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Annotation 
 

Chlorophyll fluorescence imaging has become a versatile and standard tool in 
fundamental and applied plant research. This method captures two dimensional 
time series images of the chlorophyll fluorescence emission at the leaf surface 
or whole plants upon various illuminations, typically combination of actinic 
light and saturating flashes. Several standard chlorophyll fluorescence 
parameters have been recognized that have physiological interpretation and are 
useful for, e.g., assessment of plant health status and early detection of biotic 
and abiotic stresses. The standard fluorescence utilizes well defined single 
image such as F0, Fp, Fm, Fs or arithmetic combinations of basic images such as 
Fv/Fm, ΦPSII, NPQ, qP. Images of certain physiologically relevant chlorophyll 
fluorescence parameters allowed us to examine the photosynthetic efficiency of 
plants, their physiological response in different parts of leaves and in whole 
plants. Although these standard fluorescence parameters have physiological 
interpretation, their distribution in the leaf area does not provide information at 
the early stage of plant stress. However, it is sometimes important to find the 
most contrasting images of leaves or plants to quantify the stress response at a 
very early stage. Therefore, we have developed advanced statistical techniques 
based on statistical classifiers and feature selection methods to select sets of 
high-contrasting images out of hundreds of captured time series chlorophyll 
fluorescence images. Combinatorial imaging then used to combine high 
performing images to create the most contrasting image that represents such an 
early stage of stress, regardless of their physiological interpretation. Therefore, 
the application of advanced statistical methods on fluorescence data can 
succeed in tasks where conventional approaches do not work. 

This thesis provides options of using standard chlorophyll fluorescence 
parameters and advanced statistical methods based on combinatorial imaging 
(use of classifiers and feature selection methods) for high-throughput screening. 
We demonstrate the applicability of these approaches in discriminating three 
species of the same family Lamiaceae at a very early stage of their growth. 
Furthermore, we show that chlorophyll fluorescence imaging can be used for 
measuring cold and drought tolerance of Arabidopsis thaliana and tomato 
plants, respectively, in a simulated high – throughput screening. 
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Anotace  
 

Zobrazování kinetiky fluorescence chlorofylu se stalo univerzálním a běžným 
nástrojem v základním i aplikovaném výzkumu rostlin. Tato metoda zachycuje 
časovou řadu dvourozměrných obrazů fluorescence chlorofylu v ploše listů 
nebo celých rostlin v různé ozářenosti; typickým protokolem je kombinace 
aktinického světla a saturačních pulzů. V minulosti bylo identifikováno několik 
parametrů fluorescence chlorofylu, které mají fyziologickou interpretaci a jsou 
důležité např. pro hodnocení zdravotního stavu rostlin a pro včasnou detekci 
biotického i abiotického stresu rostlin. Standardní fluorescenční indexy 
používají buď jeden základní fluorescenční parametr (F0, Fp, Fm, Fs), nebo 
aritmetickou kombinaci základních parametrů (Fv/Fm, ΦPSII, NPQ, qP). Ačkoliv 
tyto standardní fluorescenční parametry mají fyziologickou interpretaci, jejich 
distribuce v ploše listu/rostiny nemusí poskytovat informaci o časné fázi stresu 
rostlin. Proto je někdy důležité najít nejvíce kontrastní obrázky jiných 
fluorescenčních parametrů tak, aby kvantifikovaly stresovou reakci rostliny v 
její rané fázi. Pro výběr vysoce kontrastních obrazů fluorescence chlorofylu ze 
stovek pořízených snímků během časové řady jsme vyvinuli pokročilou 
statistickou techniku, založenou na klasifikátorech a feature selection 
metodách. Metoda combinatorial imaging vyvinutá v naší laboratoři využívá 
kombinaci několika obrázků fluorescenčních parametrů, nezávisle na jejich 
fyziologické interpretaci, k vytvoření co nejkontrastnějšího obrázku pro potřeby 
zobrazení např. včasné fáze stresu, rozlišení příbuzných druhů rostlin v porostu 
apod. Proto aplikace pokročilých statistických metod na fluorescenční data 
umožňuje uspět v úkolech, kde konvenční přístupy nefungují. 

Tato práce se snaží poskytnout srovnání možností využití standardních 
fluorescenčních parametrů a pokročilých statistických metod (použití různých 
klasifikátorů a feature selection metod) aplikovaných na fluorescenční data při 
snímání vysokého počtu rostlin (High-throughput screening). Demonstrujeme 
použitelnost těchto přístupů při rozlišení tří druhů stejného rodu Lamiaceae ve 
velmi rané fázi růstu. Dále ukazujeme, že zobrazování fluorescence chlorofylu 
lze použít při měření tolerance rostlin na chlad a sucho u huseníčku 
(Arabidopsis thaliana) a rajčat, a to v simulovaných high-throughput 
screeningových  pokusech.  
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Chapter’s overview 
 

The first chapter of the thesis reviews the basics of plant photosynthesis and 
chlorophyll fluorescence. The structural components of photosynthetic apparatus, 
photosynthetic pigments, and photosynthetic reactions are concisely summarized. 
We further briefly describe fluorescence in higher plants with a detailed 
description of chlorophyll fluorescence transients and their parameters.    

The second chapter reviews the basics of statistical techniques used for analysis of 
chlorophyll fluorescence images. Technical details allowing dimensionality 
reduction of the chlorophyll fluorescence time series are discussed. We further 
describe the details of the employed classifiers and feature selection methods.   

The third chapter describes the plants, materials, and instrumentation comprising 
imaging FluorCam and experimental protocols.  

The fourth chapter presents the main results of this study. The chapter is divided 
into three sections: 4.1, 4.2 and 4.3.   

The section 4.1 demonstrates the discriminative potential of chlorophyll 
fluorescence imaging in a case study using three closely related plant species of 
the family Lamiaceae. None of the standard fluorescence parameters were able to 
discriminate between the three species at the early stage of their growth. The 
potential of eight different classifiers and four feature selection methods was 
compared in identification of fluorescence features that can yield the highest 
contrast between the species. This result can be potentially utilized for developing 
fluorescence based automatic machines that could discriminate crops and weeds at 
early stages of their growth. This could ultimately lead to a targeted use of 
agrochemicals. 

The section 4.2 demonstrates that chlorophyll fluorescence emission can be 
instrumental in measuring cold tolerance in Arabidopsis thaliana accessions. We 
used a collection of nine Arabidopsis thaliana accessions and compared their 
fluorescence features with cold tolerance quantified by the well established 
electrolyte leakage method on detached leaves. We demonstrate that chlorophyll 
fluorescence parameters: minimal chlorophyll fluorescence, maximum quantum 
yield of PSII photochemistry and steady state fluorescence normalized to minimal 
fluorescence are well correlated to the cold tolerance measured by electrolyte 
leakage methods. In order to further increase the capacity of the fluorescence 
detection to reveal the low temperature tolerance, we applied combinatorial 



 xvii 

imaging. We found that this method, by including the resolving power of several 
fluorescence features, can be well employed to detect cold tolerance already at 
mild sub-zero temperatures. The correlation between LT50EL and chlorophyll 
fluorescence parameters is very convincing for the application of fluorescence 
based methods in the selection of cold tolerant genotypes.   

The last section (4.3) deals with the application of chlorophyll fluorescence in 
comparing wild type and drought tolerant transgenic tomato line DTL-20, carrying 
ATHB-7 gene. We found that transgenic plants had reduced stomatal density and 
stomatal pore size, and exhibited an enhanced resistance to soil water deficit. Wild 
type and transgenic tomato plants were exposed to drought stress lasting for 18 
days. The stress was then terminated by rehydration after which the recovery was 
studied for another 2 days. Plant growth, leaf water potential, and chlorophyll 
fluorescence were measured during the entire experimental period. The 
chlorophyll fluorescence parameters: the non-photochemical quenching, effective 
quantum efficiency of PSII, and the maximum quantum yield of PSII 
photochemistry yielded a good contrast between the wild type and the transgenic 
plants from day 7, day 12, and day 14 of water stress, respectively. We suggest 
that chlorophyll fluorescence emission is an excellent indicator of the level of 
water stress and, thus, can be used to identify elevated drought tolerance in high-
throughput screens for selection of resistant genotypes.  
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1.  Introduction to photosynthesis 
 

 
1.1 Photosynthesis and components of photosynthetic apparatus 
 

Photosynthesis is a biological process where CO2 is converted to organic compounds such as 

sugars by utilizing sunlight. Photosynthesis is a biphasic process taking place in plants, algae 

and bacteria. In our study we are dealing with C3 plants. The first phase is called Light 

Reactions of Photosynthesis starts with absorption of light by antenna pigments located in 

light harvesting complexes (LHCs) of PS II and PS I within the thylakoid membranes of 

chloroplasts. After absorbing light, primary electron donor chlorophyll a (Chl a) enters in 

singlet excited state and transfers its excitation energy to the reaction centers of photosystems 

(PS II and PS I). There the energy initiates primary photochemical reactions that drive 

photosynthetic energy conversion. Electron ejected from water splitting gives NADPH and 

ATP as byproducts. The second phase, Dark Reactions of Photosynthesis occurs in the 

stroma of the chloroplasts. This process uses ATP and NADPH generated by the Light 

Reactions and drives the reduction of CO2 through Calvin-Benson cycle into sugars (Leegood 

et al., 2000).  

 

Figure 1 shows a schematic diagram of a typical higher plant showing in descending order of 

complexity: a leaf, cells, a chloroplast, thylakoid membranes and protein complexes. 

Chloroplasts organelles in higher plants are normally lens-shaped with dimensions of a few 

µm (Bradbeer, 1977). The aqueous fluids lying inside the chloroplast are called stroma that 

includes the enzymes involved in carbon fixation. Stroma contains stacks of thylakoid which 

host all proteins and pigment-protein complexes necessary for the light-driven reactions of 

photosynthesis. The stacks of thylakoids are called grana (singular, granum) due to its grain 

type appearance in the light microscope (Wildman et al., 1980). The grana are connected 

with each other by stromal lamellae. The compartment bounded by thylakoid membrane is 

called lumen.  

 
 
 



 2 

 

 
 
 
 
1.2     Photosynthetic pigments 
 

The leaves of higher plants contain several types of photosynthetic pigments: chlorophyll a 

(Chl a), chlorophyll b (Chl b) and carotenoids. These photosynthetic pigments capture 

sunlight that is utilized for photosynthesis. The typical absorption spectra of the 

photosynthetic pigments (Chl a, Chl b and carotenoids) are shown in Figure 2. Both 

chlorophylls show absorption maxima at wavelengths in the blue and red spectral regions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Schematic presentation of photosynthetic apparatus components in a typical higher 
plant in descending order of complexity. The first bubble shows a cross-section of a leaf with 
different types of cells in which the dark spots represent chloroplasts. The second bubble is 
showing chloroplast in which dark lines are thylakoids and stroma is the stippled area. The 
third bubble shows grana stack of thylakoids and the fourth bubble includes molecular 
structure of thylakoid membranes with a reaction center flanked by antenna complexes. 
Source: Molecular Mechanisms of Photosynthesis, by Robert E. Blankenship, 2002. 
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The Chl a possess a methyl group while Chl b contains a formyl group at carbon C-7 of the 

porphyrin ring (Figure 2, right panel). Chl b and carotenoids are accessory pigments that only 

collect sunlight and transport the energy to Chl a. Chl a not only acts as antenna collecting 

molecule but also as a primary electron donor in photosynthetic electron transport chain (for 

details see, section 1.3). Quantitative distribution of Chl a and Chl b are highly variable with 

respect to plants species as well as environmental stimuli in higher plants (Kitajima and 

Hogan, 2003). For example, the ratio of Chl a/Chl b generally lying from 3.3 to 4.2 in 

healthy sunlight adapted plants; however, it can be around 2.2 in shade-adapted plants grown 

at low light (Lichtenthaler, 1987).  

 

 

Carotinoids are classified into two groups, carotenes and xanthophylls. Carotenes are purely 

hydrocarbons, while xanthophylls contain hydroxyl groups (oxygenated carotenoids). 

Thylakoid membranes of higher plants contain small number of carotenoids such as the 

carotene (ß –carotene), xanthophylls (lutein and neoxanthin) and those participating in the 

xanthophyll cycle (violaxanthin, antheraxanthin, and zeaxanthin Fig 3, Young, 1993; 

Demmig-Adams et al., 1996). Inside the thylakoid membranes, carotenoids are linked to 

 
 

Figure 2. Left panel illustrates the absorption spectra of photosynthetic pigments: Chl a, Chl b 
and carotenoids (Source: http://www.life.illinois.edu/govindjee/paper/fig5.gif). Right panel 
shows molecular structures of Chl a and Chl b. Source: 
http://classroom.sdmesa.net/eschmid/Lecture19-Microbio.htm.  
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particular chlorophyll carotenoid-binding protein complexes of the Photosystems (Yamamato 

& Bassi 1996; Demmig-Adams et al., 1996). The distribution of carotenoids within PS I and 

PS II is highly heterogeneous. Generally, PSI contains higher amount of ß-carotene while PS 

II is enriched with lutein. The xanthophylls are distributed in rest of the Chl a- and b-binding, 

light harvesting antennae (Demmig-Adams et al., 1996). Carotenoids play key role in 

photoprotection of photosynthetic apparatus under excessive light and contribute to non-

photochemical quenching mechanisms (see section 1.5 also; Demmig-Adams et al., 1996; 

Krause & Jahns 2004). In fact, in nature solar irradiance on the plant surface varies rapidly 

due to sunflex as well as on a daily and seasonal basis. The xanthophyll cycle, violaxanthin-

zeaxanthin interconversions (Fig. 3), is one of the main components taking part in 

photoprotection by dissipating excessive light and prevents damage of photosynthetic 

apparatus. In presence of excess light, low thylakoid lumen pH ( i.e. high ∆pH) triggers 

formation of zeaxanthin (Zea) from violaxanthin using enzymes violaxanthin de-epoxidase 

(VDE, present in thylakoid lumen), and drives protonation of PsbS, a PS II subunit that is 

necessary for feedback de-excitation (qE) mechanisms (Külheim et al., 2002). Thus, 

xanthophylls can also participate in de-excitation of singlet excited chlorophyll molecule 

(1Chl*) and prevent alternative reaction pathways that generates reactive oxygen species 

(ROS) (Holt et al., 2005). The manipulation of photoprotective pathways can be used to 

improve the photosynthesis and enhance the productivity of crops in sub-optimal 

environmental conditions ( Murchie & Niyogi 2011). 
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1.3   Photosynthetic reactions 
 
Photosynthetic electron transport occurs across and along the thylakoid membranes. Four 

major protein complexes take part in the light-reactions of photosynthesis (1) Photosystem II 

(PS II), (2) Cytochrome b6-f complex (b6-f complex), (3) Photosystem I (PS I), and (4) the 

ATP synthase (ATPase), (Govindjee et al., 2010, shown in Fig. 4). These pigment-protein 

complexes are located in phospholipid-bilayer of the thylakoid membrane. Antenna pigments 

of the LHCs absorb light and transfer it to Chl a molecules that get excited into singlet 

excited state. The energy of this state is transferred in the form of exitons to reaction center 

of photosystems where they drive charge separations. The extracted electron from the 

reaction center of PS II transferred through several electron acceptors (Chl a, Pheo a, and 

 

Figure 3.  Xanthophyll cycle representing cyclic conversion of violaxanthin and 
zeaxanthin. In higher plants, three carotenoid pigments: violaxanthin, antheraxanthin and 
zeaxanthin are active in the xanthophyll cycle. In presence of high light, violaxanthin is 
converted to zeaxanthin via the intermediate antheraxanthin. This conversion of 
violaxanthin to zeaxanthin is catalyzed by the enzyme violaxanthin de-epoxidase (VDE) in 
lumen while the reverse reaction is performed by zeaxanthin epoxidase (ZE) in stroma of 
the chloroplast. Source: http://pcp.oxfordjournals.org/content/45/1/92/F1expansion 
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QA) and finally reached to QB. While transferring excitation energy Chl a molecule returns to 

its ground state by getting electron from O2- evolving complex (OEC) and again waiting to 

get energy from LHCs. The OEC is bounded with the tyrosine (Yz) residue on the luminal 

side of PS II. The OEC causes photolysis of water and the removal of O2 as a byproduct. 

Recently, the structure of oxygen-evolving PS II is revealed at 1.9 Å resolutions (Umena et 

al., 2011) and its detailed functioning is reviewed by Kawakami et al. (2011).The electron of 

QB further transferred to the cytochromes b6f complex through plastoquinone pool. The 

excitation energy is further transferred to mobile protein plastocynine (PC) which is present 

in the luminal side to transfer the electrons to PS I. Inside the core of  PS I  electron that 

comes from PC is further energized by getting more excitation energy via LHCs of PS I. The 

electron is transferred from Pollyquinone to Fe-S cluster containing protein located in 

stromal side. The final step is the catalysis by FNR which reduced NADP+ to NADPH. Other 

important component of photochemical process of photosynthesis is ATP synthase (ATPase). 

ATPase synthesizes ATP from ADP and inorganic phosphate using transmembrane ∆pH.  

There are two modes of electron transport i.e., linear electron transport and cyclic electron 

transport. In linear electron transportation, electrons are transferred from water to NADP 

through Photosystem II (PSII), the cytochrome b6f complex (cyt bf), and Photosystem I 

(PSI). However, cyclic electron transportation uses only PSI and cytochrome b6f (Arnon, 

1954). In this process electrons from FNR are transported back to cytochromes b6f where 

plastoqunones are again used for the cyclic electron transport. The functioning and the 

regulatory mechanisms of cyclic electron flow through the transmembrane proteins are still 

not well understood (Joliet & Johnson, 2011). However, it has been assumed that the linear 

electron transport generates probably insufficient amount of ATP to balance ATP: NADPH 

demands in Calvin-Bension cycle and this need is supplemented by cyclic electron 

transportation (Joliet & Johnson, 2011).  
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Figure 4.  The scheme of electron transport in oxygenic photosynthesis. The diagram shows linear 
electron transport in the pigment-protein complexes located in thylakoid membranes of a chloroplast. 
The energy of absorbed photons is needed to transfer electrons from PS I and PS II donors to their 
respective acceptors. The electron is further transferred through several electron acceptor/donor 
pairs, in addition to PS I, PS II, cytochrome b6f (Cyt b6f), ATP synthase and mobile intersystem 
electron carriers: plastoquinone (PQ) and plastocyanin (PC). The PQ connects PS II and Cyt  b6f and 
PC transfers electrons from Cyt b6f to PS I. Ultimately, the electrons are used for the reduction of 
NADP+ to NADPH. The holes or the “missing electrons” are supplemented by extracting electrons 
from water molecules and as a result of the oxidation an oxygen molecule is released as a by-product. 
By the continuous electron transport, a proton gradient is built across the thylakoid membrane which 
increases the H+ (proton) concentration of lumen. Finally, ATP synthase utilizes the proton 
concentration difference (∆pH) across the membrane to synthesize ATP by the phosphorylation of 
ADP. ATP and NADPH are ultimately utilized in the Calvin-Benson cycle, where carbon is 
assimilated and carbohydrates are synthesized.  
Source: http://en.wikipedia.org/wiki/File:Thylakoid_membrane.png 
 

 

  

 

 



 8 

 

 

In the dark reactions, the byproducts of light reactions i.e. NADPH and ATP are used for the 

assimilation of carbon dioxide into carbohydrates via Calvin-Benson cycle. The assimilation 

of CO2 occurs in the stroma of the chloroplasts through a complex series of chemical 

reactions. Ribulose-1,5-Bisphosphate Carboxylase/Oxygenase (RuBisCO) is the key enzyme 

taking part in catalyzing the first step of CO2 fixation of the Calvin –Bension cycle. 

RuBisCO plays important role in both carboxylation and oxygenation reactions. 

Carboxylation reaction occurs when there is high concentration of CO2 while oxygenation 

occurs in presence of high concentration of O2. During carboxylation reaction endol form of 

ribulose 1,5-bisphosphate (RuBP)  is initially produced that ultimately converted into two 

molecules of 3- phosphoglycerate (PGA). The oxygenation reactions produced one molecule 

of each 2-phosphoglycolate and PGA. The product of oxygenation reaction 2-

phosphoglycolate inhibits Calvin-Benson cycle and needs to be converted into PGA for 

further recovery. This process of first oxygenation followed by recovery is collectively 

known as photorespiration (Heldt, 1997; Oliver, 1998).  

 

C3 carbon fixation pathway 
 

In C3 plants, there are three phases to the dark reactions, collectively called the Calvin-

Benson cycle, it occurs in the stroma of chloroplasts. These phases are carboxylation (carbon 

fixation), reduction reactions and RuBP (ribulose 1,5-bisphosphate) regeneration 

(Blankenship 2002). During carboxylation reaction, the enzyme RuBisCO (Ribulose 1-5 

biphosphate carboxylase) catalyses RuBP (Ribulose 1-5 biphosphate, 5 carbon compound) 

by CO2 and produce PGA (3-phosphoglycerate, 3 carbon compound).  PGA is the first stable 

intermediate compound of Calvin-Benson cycle. In reduction reactions, enzyme 

phosphoglycerate kinase catalyses the phosphorylation of PGA by using energy of ATP and 

NADPH (products of light reaction) and produce 1,3-BPGA (glycerate-1,3-bisphosphate) 

and ADP as a products. In regeneration reactions, the enzyme G3P (glyceraldehyde 3-

phosphate dehydrogenase) catalyses the reduction of 1,3 BPGA by NADPH and produce 

Glyceraldehyde 3-phosphate. During this process NADPH get oxidized and becomes NADP+ 
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and regenerate RUBP. For the fixation of each CO2 molecule it requires 2 molecules of 

NADPH and 3 of ATP and start the cycle again (http://en.wikipedia.org/wiki/Calvin_cycle) 

 

 
 
 

1.4  Fluorescence in higher plants  

In higher plants, two groups of fluorophores prevail the fluorescence emission spectra. The 

first group of fluorophores fluoresces in blue-green spectral region with a maximal peak 

around 440-450 nm and a shoulder at 530 nm when excited with UV light (Buschmann et al, 

2000; Mishra & Gopal, 2008 and references therein). This group of fluorophores absorbs 

most of the UV light in the leaf epidermis and they protect the plants cellular components 

 

Figure  5.  Carbon fixation through the Calvin-Benson cycle.  
Source:  http://www.uic.edu/classes/bios/bios100/f06pm/lect08.htm    



 10 

(Grossweiner & Smith, 1989), photosystem II (PS II) reaction centers (Rundel 1983) as well 

as DNA (Stapleton & Walbot, 1994) from the UV damage. The Chl a is the second main 

fluorophore contributing largely to plant fluorescence in the red and near infra-red (NIR) 

spectral region between 650–800 nm, in two broad bands with maxima lying between 684–

695 nm and 730–740 nm (Franck et al., 2002). These fluorescence emission bands are also 

called red and far-red bands. The red fluorescence band is mostly contributed by PS II 

complexes (Pfündel 1998). At room temperature, the major portion of far-red fluorescence is 

from PS II; however, a significant contribution from PS I is reported (Pfündel 1998, Agati et 

al, 2000). The relative contributions of PS II and PS I fluorescence are varying with 

decreasing leaf temperature (Agati et al., 2000).  

 
Figure 6. The Jablonski diagram showing chlorophyll fluorescence of plants competes with 
photosynthesis for excitation energy. When Chl a molecule absorbs light, it is excited to higher 
energy levels (S2), before rapidly relaxing to the lowest excited energy level (S1). This 
relaxation event is called vibration relaxation and occurs in much less than picoseconds. The 
transition from the higher excited state to the ground state (S0) that leads to light emission is 
termed fluorescence. In the singlet excited state (S1), the spins of the electrons are antiparallel; 
however, if there is a spin conversion, and we have parallel spins, the molecule goes into a 
triplet state (T1). Phosphorescence occurs when the electron returns to the ground state from 
this triplet state by intersystem crossing; this process is much slower than fluorescence. Source: 
Inspired by,  http://www.olympusmicro.com/primer/java/jablonski/jabintro/index.html 
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1.5  Chlorophyll fluorescence transient 

Contrary to the static blue–green fluorescence, the chlorophyll fluorescence is highly 

dynamic and provides insight of molecular process of plant photosynthesis occurring at the 

time scale from femto-seconds to minutes (Nedbal & Koblížek, 2006; Rascher & Nedbal, 

2006; Malenovský et al., 2009). The chlorophyll fluorescence transient in between ms to 

minutes is the most dynamic features of chlorophyll fluorescence so- called Kautsky effect or 

chlorophyll fluorescence induction kinetics (Kautsky & Hirsch 1931; Govindjee, 1995). Plant 

chlorophyll fluorescence is emitted primarily from the lowest excited state (S1) of 

chlorophyll a and competes with photochemistry for excitation energy and heat dissipation 

(Fig. 6). These three processes e.g, photochemistry, heat dissipation and chlorophyll 

fluorescence are in competition such that any increase in the efficiency of one will result in a 

decrease in the yield of the other two. The absorbed lights are predominantly utilized for 

photochemistry in the reaction centers and only small fraction e.g. 1-2% of it is emitted as 

chlorophyll fluorescence (Maxwell & Johnson, 2000). However, fluorescence measurement 

is fairly easy and therefore it is commonly used for the measurements of non-invasive and 

real time insight into dynamics of photosynthetic reactions. The changes in dynamic of 

chlorophyll fluorescence emission can probe the functional mechanisms of photosynthetic 

apparatus and are widely used as a reporter of photosynthetic activity and a regulation in 

plants (reviewed in several reviews, Kraus and Weis, 1991; Dau 1994; Govindjee, 1995; 

Lazár, 1999; Nedbal & Koblížek, 2006; Baker, 2008; and in a recent book edited by 

Papageorgiou & Govindjee, 2004).  

The chlorophyll fluorescence transients comprise of two main phases: When the light of high 

constant intensity is switched on after the plant had been kept in darkness, the fluorescence 

yield rapidly rises from a minimum value (F0) to a maximum FP (or FM in the case of full QA 

reduction), and it decreases slowly from FP to a stationary level known as the steady state 

fluorescence (FS, Figure 7). Both the rise from F0 to FP and the decay after FP to steady state 

are characterized by a number of shoulders, inflection points and transient peaks. The shape 

of the initial rise from F0 to FP is polyphasic and it exhibited three (FJ, FI, FP;) or four (FK, FJ, 

FI, FP) phases, respectively, in high light and in heat stress (Strasser et al., 1995; Strasser et 

al., 1998). The parameters of initial fluorescence rise are highly sensitive to the physiological 
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state of the plants and may serves as an efficient screening tool (Strasser et al., 2004, Lazàr et 

al., 2006, Papageorgiou et al., 2007; Stirbet & Govindjee, 2011).   

The decrease of the fluorescence yield from the peak FP to the steady state level FS is affected 

by multiple factors including the so called photochemical and non-photochemical quenching. 

Photochemical quenching (qP) is the decrease of fluorescence yield due to photochemical 

charge separation (YZ P680* Pheo QA → YZ P680+  Pheo– QA → YZ
+ P680 Pheo QA

– ) in the 

reaction center (RC II) of photosystem II (PS II). Here, P680* represents the excited singlet 

state of primary electron donor of PSII; YZ is tyrosin Z, the secondary electron donor of PS 

II; Pheo (pheophytin a), the primary electron acceptor from P680*; and QA (plastoquinone) 

the secondary electron acceptor. The most important photochemical quencher is oxidized 

form of QA (Duysens & Sweers 1963). Non-photochemical quenching qN is commonly 

defined as a quenching of fluorescence not due to photochemical quenching mechanisms (see 

section 1.2). It is contributed by, among other things, pH gradient at the thylakoid 

membranes, by state transition qT, and by photoinhibition qI (reviewed in Baker 2008). It is 

generally assumed that decrease of fluorescence, due to non-photochemical quenching, is 

caused by an increased loss of energy by thermal dissipation.   

Chlorophyll florescence measuring system: 

Measurement of the chlorophyll fluorescence of the photosynthetic organism is widely used 

as a non-destructive tool in photosynthesis research. Introduction of pulse amplitude 

modulating (PAM) based measuring system (Schreiber et al., 1986) made it possible  to 

measure the fluorescence response in presence of continuous light. Since then various non-

imaging and imaging fluorometers have been developed and successfully used for measuring 

chlorophyll fluorescence transients (Schreiber, 2004). For the measurement of fast phase 

chlorophyll fluorescence dynamics between F0 to FP, plants efficiency analyzer (PEA) is used 

(Strasser et al., 2004). The first imaging system that enabled to capture images of chlorophyll 

fluorescence transients was introduced by Omasa et al., (1987). Nedbal et al., (2000a) 

customized the imaging fluorescence system for field application. Images of physiologically 

significant fluorescence parameters can provide the source of the heterogeneity in 

photosynthetic systems that may not be detectable by non-imaging systems. Chlorophyll 
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florescence imaging systems has provided a powerful means to reveal spatial heterogeneity 

of leaf photosynthetic performance (Maxwell & Johnson 2000; Nedbal & Whitmarsh 2004; 

Oxborough, 2004). In addition, fluorescence lifetime imaging microscopy (FLIM) has 

provided detailed information on the contributions of xanthophyll cycles to Chl a 

fluorescence changes (see e.g., Matsubara et al., 2011, and references therein).    

 

1.6  Chlorophyll fluorescence parameters 

 

Pulse Amplitude Modulation (PAM) based chlorophyll fluorescence measuring systems 

utilize complex light/dark protocols of short measuring flashes, actinic light and high 

intensity saturating flashes to capture dynamics of chlorophyll fluorescence. Figure 7 shows 

a typical chlorophyll fluorescence emission response of standard quenching experimental 

protocol (Schreiber et al., 1986). The controlled excitations using modulated light and precise 

recording of fluorescence response result in several chlorophyll fluorescence parameters that 

have physiological significance. In general these fluorescence parameters are divided into 

two groups: basic parameters and derived parameters. Basic fluorescence parameters can be 

directly measured while derived fluorescence parameters are constructed from basic 

parameters. Several reviews have already been published describing detailed physiological 

significance of basic as well as derived fluorescence parameters (Roháček 2002, Baker 

2008).  
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Figure 7.  Experimental protocol for the chlorophyll fluorescence quenching analysis 
using modulated light. A dark-adapted leaf is exposed to two flashes of saturating light 
in continuous actinic light and two flashes of saturating light in dark. 
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Basic fluorescence parameters 
  

F0 - minimal fluorescence yield of dark adapted plant with the primary acceptor QA oxidized 
and non-photochemical quenching is inactive  

F0
’ - minimal fluorescence yield of light adapted plant measured with the primary acceptor 

QA oxidized and non-photochemical quenching active (F0
’  < F0 ) 

FM- maximum fluorescence yield of dark adapted plant exposed to a short pulse of a strong 
light leading to a transient reduction of QA without induction of non-photochemical 
quenching  

FM’- maximum fluorescence yield of dark adapted plant exposed to a short pulse of a strong 
light leading to a transcient reduction of QA without induction of non-photochemical 
quenching  (FM’ < FM) 

FP- first local maxima of fluorescence yield in presence of actinic light  

FS- steady state fluorescence   

Derived fluorescence parameters   

FV= measured in dark adapted plants (FV= FM-F0) 

FV / FM – the maximum quantum yield of PSII photochemistry defined as (FM - F0 )/ FM   

ΦPSII – effective quantum yield of PSII photochemistry in light adapted state defined as            
(FM '- FS )/ FM' 

qP- photochemical quenching defined as (FM '- FS) / (FM' - F0 ')   

 NPQ – non-photochemical quenching calculated as (FM - FM ')/ FM' 

Rfd -fluorescence decrease ratio also called plant vitality index defined as (FP - FS)/FS    

 

Apart from fluorescence parameters with physiological significance, some derived 

fluorescence parameters have no physiological significance, but they may be useful in 

monitoring related phenomena. For example, the parameter F0/FV was used in the study of 

excitation spectra of PS I and PS II in chloroplasts (Kitajima & Butler 1975) or for the 

prediction of quality of fruits (Nedbal et al., 2000b). 
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2. Introduction to advanced statistical tools 
 
 

2.1   Pattern recognition 
 
Pattern recognition is a branch of science dealing with the classification of complex data or 

objects in different groups (Theodoridis & Koutroumbas 2009). Pattern recognition has been 

effectively used on microarray based gene – expression data to classify groups of 

functionally related genes (Hughes et al., 2000) and to forecast broader biological phenotypes 

such as genetic interactions (Tong et al., 2004), social behavior (Whitfield et al., 2003), 

character (letter or number) recognition (Yoon 1999, Ren 2000) and used to assist doctors 

through computer-aided diagnosis for a variety of medical data (Golub et al, 1999). We 

report a practical application of pattern recognition for the analysis of sequence of 

chlorophyll fluorescence images in higher plant leaves. We have tried to use classification 

methods of pattern recognition in order to investigate insight of the complex chlorophyll 

fluorescence images. Here, in our case, the chlorophyll fluorescence transients (Figure 7, 

section 1.6) comprising sequence of images are known pattern (input data). And each image 

in the sequence of images is referred as feature. FluorCam captures images of chlorophyll 

fluorescence transients of plants under well defined experimental protocols. Pattern 

recognition then helps to classify the image into one or two classes (i.e., tolerant/sensitive) 

using statistical tools of classifiers and feature selection methods.  

 

 
2.2   Feature, feature vectors and classifiers 
 
Abbreviations defining pixels and images 

X -       Full dataset: a set of fluorescence transients in all pixels of the camera.  From 
another perspective, it is the image sequence capturing the entire fluorescence 
transient. The set X consists of real numbers fi(tk) that quantify fluorescence 
emission in the i-th pixel taken at the time tk during the transient. 

 
Fi(tk) -  Fluorescence emission level in the i-th pixel of the k-th image that is recorded at    

the time tk. k={1,2…K}; K is the total number of images in the sequence, i.e. 
number of time points in which the transient is captured, and i={1,2…I}; J is the 
total number of pixels in each image. 
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Fi -         [ fi(t1), fj(t2) … fi(tK)]:  the entire fluorescence transient in the i-th pixel. 
 
f(tk) -      k-th fluorescence image in the sequence, i.e., the set of fluorescence levels measured 

in all pixels at the time tk.   
 

 
As defined above a single image of the fluorescence transient represents a feature and the 

sequence of all the images measured at different time forms a feature vector.  

 
[ ])(.),........(),(),()( 332211 KIki tftftftftF =  …………………………………………….… (1)

 

 
Each of the feature vectors identifies uniquely a single pattern (object). The decision rule that 

ascribes an object to one of the pre-defined classes is called a classifier. The role of a 

classifier is to divide the feature space of corresponding regions, for example, class 1(C1) and 

class 2 (C2). If a feature vector Fi(tk), corresponding to an unknown pattern, falls in the C1 

region, it is classified as class 1, otherwise as class 2. However, it does not mean that 

classification decision is correct and misclassifications can be possible. To find correct 

decision rule one has to utilize information for each point of the known data (class 1 or 2). 

The feature vectors for which correct classes are known can be used to generate the decision 

rule (classifier) and are known as training feature vectors (Theodoridis & Koutroumbas 

2009).  

 

 
2.3   Supervised and unsupervised pattern recognition 
 

The classification can be divided into two groups know as supervised and unsupervised 

pattern recognition. For supervised pattern recognition a set of training feature vectors are 

available, and the classifier is designed on the basis of a priori known information. However, 

when the training feature vectors are not available for the given data sets they are classified 

by unsupervised pattern recognition methods (Theodoridis & Koutroumbas 2009).  
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2.4    Mean, covariance and covariance matrix 
 
Mean fluorescence transient  
 
The fluorescence transient F averaged over all pixels of the image or of a region of interest 
is: 
 

F = [F(t1), F(t2) … F(tK)], where F(tk)= < fi(tk) >i=1,2..I   ……………………………………………… (2) 

 

              

Covariance and the covariance matrix  
 
Covariance Cov(f(tk), f(tm)) is a measure of similarity between two images taken at times tk 

and tm. The offset differences are excluded from the covariance by characterizing each image 

by the signal deviation from the mean fluorescence signal level, i.e., by fj(tk) – F(tk) and fj(tm) 

– F(tm) for each pixel j. The covariance Cov(f(tk), f(tm)) is then calculated as a normalized 

scalar (or dot) product of the two vectors: 
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For k ≠ m, Cov(f(tk), f(tm)) > 0 when the deviations from the mean fluorescence signal tend to 

be parallel in individual pixels of the k-th image (time tk) and of the m-th image (time tm): the 

“high brightness” k-th image segments coincide with the “high brightness” m-th image 

segments and, at the same time, the “low brightness” k-th image segments coincide with the 

“low brightness” m-th image segments. 

For k ≠ m, Cov(f(tk), f(tm)) < 0 when the deviations from the mean fluorescence signal tend to 

be antiparallel in individual pixels of the k-th image (time tk) and of the m-th image (time tm): 

the “high brightness” k-th image segments coincide with the “low brightness” m-th image 

segments and vice versa. 

For two statistically independent images, Cov(f(tk), f(tm)) = 0.  However, Cov(f(tk), f(tm)) = 0 

does not necessarily imply that the two images are completely uncorrelated.  
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The covariance matrix is defined by  
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Size of the matrix is equal to the number of images K. Therefore, the matrix contains 

covariance between all pairs of images. Diagonal values in the above matrix present the 

variance of the images. Covariance matrix is often used to show distribution parameters of 

classes.    

 2.5   Minimal distance criteria 

 
We can make classification of the images into C classes. An image can be classified as 

belonging to the class Ci when the class (distribution parameters), class samples, or class 

mean is defined. Now we will discuss few kinds of distance units that are used in calculating 

the statistical distances. 

2.5.1 Euclidean distance 

 
Euclidean distance E between image f(tk) and f(tm) in the D dimensional feature space can be 
calculated as:  
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2.5.2   Mahalanobis distance 

 
Mahalanobis distance is constructed to measure distance between the images by taking into 

consideration of their statistical correlations (Mahalanobis 1930). Squired of Mahalanobis 

distance is called Mahalanobis squired distance. Let f(tk) be an image in D dimensional 

feature space and X set of n images in the same space. Then we can compute the mean vector 

<F> and covariance matrix of the set X: 

       
                                 ……………………………………………………………………. .(6)      
 
 
                                                                               ……………………………………….(7) 
  
 
 
Fi(tk) means fluorescence image captures for  ith pixel at kth time of the set X. 

                         
               
          
 
 
 
 
 
 
 
  

Figure 8. Euclidean distance between two images f(tk) and  f(tm)   in 
two dimensional space. Source:   Inspired by, 
http://en.wikipedia.org/wiki/Euclidean_distance 
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Then we can calculate Mahalanobis distance of the image f(tk) to the image sequence of 
entire fluorescence transients X: 
 

( ) ( )∑ ><−><−=
− FtfFtfMD k

T

k )()( 1

………………………………………………... (8)
 

 

  
 
 
 
 
 
 
 
 

Figure 9.  Dark region shows the area with the same Mahalanobis distance to the full set of X 
image sequence. This method takes into account the probability properties of the set X. 
Source:  Inspired by, 
http://www.aiaccess.net/English/Glossaries/GlosMod/e_gm_mahalanobis.htm 

 
 
Mahalanobis distance is derived in terms of standard deviation from the center <F> of the set 

of X image sequence. The contour has the form of an ellipse formed around the training data 

with parameters defined by standard deviation and mean vector of the set X. Units of 

Mahalanobis distance are connected to the probability.  

 

2.5.3  Bhattacharyya distance 
 
Bhattacharyya distance measures distances between two classes by considering overlapping 

features between them (Bhattacharyya 1943; Bhattacharyya 1946). Bhattacharyya distance 
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between class C1 and C2, defined by a posteriori probabilities p(fi|ω1) and p(fi|ω2) (fi  is the 

fluorescence transient measured for ith pixel ), can be computed as: 

 

        ∫
∞

∞−

−= )( i2i1i21 fd  )C  p(f  )C  p(fln)C,BD(C
………………………………….. (9)

 

 
When the distribution parameters of classes are identical, the integral will be equal to one and 

negative logarithm to zero. For classes without the overlap in distributions, the integral is 

equal to zero and Bhattacharyya distance equal to infinity.  

 

2.6   Classifiers 

 
Classifier is a decision rule that ascribes an object to one of pre-defined classes. Classes are 

sets of vectors that are similar in one or more features. The classes can be defined in two 

ways: a) by training set of transients that are selected as a reference to which the classified 

transients are compared; and b) by quantifying the characteristic features. 

   

a)  Classifier based on training set of vectors that are selected as a reference 

 
 

2.6.1 Linear Discriminant Classifier (LDC): LDC makes classification decision rule 

by using linear combination of features (Fukunaga 1990; Martinez & Kak 2001; Wang & 

Paliwal 2003). In LDC, each class is characterized by a training set of feature vectors as 

described in Equation-1. In a simple case, each transient can consist of only two fluorescence 

parameters, e.g., f(t1) (=F0) and f(t2) (=Fv). Then, the feature space is two-dimensional (K=2) 

and the separator is a line between the two training classes C1 and C2 in Figure 10.  

 

The separating line is calculated from the mean values that is [<F0>C1, <FV>C1] for class C1, 

[<F0>C2, <FV>C2] for class C2 and from the covariance matrices ∑ 1c  and ∑ 2c of both 

training classes.   

For the C1 class: 
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      where, 
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are variances of  the constant fluorescence F0 and of variable fluorescence FV in the training 

classC1. 
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are the off-diagonal covariances reflecting correlation between the constant and the variable 

fluorescence signals. Similar covariance is also made for C2. LDC approaches the problem 

by assuming that the conditional probability density functions ( )( )01 =Ctfp i  and 

( )( )12 =Ctfp i  are both normally distributed with mean and covariance parameters [<F>C1, 

ΣC1] for C1 and [<F>C2, ΣC2] for class C2, respectively. Under this assumption, the Bayes 

optimal solution predicts the pixels (ith) from the class C2 if its likelihood ratio is above some 

threshold T. 

 

 

                             ……………………………………………………………………….(12) 

 

Nevertheless, LDC makes an assumption of identical covariance for each class, i.e., 

ΣC1=ΣC2=Σ. The several terms cancel out and the above decision criterion becomes a 

threshold on the dot product. 
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where w is weight vector obtained from covariance matrix, fi represents ith pixel  and T is 

threshold vector .  

                                                                                                             

for some threshold constant,  

( )12
1

CC FFw ><−><=∑ −

……………………………………………………………  (13) 

And the linear combinations for the separating line can be written as: 
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The decision rule for the two classes is defined as:  
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Figure 10. Linear Discriminant Classifier (LDC) in a 2-dimensional feature space. The 
training class C1 is characterized by a low F0 (=f(t1)) and a high FV (=f(t2)), e.g., in 
pixels capturing emission from photosynthetically active leaf regions. The training class 
C2 represents pixels of less photosynthetically active regions. Source: Theodoridis & 
Koutroumbas 2009 
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2.6.2   Fisher’s Linear Discriminant Classifier (FLDC): There is a slight difference in 

discrimination process between FLDC (Fisher 1936) and LDC that is the process to obtain 

the separating line. To construct the separating line, FLDC does not make an assumption of 

identical class covariance. In FLDC, separating line maximizes the distance between the 

means of the two classes while minimizing the covariance within each class. Fisher’s linear 

discriminant function can be written in a similar to Equation 14. However, weight vector w 

can be calculated as :                        

 
                                             
                                                                           ………………………………………….(16) 
 
 

 

Where <F>C1 is the mean vector of 1st class and ΣC1 is the covariance matrix of this set 

(similar for<F>C2). The decision rule for the two classes is defined as:  

 

                                                                                                              
                                                                                                                                                                   
 
                                                                                                                                        
 
2.6.3 Quadratic Discriminant Classifier (QDC): QDC uses quadratic discriminant 

functions to find the separating line between the two classes (Pekalska &Duin 2001; Paclik & 

Duin 2003). Unlike LDC, no assumption is made about identical covariance for each class in 

constructing separating line in QDC.  

If the covariance matrix of the two classes is identical, they can be linearly separated and 

QDC finds the parameters for the separating line which is linear in this case. Therefore, QDC 

and LDC will have identical function. If covariance matrices are different, separating line is 

quadratic. The unbiasedness of this classifier assures good estimation with large amount of 

data. In case of the QDC, when the mean and covariance of each class is known the 

likelihood ratio will be 
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For the threshold T, and the resulting separating surface between the classes will be 

quadratic. 

The decision rule for the two classes is defined as:  

                                                                                                                

 

 

In  Figure 11, the classified pixel if  is the member of class C1 because the covariance matrix 

for the two classes are different and using quadratic separating line it is found to be on the 

same side of the separating line as class C1. 

 

 

 

 

 

 

Figure 11. Quadratic Discriminant Classifier (QDC) in a 2-dimensional feature space. 
In QDC, covariance matrixes are different, and the separating line is shown quadratic. 
Source: Inspired by, 
http://cmp.felk.cvut.cz/cmp/courses/recognition/Labs/perceptron/index_en.html 
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2.6.4  Support Vector Classifier (SVC): A support vector machine constructs a separating 

line or set of separating lines in an infinite dimensional space, which can be used for 

classification (Boser et al. 1992; Brown et al. 1999; Camps-Valls et al. 2004). The best 

separation is achieved by the line that has the largest distance to the nearest training data 

points of any class (margin), since larger the margin the lower will be error of the classifier.  

TfwfS i
T

i +=)(  ……………………………………………………………………….(18) 

 

Here, w is weight vector obtained by covariance matrix, fi represents the ith pixel and T is 

the threshold vector. Every separating line is characterized by its direction (determined by w) 

and its exact position in the space (determined by T). Since we want to give no preference to 

either of the classes, then it is reasonable for each direction to select that separating line 

which has the same distance from the respective nearest points in C1 and C2 (Fig. 12). Our 

goal is to search for the direction that gives the maximum possible margin.  
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The nearest points in C1 and C2 (Fig. 12) is equal to 1 for C2 and equal to –1 for C1. This will 

be equivalent with having a margin of  
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b) Classifier based on characteristic features  
 
 
2.6.5 Nearest Neighbor Classifier (NNC): NN classifier (Fukunaga & Hostetler 1975) 

calculates the Euclidian distances (ED, see Figure13) between pixel if  to all pixels in the 

training set for each class. This method compares the distance and finds the pixel at the 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12. The Support Vector Classifier (SVC) in a 2-dimensional feature space. The 
decision boundary separates the two classes by maximizing the margin. The separating line 
shown with dark lines and the margin is indicated by dotted lines. Our goal is to search the 
separating line that gives the maximum possible margin.  
Source: Inspired by,  
http://www.emeraldinsight.com/journals.htm?articleid=870666&show=html 

 

f(t1) =F0 

f(t2) =Fv 
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closest distance and classifies if  to the same class of the closest pixel. In the figure, if  is a 

member of class 2C based on its nearest neighbor. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

 
 
2.6.6  k-Nearest Neighbor Classifier (k-NNC): The function of the k-NN classifier 

(Fukunaga & Hostetler 1975) is very close to that of  the NN classifier. Euclidian distance of  

pixel if  is calculated for all the pixels of the training set. Finally, this classifier finds the k  

(k=3) nearest neighbors and puts if  to the class that has the highest  number of  nearest 

neighbors. In the figure 15 (using k-NN classifier with 3=k ), if  is classifed  as a member of 

the class 2C as it contains two nearest neighbors from this class.   

 

 

 

 

 

 

 

 

 

 

 

Figure 13. The Nearest Neighbor Classifier (NNC) in a 2-dimensional feature 
space. The pixel is found to be closest to the class C2 and classified as a member of 
class C2 after comparing its distance (Euclidian Distance, ED) to the training set 
(reference) for both classes. Source: Inspired 
by,http://www.springerimages.com/Images/LifeSciences/5-10.1186_1471-2105-7-
73-3 
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2.6.7  Nearest Mean Classifier (NMC): NMC (McQueen 1967) characterizes the classes by 

their corresponding mean vectors (presented with dark color in Figure 15). It classifies pixel 

if  to the nearest class on the basis of the minimal distance between if   and the mean vector 

of that class. In the figure, if  is classified as a member of class 1C  because it is nearer to the 

mean vector of the class 1C .   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14. The k-Nearest Neighbor Classifier (k-NNC) in a 2-dimensional feature 
space. The distance (Euclidian Distance, ED) of fi is compared with the 3(k=3) closest 
neighbors and classified as a member of class C2 on the basis of large number of close 
neighbors. Source: Inspired by, http://www.springerimages.com/Images/LifeSciences/5-
10.1186_1471-2105-7-73-3 
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2.7   Feature extraction and feature selection   
 
Multidimensional space (D) generally contains large number of vectors and for the 

classification purposes many elements of the vectors can be unnecessary. There are two 

major reasons for which the dimension of the measured vectors cannot be taken to be too 

large for classification (Heijden et al., 2004).  

 

i. Large data sets increase the computational complexity. For example a linear classification 

having C number of classes and D dimensions needs C*D operations, while a quadratic 

classification requires C*D2 operations. However the memory requirement for binary 

measurements is in the order of C2D for quadratic classification.   

ii. Increase in dimensions causes a decrease in the performance of classification. 

 

There can be two strategies of classifications of multidimensional data sets. First, by the use 

of appropriate classifiers or discrimination functions that requires prior knowledge of data 

 

 

 

 

 

 

 

 

 

 

Figure 15. The Nearest Mean Classifier (NMC) in a 2-dimensional feature space. The pixel is 
found to be closest to the class C1 and classified as a member of class C1 after comparing its 
distance (Euclidian Distance, ED) to mean (centroid) of both classes. Source: Inspired 
by,http://zone.ni.com/reference/enXX/help/372916H01/nivisionconcepts/classification_methods/ 
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sets and may automatically reduce wrong classifications. The second strategy employs 

reduction of the dimensions of input data set. For the dimensionality reduction, there exist 

two approaches known as feature selection and feature extraction. Feature selection 

methods eliminate redundant elements of the vector and process remaining useful data. 

While in feature extraction methods the input data set is transformed into reduced features 

vectors and the most relevant information is extracted using reduced data rather than using 

full size input data set.  

 

2.7.1  Feature selection 
 
 
Feature selection techniques are used to identify subsets of images that carry relevant 

information to maximize the contrast between classes. Such a unique subset is called feature 

set and its elements are features. This can be written in the form of following equation also 

described in Heijden et al., (2004). 
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where xn is a feature belonging from n=1 to N-1 from the measured feature vector x. Let us 

assume that ( ) { }10 −== DdyDF dj ,....,  be a subset of F(N) consisting of D < N elements 

taken from feature vector x. And j= 1,2,….q(D), where q(D) is total number of possible 

subsets of F(N). For each elements of subset Fj(D) there exists an element on F(N) such that 

yd = xn.  

Thus, number of subsets for a given D can be formulated as: 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 16. The feature selection approach where the feature subset is generated 
by iterative evaluation of available feature flow chart. 
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In the above equation- 22, q(D) shows all the distinguishable subsets that can be made from 

N elements of data sets, where each subset contains D elements but none of them have the 

identical elements.  

 

Figure 16 shows a flow chart describing the steps to find the best subset from the huge 

combination of possible subsets. The feature selection algorithm selects one subset and 

enquires if the required accuracy has been obtained or not. If not it goes back and select other 

subset and continue the iterations until it finds the best subset. Thus, highly informative 

subset selected by feature selection algorithm is used to develop the appropriate classifier to 

solve the given task.    

 

Feature selection needs an exhaustive search to find the best subset out of q(D) subsets. For 

example, if we put N=20 and D =10 in above equation, it gives about 51085.1 × different 

combination of subsets. Therefore, selection of the best subset out of these huge 

combinations is much more complicated.  

 

 

In order to overcome the complexity of selection of best subsets we need an efficient search 

strategy. There exist optimal methods and sub-optimal methods for this purpose. Optimal 

methods such as ‘Branch and bound’ can guarantee for the best subset selection but they 

require huge computational time. However, suboptimal methods such as Individual Feature 

Selection (IFS), Sequential Forward Selection (SFS), Sequential Backward Selection 

(SBS) and Sequential Forward Floating Selection (SFFS) methods do not guarantee if the 

subset with the best performance is selected but are comparatively faster than optimal 

methods. Out of all available methods based on optimal and suboptimal methods we have 

selected suboptimal methods for our analysis. This method gives us reasonably better subset 

in less computational time.  
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2.7.2   Branch and bound feature selection technique (optimal method)  
 
The branch and bound method works similar to that of a tree structure as shown in Figure 

17. In fact, it measures the performance of subset at different branch levels in the tree 

structure with increasing dimensions D (Heijden et al., 2004). For example, if we select N=5 

it can have N-D+1 branch levels, where minimum value of D is the least number of elements 

(n=D=2) in the possible subsets. The search process starts with measurement of performance 

of subset at highest branch level (n = N). Subsequently, it measures the performance of other 

subsets until the lowest branch level (n=D) and select the best performing subset of the tree. 

Therefore, relative to exhaustive search, this algorithm is much more computationally 

efficient.  

The main idea of branch and bound methods is to compare a node's bound value of a branch 

level with the best subset on it. If the performance of the subsequent node’s bound is not 

 
 

 

Figure 17. The top down tree using ‘branch and bound’ feature selection method which 
guarantees the best performing subset using optimal strategy of feature selection. Source:  
Heijden et al., 2004. 
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better than previously found subset, then the node is accepted as useless and its associated 

subsets are terminated from further analysis because no solution obtained from that node can 

be better than the best subset found. 

 
There are certain limitation of branch and bound algorithm: 

Even branch and bound method is better then the exhaustive search, it requires too much 

computational time. Other disadvantage of branch and bound method is its top-down search 

strategy, which starts with full set of data and deleting the elements as it progress and 

ultimately finds the best performing subset. In practice down-top search is more preferable to 

avoid overoptimistic view which may happens when the number of measurements is too 

large.  

 

 

2.7.3  Suboptimal feature selection methods 

 

i     Individual Feature Selection (IFS). This method calculates the performance of every 

single image and sorts them according to their performance. In this way, it uses n  single best 

images to make a subset of the best images, where n  is defined by the user. This method for 

feature selection is least time consuming because the number of calculating performances is 

equal to the number of images. However, it has poor performance because the subset of n  

single best images is different than the best subset of images. 

 

ii     Sequential Forward Selection (SFS). This method starts searching for the best image in 

the whole image sequence and puts it inside the empty subset (Kittler, 1978). Then, it starts 

searching the best image∗ in the rest of image sequence and puts it again inside the same 

subset. This method of adding best image is continued until the required numbers of images 

are obtained. 

 

iii     Sequential Forward Floating Selection (SFFS). This method works in a similar way as 

the SFS (Pudil et al., 1994). However, after every addition it allows removal of the least 

performing image from the newly formed image subset for achieving higher performance. 

                                                 
∗ Best image-the image that contributes to performance of image subset with highest increment. 



 37 

Thus, it might be possible that the addition of single best performing image reduces the 

performance when it performs in the subset. It finally stops after getting the required number 

of images in the subset. 

 
iv   Sequential Backward Selection (SBS).This method (Kittler 1978) starts with the subset 

containing all the images. At every step it search for the least performing image and removes 

it from the subset. It stops after getting the subset with required number of images.  
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3.  Material and Methods 

 

 
3.1   Plant material  
 
The detailed description of the plant material, used for this research, is given in Chapter 4 of 

this thesis, and in the accompanying publications (Mishra et al., 2009; A. Mishra et al., 2011 

and K.B. Mishra et al., 2011). In short, we have worked with basil (Ocimum basillicum), 

oregano (Origanum vulgare) and sweet marjoram (Origanum majorana) - of the family 

Lamiaceae; for the species discrimination experiment, see chapter 4.1. In chapter 4.2, we 

have used a collection of nine natural accessions of Arabidopsis thaliana originating from a 

very warm climate in Portugal to a very cold climate in Finland; these were used to study 

their cold tolerance. The cold tolerance was quantified by the well established electrolyte 

leakage method on the detached leaves and chlorophyll fluorescence transients were 

measured during constant cooling to subzero temperatures to reveal plant tolerance to low 

temperatures. In chapter 4.3, we have used the wild type and drought tolerant transgenic 

tomato line DTL-20, carrying ATHB-7 gene, to investigate the potential of chlorophyll 

fluorescence to report drought tolerance under well irrigated and water limited conditions.  

 

 

3.2   Fluorescence imaging systems 

 
3.2.1.  Kinetic imaging FluorCams 

Kinetic imaging FluorCams are imaging fluorometers that measure sequences of Chl-

fluorescence images with user-defined irradiance and timing protocols. Fluorescence 

emission is induced by two (or more) panels of light emitting diodes (LEDs) that provide 

measuring flashes. The FluorCam is equipped with a CCD camera (512 x 512 pixels, 12 bits) 

and two (or more) light emitting diode panels, as described in Nedbal et al.,(2000a). 

Photochemistry is driven by continuous actinic irradiance and by strong saturating pulses of 

light that are generated by a halogen lamp, equipped with a shutter, or by supplemental 

LEDs. In the new version of FluorCam, LEDs are also used to generate saturating pulses. 
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Flashes of the LEDs were synchronized with the opening of the electronic shutter of the CCD 

camera. The camera allows imaging of fluorescence transients that are induced by actinic 

light or by saturating flashes. An optical filter RG695 (Schott)  was placed in front of the 

CCD camera to block the exciting light and allow recording of fluorescence images in the 

700-750 nm region. The timing and amplitude of actinic irradiance are determined by user-

defined protocols. Data are transmitted via a USB 2.0 port to a desktop computer or to a 

notebook.  

FluorCam captures the kinetics of Chl a fluorescence by using existing experimental 

protocols such as quenching protocol and it has the flexibility to generate our own 

experimental protocol of interest. A software integrated with FluorCam software can be used 

either to visualize single images or fluorescence parameters of interest. We can use it to 

detect the dynamics and the spatial heterogeneity in various fluorescence parameters of 

physiological significance. And also, if needed, we can determine the numeric value of the 

chlorophyll fluorescence parameters from the measured chlorophyll fluorescence images. 

We have used following versions of FluorCam to obtain the data of our experiments.  

Open version of FluorCam (Fig. 18, Photon Systems Instruments, spol. s. r. o., Brno, Czech 

Republic, www.psi.cz). Chlorophyll fluorescence was excited with short (10–30 µs) 

measuring flashes and photochemistry was elicited by actinic light from the same set of 

orange Light Emitting Diodes (LED, 620nm). Saturating flashes were provided by a halogen 

lamp. The flashes were synchronized with the opening of the electronic shutter of the CCD 

camera (512 x 512 pixels, 12 bits) capturing the ChlF images. An optical filter RG695 was 

placed in front of the CCD camera that blocked the exciting light and allowed the 

measurement of the ChlF transient in the 700-750 nm range.   
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Handy FluorCam (Fig. 19, The FC 1000-H). It has been designed to measure kinetically 

resolved fluorescence images of leaves and of small plants (smaller than 3 x 3 cm). The FC 

1000-H was equipped with a four orange light emitting diode panels (wavelength, 620 nm, 

panel size 40x40 mm, each panel containing 25 LEDs). The four LED panels can be used to 

generate short measuring flashes (10–250 µs), continuous actinic light as well as saturating 

flashes with adjustable in duration and power (upto 2,000 µmol (photons) m-2s-1)).  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                        
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure 18.  Photograph of open version of FluorCam. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 19.  Photograph of Handy FluorCam. 
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 3.2.2.   Software for image analysis 
 
All calculations and analysis were carried out in MATLAB 6.5. For the statistical pattern 

recognition, we used Pattern Recognition Toolbox PRTools v. 3.0, which is freely available 

for non-commercial and academic purpose (http://www.prtools.org/). Algorithms of this 

toolbox randomly divide the data (vector of fluorescence transients in individual pixels) in 

two parts for the pattern recognition. One part is used as a reference to characterize the 

classes and the other part is used for simulated classification that serves to assess the 

algorithm performance. Programs were run on computer with AMD Athlon 64 3000 

(2.60GHz, 512 KB cache) with 1.25 GB of RAM. The operating system was Windows XP, 

Version 2002. GraphPad Prism (http://www.graphpad.com, CA, USA), was used for basic 

biostatistics, curve fitting. 

 
 
3.3 Measuring protocols 
 
 Chlorophyll fluorescence transients were captured using FluorCam devices mentioned 

above. The output of such measurement is a sequence of fluorescence images over time. 

Standard quenching (described in Fig 20) or a complex quenching experimental protocol was 

used to measure chlorophyll fluorescence transients.     

 

Complex quenching protocol   

 
The physiological state of a plant is typically assayed by measuring the temporal changes in 

chlorophyll fluorescence yield by using the well known standard quenching protocols 

(Schreiber et al., 1986; see Figure 20). In addition to standard quenching protocols, we have 

used the so-called complex quenching protocol that uses combination of two standard 

quenching protocols with varying actinic light intensity. The exact measuring protocols, used 

for the experiments, are given in the respective chapters. However, here, we present a general 

description of the complex protocol shown in Figure 20.     

The protocol starts by exposing a dark-adapted plant to actinic light of 50 and 200 µmol 

(photons) m-2s-1 for 70 seconds, respectively, with a 600 s gap between them. The actinic 

light leads to partial and transient congestion of photosynthetic electron transport chain. Two 
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saturating flashes in continuous actinic light allows the measurement of NPQ (non 

photochemical quenching of the excited state of Chl a) and a short dark adaptation followed 

by two other saturating flashes after switching off the actinic light allows the measurement of 

NPQ recovery (Horton & Ruban 1992). Nine saturating light flashes were applied in this 

complex protocol to probe photochemical and non-photochemical quenching mechanisms. 

The saturating flashes and actinic light leads to a complex fluorescence transient. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 20. The complex protocol for chlorophyll fluorescence 
quenching analysis containing two levels of actinic light with a gap of 
600 s during the measurement. 
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3.4    Selection criteria of statistical methods for the feature recognition  

 

The approach chosen for the recognition of each class depends on the selection of a suitable 

classification method, its setting and the selection of feature selection method to find the 

most informative images from the sequence of images captured by imaging FluorCam.  

The ChlF transients recorded are used for training and evaluating the performance of the 

classifiers. Basically each class is represented by a huge number of transients captured in 

different pixels, representing different leaves and individual plants and taken at different 

times. Out of this enormous data set, we select at random ~ 4000 to 6000 transients for each 

class. Thus, selected sets of transients represent transients of different classes. After that, we 

randomly and evenly divide them into two pixel subsets each for the training and testing of 

each class. The training sets are used as a reference to represent the classes, whereas the 

mixed testing set is used to evaluate the performance of individual classifiers. Transients 

arbitrarily chosen from the testing set are compared with each of the training sets and 

classified as belonging to one of class using the classifier algorithm (explained in 2.6). The 

classification is then validated to be either true or false by confronting the classification result 

with the origin of the particular transient in particular class. The performance of each of the 

investigated classifiers is quantified by a number between 0–1: value ‘0’ meaning random 

classification and value ‘1’ meaning that the classifier is 100% successful. For selecting the 

best classifier the computation time is another important factor to be considered; finally, we 

choose the best performing classifier on the basis of its performance and the least 

computational time.   

The ChlF transients were captured in extensive series of fluorescence images, called features 

in our study. Feature selection algorithms (explained in section 2.7) are designed to reduce 

the number of features (fluorescence images) for an effective classification. The reduction is 

based on an identification of an image sub-set that contains the most useful information for 

the discrimination between the classes.   
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4.  Results and Discussions 

 
 

4.1 Towards discrimination of plant species by machine vision: advanced 
statistical analysis of chlorophyll fluorescence transients 
 
 Journal of Fluorescence, 2009  

 
Anamika Mishra, Karel Matouš, Kumud B. Mishra and Ladislav Nedbal 
 
 
Abstract 

Automatic discrimination of plant species is required for precision farming and 

for advanced environmental protection. For this task, reflected sunlight has 

already been tested whereas fluorescence emission has been only scarcely 

considered. Here, we investigated the discriminative potential of chlorophyll 

fluorescence imaging in a case study using three closely related plant species of 

the family Lamiaceae. We compared discriminative potential of eight classifiers 

and four feature selection methods to identify the fluorescence parameters that 

can yield the highest contrast between the species. Three plant species: Ocimum 

basilicum, Origanum majorana and Origanum vulgare were grown separately 

as well as in pots where all three species were mixed. First, eight statistical 

classifiers were applied and tested in simulated species discrimination. The 

performance of the Quadratic Discriminant Classifier was found to be the most 

efficient. This classifier was further applied in combination with four different 

methods of feature selection. The Sequential Forward Floating Selection was 

found as the most efficient method for selecting the best performing subset of 

fluorescence images. The ability of the combinatorial statistical techniques for  
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discriminating the species was also compared to the resolving power of 

conventional fluorescence parameters and found to be more efficient. 
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4.2 Chlorophyll fluorescence emission as a reporter on freezing tolerance in 
Arabidopsis thaliana accessions 
 
Plant signaling & Behavior, 2011 
 
Anamika Mishra, Kumud B. Mishra, Imke I. Höermiller, Arnd G. Heyer, 
Ladislav Nedbal 
 
 
Abstract 

Non-invasive, high-throughput screening methods are valuable tools in 

breeding for abiotic stress tolerance in plants. Optical signals such as 

chlorophyll fluorescence emission can be instrumental in developing new 

screening techniques. In order to examine the potential of chlorophyll 

fluorescence to reveal plant tolerance to low temperatures, we used a collection 

of nine Arabidopsis thaliana accessions and compared their fluorescence 

features with cold tolerance quantified by the well established electrolyte 

leakage method on detached leaves. We found that, during progressive cooling, 

the minimal chlorophyll fluorescence emission rose strongly and that this rise 

was highly dependent on the cold tolerance of the accessions. Maximum 

quantum yield of PSII photochemistry and steady state fluorescence normalized 

to minimal fluorescence were also highly correlated to the cold tolerance 

measured by the electrolyte leakage method. In order to further increase the 

capacity of the fluorescence detection to reveal the low temperature tolerance, 

we applied combinatorial imaging that employs plant classification based on 

multiple fluorescence features. We found that this method, by including the 

resolving power of several fluorescence features, can be well employed to 

detect cold tolerance already at mild sub-zero temperatures. Therefore, there is 
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no need to freeze the screened plants to the largely damaging temperatures of 

around -15°C. This, together with the method’s easy applicability, represents a 

major advantage of the fluorescence technique over the conventional electrolyte 

leakage method.  
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4.3 Engineered drought tolerance in tomato plants is reflected in chlorophyll 
fluorescence emission. 

 
Plant Science, 2011 
 
Kumud B. Mishra, R. Iannacone, Angelo Petrozza, Anamika Mishra, Nadia 
Armentano, Giovanna La   Vecchia,  Martin Trtílek, Francesco Cellini, 
Ladislav Nedbal 

 
 

Abstract 

Drought stress is one of the most important factors that limit crop productivity 

worldwide. In order to obtain tomato plants with enhanced drought tolerance, 

we inserted the transcription factor gene ATHB-7 into the tomato genome. This 

gene was demonstrated earlier to confer drought tolerance in Arabidopsis 

thaliana by acting as a negative regulator of growth. We compared the 

performance of wild type and transgenic tomato line DTL-20, carrying ATHB-7 

gene, under well irrigated and water limited conditions. We found that 

transgenic plants had reduced stomatal density and stomatal pore size and 

exhibited an enhanced resistance to soil water deficit. We used the transgenic 

plants to investigate the potential of chlorophyll fluorescence to report drought 

tolerance in a simulated high-throughput screening procedure. Wild type and 

transgenic tomato plants were exposed to drought stress lasting 18 days. The 

stress was then terminated by rehydration after which recovery was studied for 

another 2 days. Plant growth, leaf water potential, and chlorophyll fluorescence 

were measured during the entire experimental period. We found that water 

potential in wild type and drought tolerant transgenic plants diverged around 

11th day of stress. The chlorophyll fluorescence parameters: the non-

photochemical quenching, effective quantum efficiency of PSII, and the 
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maximum quantum yield of PSII photochemistry yielded a good contrast 

between wild type and transgenic plants from 7th, 12th, and 14th day of stress, 

respectively. We propose that chlorophyll fluorescence emission reports well on 

the level of water stress and, thus, can be used to identify elevated drought 

tolerance in high-throughput screens for selection of resistant genotypes.  
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5.  Conclusions 
 

In this thesis, chlorophyll a fluorescence signal was evaluated for discriminating 

between plant species and screening of cold and drought stress tolerance in plants. For 

this purpose, chlorophyll a fluorescence imaging was used with complex light/dark 

protocols (Nedbal et al., 2000a). Combinatorial imaging based on advanced statistical 

analysis of fluorescence image sequences for information extraction from large data 

sets has already been demonstrated to be superior over conventional chlorophyll 

fluorescence parameter analysis in visualizing virus infection at very early stages 

(Matouš et al., 2006). We have explored its application for discrimination between 

plant species of the same family (Mishra et al., 2009) and to identify cold tolerance in 

Arabidopsis thaliana accessions at non-lethal temperatures (Mishra et al., 2011), 

where conventional chlorophyll fluorescence parameters had failed. Furthermore, we 

have demonstrated in this thesis the physiological significance of conventional 

parameters Fv/Fm (variable to maximum fluorescence ratio), ΦPSII (effective quantum 

yield of PS II) and NPQ (non-photochemical quenching of the excited state of Chl a) 

in several systems, and for sensing drought tolerance in tomato transgenic plants. 

 We believe that chlorophyll fluorescence based screening methods may be efficiently 

applied and developed for discriminating between weeds and crops at very early stage 

of their growth. This would be very useful for the automatic monitoring of fertilizers 

and insecticides in crop field. We suggest that chlorophyll based screening methods 

are very useful for the selection of stress tolerance genotypes and large scale 

screening of abiotic stress tolerance e.g. in recombinant inbred line populations or 

other plant sets consisting of individual plants representing different genotypes. The 

method is thus well suited for quantitative trait loci (QTL) mapping (Collard et al 

2005) or mutant screening (Codrea et al, 2010) to identify genetic determinants of 

stress tolerance, which may be used for plant breeding.  
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Accessions in group of three 
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