionally, the VI variance explained in relation 
to drought was not sufficient to estimate leaf gs, Tr and A. Thus, we also applied 
partial least squares regression (PLS-R) model combining hyperspectral, thermal and 
hc data. Firstly, from this analysis and within the experiment conditions, more 
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accurate results were found from PLS-R modelling of gs, Tr, and A using simultane-
ously hyperspectral data with both crops than separately. Secondly, we found that 
model performance improved when incorporating TRad to estimate soybean physiol-
ogy, especially gs and when adding hc to estimate maize physiology, especially Tr. 
Finally, PLS-R model allowed to identify the most important wavelengths sensitive 
to water stress to estimate gs, Tr and A in each crop shown in Figure 12. Variable 
importance of projection (VIP) scores showed that the most important shortwave 
wavelengths to estimate the studied physiological parameters (gs, Tr, and A) were 
commonly centred in regions that correspond to the absorption of chlorophyll b (516 
nm), chlorophyll a (691 nm), the red edge (780–783 nm), and the NIR plateau (831 
and 850 nm) for soybean. In the case of maize, the VIP scores showed a more spread 
response. However, the red-edge bands at around 700 and 760–780 nm were the most 
important for estimating the studied parameters. The main wavelengths were not cen-
tred exactly in the same bands as the VIs studied, previously found to be sensitive to 
water stress (Ballester et al., 2018; Katsoulas et al., 2016; Maimaitiyiming et al., 
2017). Thus, satisfactory results from PLS-R showed the importance of using con-
tiguous narrow spectral bands to predict leaf physiology. In addition, these results 
emphasized on the fact that different crops such soybean and maize show varying 
VNIR responses to water stress, supported by ecophysiological adjustments ex-
plained in section 4.1.1. 

 
Figure 12. Variable importance of projection (VIP) scores for maize (red dashed line) and soybean 
(blue continuous line) for a) leaf stomatal conductance (gs in mol H2O m−2 s−1), b) leaf transpiration 
rate (Tr in µmol CO2 m−2 s−1) and c) leaf photosynthetic CO2 assimilation rate (A in µmol CO2 m−2 
s−1). VIP peaks are shown with black crosses for soybean and black dots for maize. Vertical grey 
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shaded area represents the full width at half maximum (FWHM) of each peak and the threshold VIP 
= 1 is represented by a straight black line. (Retrieved from Figure 9 in Paper I) 

To obtain leaf gs and Tr over time in Paper II, we used a leaf energy balance approach 
with continuous measurements of environmental parameters, structural properties, 
and TL. For model evaluation, we upscaled Tr from leaf to canopy level, which was 
significantly correlated (R2>0.7, RMSE < 15.5 Wm-2) with evapotranspiration at can-
opy level measured with the lysimeter (Figure 13). Note that upscaled Tr from the 
model only accounted for transpiration while ET also included evaporation from the 
soil. This could explain why modelled canopy transpiration saturates at around 40 
Wm-2. 

 
Figure 13. Scatter plot between 5 days average evapotranspiration at canopy level measured with the 
lysimeter (λEc,measured) compared to transpiration at canopy level obtained from modelled leaf tran-
spiration with leaf energy balance and upscaled to canopy level (λEc,modelled) for wet (blue dots) and 
dry (red crosses) soil moisture scenarios. Regression lines, coefficient of determination (R2) and root 
mean square error (RMSE) are also given. Dotted line shows the 1:1 line (Subtracted from Figure 13 
in Paper II) 

Figure 14 retrieved from Paper III showed that the joint “top down” PT-JPL ET and 
LUE GPP model was adequate to estimate evapotranspiration as latent heat (LE) and 
gross primary productivity (GPP) with a root mean square deviations of 39.4 Wm−2 
and 5 µmol m−2 s-1, respectively. In addition, we observed that simulated LE and GPP 
were able to capture diurnal variation compared with EC observations over the day 
for each flight campaign. In general, simulated LE was within the error range, while 
simulated GPP was slightly overestimated during the midday and underestimated 
during the rest of the day. Explanation to this can be related to neglected PAR influ-
ence to LUE, as higher PAR intensity during noon can saturate canopy A and reduce 
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LUE (Ibrom et al., 2008). Nevertheless, results showed that models using optical and 
thermal remote sensing can provide good estimates of carbon and water fluxes at leaf, 
canopy, and field scales.  

 
Figure 14. Scatter plots between simulated and observed a) gross primary productivity (GPP) and b) 
evapotranspiration in latent heat units (LE). Observed data was obtained from eddy covariance (EC) 
footprints for validation. The blue circles are the averaged LE from all instantaneous simulations and 
red line shows the 1:1 line (Retrieved from figure 10 in Paper III).  
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5 Conclusions  

During this PhD thesis, two main experiments in growth chambers were designed and 
conducted in Denmark and China to investigate ecophysiological responses to water 
stress and moderate heat waves in controlled environment. In addition, a hyperspec-
tral and thermal data machine learning model was developed to assess synergies be-
tween optical, thermal and crop height information to find better estimates of eco-
physiological changes to water stress. Furthermore, a physically based model was 
developed to estimate leaf level stomatal conductance and transpiration in indoor 
conditions using continuously measured environmental parameters, leaf temperature 
and structural properties. Finally, from eight flight campaigns conducted with an 
UAS using optical and remote sensing, we applied a big leaf physically based model 
to estimate GPP and ET at field scale.  

This thesis led us to answer the specific question from the objective with the follow-
ing conclusions: 

1. Ecophysiology:  

a. What are the drought coping strategies of soybean (C3) and maize (C4) 
under controlled conditions?   

For the same environment conditions with a 60% reduction in soil water 
content, both crops soybean and maize declined canopy evapotranspiration 
around 35% and 23%, respectively. Soybean coped with water stress with 
physiological adjustments while maize showed structural changes to water 
stress, supported by thermal and optical remote sensing information. This 
result indicated that soybean behaves more as an isohydric and maize as 
anisohydric within the experimental conditions.  

b. How does maize regulate leaf temperature in response to average and 
extreme diurnal oscillations (hot events) in air temperatures during a 
growing season in a near-field growth chamber experiment?   

Maize leaf temperature responds fairly fast to an increment of air temper-
ature, increasing after approximately 10 minutes from sub daily infor-
mation. However, the increase is lower until the leaf equivalence temper-
ature point associated to the optimum temperature for photosynthesis. This 
indicates that maize partially thermoregulates over the growing season 
with an optimum temperature between 33 and 38⁰C and behaves as “lim-
ited homeotherm”. In addition, results indicated that thermoregulation was 
explained by a reduction on the thermal dissipation from photosynthesis 
towards the metabolic optimum and associated to stomatal regulation and 
cooling. Under extreme air temperature (hot events), stomatal conductance 
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and transpiration were more drastically affected by temperature variations 
and the maximum quantum yield of photosystem II decreased with higher 
oscillation of diurnal air temperature.  

2. Remote sensing synergies and modelling:  

a. What are the benefits of machine learning partial least squares regres-
sion (PLS-R) model to predict leaf ecophysiology compared to nar-
rowband indices?  

A PLS-R model using hyperspectral, thermal and canopy height infor-
mation proved to better estimate leaf stomatal conductance, transpiration, 
and photosynthesis of soybean and maize than conventional vegetation 
narrowband indices. PLS-R predictions were able to capture different cop-
ing strategies of soybean and maize. The model to predict soybean physi-
ology was improved by incorporating thermal information while for maize 
model predictions improved by adding morphological traits information. 
In addition, PLS-R results showed that important wavelengths to predict 
physiological changes to stress not always are centered in the same bands 
as vegetation indices and can vary among crops. Thus, taking advantage 
of hyperspectral information can help to better understand ecophysiology 
responses to environmental changes. 

b. Can models relying on information from remote sensing synergies 
(e.g. reflectance, thermal and crop height estimates) provide good es-
timates of carbon and water fluxes at leaf, canopy, and field scales 
compared to in situ sensors?  

Indeed, estimations of soybean and maize leaf photosynthesis, transpira-
tion and stomatal conductance were improved when using a combination 
of hyperspectral, thermal and canopy height information with the PLS-R 
model. In addition, a joint model using optical and thermal remote sensing 
can provide accurate estimates of carbon and water fluxes at leaf, canopy 
and field scales over space and time. Results showed that leaf energy mod-
elling approach was able to estimate leaf stomatal conductance and tran-
spiration with adequate accuracy, based on upscaled canopy transpiration 
(R2>0.7 and RMSD<15 Wm-2). In addition, at canopy and field scale,  the 
joint “top down” or big leaf model PT-JPL ET and LUE GPP model was 
able to capture ET and GPP with a root mean square deviations of 39.4 
Wm−2 and 5µmol m-2 s-1, respectively.  

Models exploiting synergies between optical, thermal, and canopy height information 
can improve modelling frameworks and remote sensing acquisition to understand 
crops responses spatially and temporarily to abiotic stressors such as water and 
temperature.    
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6 Future research 

6.1 Potential of indoor farming  

Increase of food and water demands can lead to negative impacts on land-use, which 
requires reduction of land conversion by improving crop productivity or reducing 
agriculture (IPCC, 2020). To maximize crop production, indoor environments such 
as greenhouses and growth chambers offer two main opportunities: (i) a controlled 
environment where external factors affecting crops such as heat waves or drought are 
controlled and (ii) the possibility to test potential climatic disasters in advance, to 
understand and overcome crop responses to them. From our two experiments con-
ducted in growth chambers, we found that different types of crops such as maize and 
soybean behaved with varying strategies to water stress within the experimental con-
ditions. In addition, as a novelty, we were able to explain the thermoregulation con-
cept in maize plants. These results present a potential in the used of growth chambers 
for testing responses of crops towards environmental changes. However, the main 
uncertainty relies on artificial illumination affecting plants reflectance and tempera-
ture, as lamps emit more thermal than shortwave radiation (Hikosaka et al., 2016). 
Differences between artificial and sunlight emission can possibly underestimate 
stress effects, like expressed by De Boeck et al. (2016b) for heat waves. However, 
Schuerger and Richards (2006) found positive results to plant stress under different 
artificial light sources, suggesting that tungsten halogen lamps were the best choice 
to collect plant responses through remote sensing signatures. In addition, green-
houses allow to take advantage of sun illumination. Another uncertainty of indoor 
conditions can be associated to wind speed. Less wind can create microclimates with 
temperature variations within a growth chamber (Katsoulas et al., 2016), showing 
different plants responses to field conditions. Thus, although this work has showed a 
strong potential to further assess plant behaviour to water stress and heat waves, these 
findings will need to be tested in the field. Furthermore, improvements of growth 
chamber experiments will be required. Standardization in measurements plays a fun-
damental role, which can be achieved by automatization, strict protocols and better 
control of the full area under study. Finally, with the opportunities to better control 
water consumption by crops and the use of pesticides, experiments like the ones we 
did can benefit future applications such as vertical farming. 
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6.2 Remote sensing platforms and sensors 

Our Unmanned Aerial System (UAS) setup in the optical and thermal domains com-
bined with modelling showed the ability to provide high resolution information to 
properly estimate water and carbon fluxes over space and time in a willow plantation. 
Potential applicability of this system can be implemented in areas such as precision 
farming, agriculture, forestry, and bioenergy production. However, the multirotor 
UAS platform was limited by its payload capacity, allocating up to 2 kg, and time 
flight duration (maximum 20 minutes flight time). Vertical and take-off landing 
(VTOL) UASs offer longer flight endurance and weight capability, assuring more 
stable flights than multirotor (Saeed et al., 2018). With larger payload capacity, UASs 
can further exploit synergies between spectral domains. From our results, we found 
that structural properties can improve estimation of physiological changes under wa-
ter stress in maize, suggesting the implementation of light detection and ranging (Li-
DAR) sensors. In addition, other spectral domains such as microwave would improve 
the ecophysiological assessment. For instance, microwave remote sensing was sug-
gested as good proxy to detect leaf water potential (Konings et al., 2017). Our results 
in indoor experiments proved the relevance of using hyperspectral imaging. Thus, 
combination of hyperspectral sensors and cosine receptor measuring downwelling 
irradiance is recommended to capture instantaneously incoming radiation to obtain 
reflectance more precisely (Burkhart et al., 2016). This setup as well as implementa-
tion of a gimbal pointing in nadir direction can reduce disturbances on plant reflec-
tance and temperature caused by anisotropy effects (Burkart et al., 2015; Burkhart et 
al., 2016). Other interesting instrument to improve models is the wind speed param-
eter, which can be measured by a pitot tube (Cho et al., 2011). Additionally, with the 
advances on machine learning tools, autonomous UASs are around the corner, which 
are expected to reduce deployment time during flight campaigns and provide quanti-
tatively more reliable data over time. Although satellites provide lower resolution 
and data is affected by clouds, they are among the most promising remote sensing 
platform due to their flexibility, allowing synergies between remote sensing domains. 
For instance, joint of optical, fluorescence, thermal and microwave domains com-
bined with machine learning were able to improve estimates of crop yield of soybean 
and corn (Guan et al., 2017). Future perspective can involve combination and vali-
dation to UASs approach from satellite data or vice versa. 

6.3 Modelling perspectives 

During this study, a driven based model and two physically based models were ap-
plied, showing optimal estimation of water and carbon fluxes, but also being able to 
detect water stress and assess effects to average and extreme air temperature varia-
tions. However, the potential of modelling techniques is huge. With an increase of 
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computational speed and new technologies, the possibilities are endless. For instance, 
the partial least squares regression (PLS-R) model it is just the first step to more 
advance machine learning techniques such as support vector regression, relevance 
vector machines, kernel ridge regression and Gaussian processes regression (Verrelst 
et al., 2015). In relation to physically based models, radiative transfer models (RTM) 
such as PROSAIL (combination of PROSPECT leaf radiative transfer and SAIL can-
opy bidirectional reflectance models) are widely used in remote sensing to directly 
estimate reflectance response or indirectly retrieve physiological properties of vege-
tation (Verrelst et al., 2018). New knowledge of structural and biophysical data could 
potentially be implemented in RTM, by using tools such as the Automated Radiative 
Transfer Models Operator (ARTMO) toolbox. Furthermore, it would be interesting 
to investigate more photosynthesis models and upscaling techniques from leaf to can-
opy levels. One of the pioneer models in this respect is the Soil Canopy Observation, 
Photochemistry and Energy fluxes (SCOPE) model, that combines optical, fluores-
cence and thermal spectral domains are interesting to more deeply assess ecophysi-
ology from a remote sensing perspective (van der Tol et al., 2009).  
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