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PHOTOSYSTEM II AND APPLICATIONS IN ASSESSMENT 

OF DROUGHT AND CHEMICAL STRESSES 

Ya Guo 

Dr. Jinglu Tan, Dissertation Supervisor 

ABSTRACT 

Photosynthesis is not only vital for plant growth and survival but also indicative 

of plant-environment interactions. This research was designed to analyze photoelectron 

kinetics and its dependence on environmental factors. This project included three parts: I. 

Modeling of photoelectron transport, II. Techniques for enhanced parameter estimation, 

and III. Methodology development for evaluating drought and herbicide stresses. 

In Part I, two models were developed for the photoelectron transport process in 

the early stage of photosystem II (PSII) with delayed fluorescence (DF) as a measurable 

output. Using the combinational redox state of plastoquinone A and B (QA and QB) in a 

reaction center as state variables leads to a five-state model that is conditionally linear. 

This model was used to observe some interesting characteristics of plastoquinone kinetics. 

Using the redox state of individual QA and QB results in a three-state nonlinear model that 

is nonlinear but compact. Both models were validated through experiments. The models 

could effectively predict DF emission and the estimated parameters correctly reflected 

the expected changes induced by drought and DCMU ([3-(3,4-dichlorophenyl)-1,1-

dimethylurea], a commonly used herbicide). 



 xi 

In Part II, techniques were developed to overcome difficulties in system 

parameter estimation resulting from: (1) lack of direct measurements, (2) limited liberty 

in implementing rich perturbations, and (3) plant circadian. The identifiability of linear 

time-invariant systems with only initial condition responses was analyzed for systems 

with only one measurable state (OMS) and n measurable states (NMS). For an OMS 

system, n initial condition responses are necessary for uniquely determining the system 

matrix. Explicit formulations and a non-recursive algorithm are developed for both OMS 

and NMS systems. A recurrent-pulse excitation method was devised to achieve 

perturbation richness by executing simple pulses. The technique allowed determination of 

model parameters that would otherwise be difficult to determine uniquely. DF emission 

was found to follow a 24-hour circadian cycle, which adds an unwanted variation in DF 

measurements. A technique was proposed to filter and thus minimize the circadian 

influence. 

In Part III, methodologies were developed to evaluate drought and DCMU 

stresses based on DF measurements. DF dependence on the availability of electron 

donors (water) was modeled and analyzed by using the system models. This yielded an 

effective way to define and measure water deficiency as the deficit in PSII photoelectron 

generation efficiency from the maximum achievable by supplemental water diffusion. 

This deficit could be effectively evaluated from measured DF emissions. Both theoretical 

analysis and experimental results showed that long-term DF emission following an 

excitation pulse was proportional to reaction centers without DCMU binding. This 

resulted in an effective plant-based technique for measuring DCMU concentrations. 
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 CHAPTER 1  

INTRODUCTION 

1.1 Background and Problems 

In order to maximize crop yield, water and chemicals are often applied in modern 

agriculture. Excessive amounts of input, however, lead to a polluted environment and 

reduced profitability. To enhance the environmental and economical sustainability of 

agriculture, the input must be optimized (applying the right amount at the right time). 

This has led to the concept of precision agriculture and extensive research in the past 

twenty-some years. Optimized irrigation by time and quantity leads to water and energy 

savings, and increased crop yields. It is thus very important to be able to detect drought 

stress effectively. Herbicides are a backbone component of modern agriculture in 

developed countries. Their use has resulted in dramatic increases of crop productivity 

over the last four decades (Lambrev and Goltsev, 1999). Unfortunately, herbicide 

application in agriculture contributes to environment pollution (Dewez et al., 2002). For 

example, DCMU ( 3-(3,4-dichlorophenyl)-1,1-dimethylurea or diuron), a commonly used 

herbicide, has been intensively used (Dewez et al., 2002). It has a low rate of degradation 

and is usually transported from agricultural areas to water reservoirs by runoffs, which 

causes harm to humans, especially to the human kidney. For agricultural production and 

environmental protection, effective means are therefore needed to detect plant responses 

to herbicides and the existence of herbicides in the environment. 
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Currently, drought stress measurement mainly relies on soil properties and yield 

data (Smith and Mullins, 2001; Dane and Topp, 2002), which do not reflect the plant 

conditions directly and in real time. The plant physiological state is a critically important 

piece of data for determining not only the amount of input but also the optimal time of 

application. It has been long proposed to use plant-based methods to measure crop health 

conditions (Jones, 1990). Unfortunately, plant condition-based schemes for water and 

chemical applications are not well developed because effective methods for plant 

condition evaluation have been lacking (Jones, 2004). At very low concentrations, 

DCMU is difficult to detect by traditional chemical methods. There is a need for sensitive 

techniques for DCMU detection.  

1.2 Delayed Fluorescence 

Photosynthesis starts from light-induced separation of charge pairs and transport 

of electrons by various electron carriers (Taiz and Zeiger, 2002; Ducruet, 2003). In the 

early stages of the electron transport process, the major electron carriers are 

plastoquinone (PQ) molecules in the reaction centers of photosystem II (PSII or P680). 

After the excitation light is turned off, there are excited electrons in the PQ system which 

may be transferred back to re-excite the chlorophylls and result in long-term photon 

emissions called delayed fluorescence (DF) (Zakir’Yanov et al., 1994; Goltsev and 

Yordanov, 1997; Allen et al., 1998; Xu and Gunner, 2000; Rappaport et al., 2005). The 

DF emission displays several phases over the emission time span (Goltsev et al., 2005), 

which correspond to the different components of the electron transport chain. Since DF 

generation involves electron transport, it contains potentially useful information about 
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physiological and environmental changes that influence electron transport. Both drought 

and herbicide stresses affect electron transport and thus delayed fluorescence. As a 

consequence, delayed fluorescence from PSII is potentially useful for detection of 

drought stress and herbicide stress. 

1.3 Research Objectives and Dissertation Organization 

In this research, kinetic models of delayed fluorescence were developed based on 

analysis of electron transports in PSII and the models would be applied in developing 

detection techniques of drought stress and DCMU stress in plants. The specific research 

objectives were: 

(1) To develop a simple linear DF model to allow observation and analysis of 

plastoquinone kinetics by using linear system techniques, 

(2) To develop a DF model with as few state variables as possible for simplicity 

and convenience,  

(3) To analyze model identifiability and develop a method for system 

identification only with initial condition responses, 

(4) To devise a technique to attain rich perturbation from simple pulses and thus 

improved uniqueness of estimated model parameter values, 

(5) To measure and account for the effects of plant circadian rhythms on DF 

emissions, 

(6) To define a measure and establish a measurement method for drought stress 

based on DF emission, and 
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(7) To establish quantitative relationships between DF emission and DCMU stress 

and develop a DF-based method for DCMU measurement. 

After an introduction in this chapter, Chapters 2 and 3 give a general literature 

review and a general description of the experimental setup, respectively. Chapters 4 to 10 

each, are a self-contained paper, corresponding to research objectives 1-7. These seven 

chapters can be divided into three parts: I. Modeling of photoelectron transport (Chapters 

4 and 5), II. Techniques for enhanced parameter estimation (Chapters 6, 7, and 8), and III. 

Methodology development for evaluating drought and herbicide stresses (Chapters 9 and 

10). Chapter 11 provides an overall summery of the entire project. 
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 CHAPTER 2  

LITERATURE REVIEW 

2.1 Photosynthesis 

2.1.1 Introduction 

Life on earth ultimately relies on the energy from the sun to drive all kinds of 

internal and external activities. Photosynthesis is the only known biological process that 

can harvest the sun light energy (Taiz and Zeiger, 2002). Modern industry heavily 

depends on the products (oil, gas, and coal) from photosynthesis as well (Veot and Veot, 

2004). Moreover, photosynthesis makes the evolution of higher-level life possible, 

because it changes the water pool on earth into a hydrogen resource for the life, and the 

oxygen produced allows the aerobic life to exist (Renger, 1977; James et al., 2005). 

Photosynthesis is actually a redox (oxidation-reduction) process that transfers 

light energy into chemical energy. For example, plants and cyanobacteria can reduce CO2 

into carbohydrates (CH2O) by oxidizing H2O and green bacteria can synthesize 

carbohydrates by oxidizing H2S when sunlight is available. These reactions can be 

represented as follows. 

2222
)( OOCHOHCO light

 

OHSOCHSHCO light

2222
2)(2  
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2.1.2 Photosynthetic Pigments 

Photosynthesis needs sun light energy, which is captured by pigments first. For 

plants, there are mainly two general classes of pigments, chlorophylls and carotenoids. 

More than 50 kinds of chlorophylls have been identified, but chlorophyll a and b are the 

most important two types in higher plant photosynthetic systems (van Amerongen et al., 

2000). Molecular structures of chlorophyll a and b are shown in Figure 2-1. The 

chlorophyll molecules have three significant features: (1) a porphyrin-like ring, (2) a 

central magnesium ion, and (3) a phytol tail (van Amerongen et al., 2000; DeEII and 

Toivonen, 2003). The porphyrin structure has delocalized orbitals that enable the 

molecule to absorb light efficiently between 400 nm and 700 nm (DeEII and Toivonen, 

2003). These “good” photons are strong enough to drive photosynthesis but not too 

strong to damage the photosynthetic systems.  

 

Figure 2-1 Chlorophyll structure 

(From: http://www.chm.bris.ac.uk/motm/chlorophyll/chlorophyll_h.htm) 

 

While chlorophylls are cyclic polyenes, carotenoids have linear chains with 

alternating single and double bonds. Carotenoids mainly absorb light with wavelengths 
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shorter than 500 nm. There are many types of carotenoids. The structures of -carotene 

and xanthophylls are shown in Figure 2-2. 

 

(a) -carotene 

 

(b) Xanthophylls 

Figure 2-2 Carotenoids molecular structure. (a) β-carotene. (b) xanthophylls 

(From: http://www.astaxanthin.org/carotenoids.htm) 

 

Plant leaves do not absorb green light; therefore, they appear green in color. The 

absorption spectra of chlorophyll a, chlorophyll b, and carotenoids are shown in Figure 2-

3. 



 8 

 

Figure 2-3 Top: absorption spectra of chlorophyll a, chlorophyll b and carotenoids in chloroplasts. Bottom: 

photosynthesis rate (oxygen evolution/incident photon) 

(From: Concepts in Photobiology: Photosynthesis and Photomorphogenesis, Kluwer Academic/Dordrech, 

1999.) 

After absorbing one photon, one electron of the pigment molecule will be excited. 

The excited state is not stable and the electron will relax to the ground state in the end. 

There are several possibilities for the electron relaxation process (Figure 2-4): (1) return 

to the ground by emitting a photon (fluorescence), (2) return to the ground by thermal 

emission, (3) transfer the energy to another molecule (resonance energy transfer), and (4) 

participate in photochemistry. 
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Figure 2-4 Light absorption and emission from chlorophyll. (Left) Energy level diagram; (Right) 

Absorption and emission spectra 

(From: Taiz and Zeiger, 2002) 

Most of the photosynthetic pigments serve as antenna complexes, which collect 

photons and transfer the energy to the reaction centers, where redox reactions take place 

(Taiz and Zeiger, 2002). To higher plants, there are two types of reaction centers, labeled 

as P680 (or PSII) and P700 (or PSI), with 680 nm and 700 nm as the maximum 

absorption wavelengths, respectively. These two reaction centers work in series. Each 

PSII or PSI has a corresponding antenna complex, which serves not only as an efficient 

collection mechanism for light energy but also as photo-protection and adaptation. Figure 

2-5 indicates how the antenna complex sinks the light energy to the reaction centers (Taiz 

and Zeiger, 2002). 
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Figure 2-5 Basic concept of energy transfer during photosynthesis 

(From: Taiz and Zeiger, 2002) 

2.1.3 Light Reactions and Dark Reactions 

Photosynthesis can be divided into two phases: light reaction and dark reaction. 

The light reaction happens in the thylakoid membrane, during which light energy is 

converted to chemical energy, driving the reduction of NADP and the formation of ATP 

and NADPH (Taiz and Zeiger, 2002). The dark reaction takes place in the stroma and 

converts CO2 to sugar, which relies on the products of light reaction (ATP and NADPH) 

rather than on light directly. The well-known Calvin Cycle is involved in dark reaction to 

produce sugar by consuming CO2 and ATP. The first stable organic product of 

photosynthesis is a THREE-carbon compound and two of them quickly join to form a 

glucose molecule. The plants that directly input CO2 into the Calvin cycle are called C3 

plants. Plants want to save water under hot summer weather by closing the stomates, 

which results in limited available CO2 and limited photosynthetic efficiency. To 
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maximize photosynthesis efficiency, some plants like corn and sugar cane have a special 

modification to conserve water by separating carbon fixation from carbon reduction 

atomically, through which CO2 is first converted into a FOUR-carbon complex in 

mesophyll cells and the products are transported to specialized cells where CO2 is 

released and put into the Calvin Cycle. These plants are called C4 plants. Accordingly, 

some plants like cactus have adapted to solve the drought weather problem by separating 

CO2 fixation from reduction temporally (crassulacean acid metabolism). They are called 

CAM plants. The chemiosmotic theory is very useful for explaining how proton gradient 

across a membrane formed by the action of a primary proton pump drives ATP synthesis 

through a secondary proton pump (ATP synthase or proton-translocating ATPase). 

2.1.4 Electron Transport Chain of Light Reaction 

Four important protein complexes are involved to transfer electrons in the 

thylakoid membrane as illustrated in Figure 2-6. They are the oxygen-evolving complex 

(OEC), PSII, Cyt/b6f complex (Cyt/b6f), and PSI. 

javascript:ShowIt('Crassulacean?cid?etabolism?CAM)')
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Figure 2-6 Protein complexes involved in electron transport in plant leaves 

(From: http://en.wikipedia.org/wiki/Electron_transport_chain) 

 

Water molecule is very stable and very difficult to be oxidized. The OEC is the 

only known biological system in nature that can carry out this reaction (Taiz and Zeiger, 

2002). The chemistry details of water oxidization by the OEC complex is not fully known; 

however, Kok’s Clock hypothesis (or S-State Model) (Taiz and Zeiger, 2002) has been 

widely accepted and substantially proved, in which Mn ions undergo cyclic oxidization 

states, labeled as S0, S1, S2, S3, and S4. As soon as a Mn ion reaches the S4 state, it will 

quickly take electrons from water molecules and return to the S0 state. This leads to the 

following changes to water molecules:  

HeOOH 442
22

 

Figure 2-7 is the well-known z-scheme, which shows how the electron is transferred 

during light reaction. The vertical scale indicates energy level or a molecule’s ability to 

reduce the next molecule from left to right or the ability to transfer electron to the right. It 

is a natural process for electrons to transfer from higher to lower energy levels (downhill 



 13 

reaction); and energy should be input if electron transfer goes from a lower level to a 

higher level. In plants, electrons are excited to a high level of energy twice by the PSII 

and PSI and thus able to transfer from left to right. The energy-level profile of the 

electron transport chain looks like the letter “Z” and is thus named the Z-scheme. 

 

Figure 2-7 The Z-scheme of photosynthesis 

(From: http://www.life.uiuc.edu/govindjee/ZSchemeG.html) 

In reality, photosynthesis starts with the simultaneous excitation of PSII (P680) 

and PSI (P700). Once the reaction center chlorophyll molecules receive a photon, they 

will be in excited states (denoted as P680* and P700*). The excited p680* may quickly 

lose one electron to pheophytin (Pheo), generating oxidized chlorophyll (P680
+
) and 

reduced Pheo (Pheo
-
), and correspondingly, the excited P700* loses an electron to the 

primary electron acceptor of PSI (A0) and becomes P700
+
. This is the only step that 

converts light energy into chemical energy. The P680 will get the electron from H2O 

ultimately and return itself to the original state and be ready to accept another photon. 

The Pheo
-
 will transfer the electron to plastoquinone A (QA) and then to plastoquinone B 

(QB). When QB gets two electrons from QA, it will take two protons from the stroma and 
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detache from its protein binding site and diffuse to the Cyt/bf6 complex. Then the 

electrons will move on via an iron-sulfur protein (FeS, the Rieske protein) and a mobile 

copper-protein (PC, or plastocyanin). In the end, the electron will be used to reduce 

P700
+
 to its original state. 

From theory, eight photons (4 in PSII and 4 in PSI), are required to transfer 4 

electrons from 2 molecules of water to 2 molecules of NADP+ and produce 2 molecules 

of NADPH and 1 molecule of O2.  

2.2 Mechanism of Delayed Fluorescence from PSII 

2.2.1 What is Delayed Fluorescence? 

When an electron elevated to an excited state by a photon returns to the ground 

state, a photon is regenerated, which is commonly referred to as fluorescence or prompt 

fluorescence (PF). The PF usually has a life time in pico or nano seconds. Delayed 

fluorescence (DF) is also fluorescence, but its life time can be long, in milliseconds, 

seconds, minutes, or even hours. Usually, its intensity is very weak – several orders of 

magnitude weaker than prompt fluorescence. After the excitation light is turned off, an 

energy store must exist that continuously excite electrons and produce fluorescence over 

time; otherwise, DF cannot happen because the process of electron relaxation from the 

excited state to the ground state is very short. In sum, for the generation of PF, energy 

absorption and remission are enough; for the generation of DF, however, energy 

absorption, transfer, storage and remission should be involved.  

The exact mechanisms of DF generating from PSII are not yet fully understood 

and there are different explanations (Amesz and Gorkom, 1978) including the electron-
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hole recombination theory (Govindjee and Jursinic, 1979; Brizhik et al., 2000, 2003; 

Scordino et al., 2000), the triplet fusion theory (Stacy et al., 1971; Sonneveld et al., 1980) 

and the charge-recombination theory (Rutherford et al., 1984; Jursinic, 1986; Rappaport 

et al., 2002; Goltsev et al., 2003; Zaharieval and Goltsev, 2003). The charge-

recombination theory is more widely accepted than the others. 

2.2.2 Charge-Recombination Theory 

Once the excited P680* transfers a high-energy electron to Pheo, the reduced 

Pheo
-
 will transfer the electron to QA and then to QB. The redox processes are chemical 

reactions which may reverse; therefore, there is a chance for the electrons on the reduced 

QA and QB molecules to transfer back to P680 and recombine with P680. According to 

the charge recombination theory (Govindjee and Jursinic, 1979; Brizhik et al., 2000, 

2003; Scordino et al., 2000; Goltsev et al., 2003), the recombination may re-excite the 

chlorophylls and enable them to generate fluorescence. After light is turned off, there are 

high-energy electrons on the QA and QB molecules. The process for backward electron 

transfer is much slower than the process of electron relaxation from the excited state to 

the ground state; therefore, long-term fluorescence emission becomes possible in PSII. 

(Goltsev and Yordanov, 1997; Goltsev et al., 2003). 

2.2.3 Factors Affecting Delayed Fluorescence 

These back reactions are affected by many factors. Generally speaking, 

everything that has an influence on PSII function may affect DF emission from PSII. 

Some interesting factors are listed as follows:  
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(1) Water provides electrons to recover the oxidized P680
+
 to its original form 

P680 (Taiz and Zeiger, 2002; Voet and Voet, 2004). If there are not enough water 

molecules available, the process would be impeded, the reactions involving QA and QB 

molecules and thus the DF emission would be changed (Guo et al., 2007). 

(2) Chlorophyll molecules serve the antenna complex (Taiz and Zeiger, 2002; 

Voet and Voet, 2004); therefore, their concentrations influence DF emission. 

(3) Some herbicides function by binding to certain sites and impeding electron 

transport. Herbicide application may influence DF emission (Goltsev and Yordanov, 

1997; Lambrev and Goltsev, 1999; Taiz and Zeiger, 2002). 

(4) Heavy metals like copper, mercury, and lead may accumulate with time in 

plants. Research indicates that PSII is sensitive to heavy metals (Ciardi and Pileska, 

2006). 

(5) pH and temperature usually affect chemical reaction speed and balance (Turzó 

et al., 2000; Voet and Voet, 2004;), and thus influence DF emission. 

2.3 Delayed Fluorescence Applications 

The generation of DF depends on the interactions between molecules and the 

system as whole. As a result, DF carries information about the system. A lot of research 

has shown that the concentration of photosynthetic pigments in vivo could be determined 

by the DF kinetics (Gerhardt et al., 1981; Krause and Weis, 1991). DF was used to 

analyze the phytoplankton composition in freshwaters (Bodemer, 1998; Friedrich et al., 

1998). The research of Wang et al. (2005) indicated that DF was a possible method to 

evaluate environmental acid stress on plants. Herbicides can be detected by measuring 
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DF as well. Lambrev and Goltsev (1999) used DF to evaluate temperature influences on 

herbicide sensitivity of plants. In chapters 4-10, additional literature will be provided 

corresponding to the focus of each chapter. 

2.4 Summary 

Most existing research about DF is limited to qualitative analysis and empirical 

correlation between DF and plant physiological status, which limits the applicability and 

generality of the results. Kinetic modeling is a useful tool for finding quantitative and 

physical relationships in engineering. In order to model a biological system, a model 

structure may be constructed based on what scientists have discovered and the model 

parameters may be estimated from experimental data by using optimization techniques. 

Most existing DF modeling efforts attempt to account for too many details on model, 

which makes the model theoretically inclusive or comprehensive but not practically 

useful. For example, some models have more than 20 equations and 30-some state 

variables. In this research, we try to achieve a balance between model sufficiency and 

model usefulness. We look for the simplest model structures that can adequately describe 

the phenomena of interest and can be used to solve some real engineering problems. 
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 CHAPTER 3  

EXPERIMENTAL SAMPLES AND SETUP 

3.1 Introduction 

Because of its ultra-weak magnitude, measurement of delayed fluorescence (DF) 

is challenging. The following are important considerations for a DF measurement setup: 

(1) The excitation light must be rapidly turned on and off, (2) The photon detector must 

be sensitive enough to measure the weak DF emission, and (3) The detector must be 

isolated from the excitation light since there are extreme differences between the 

intensities of excitation light and DF emissions. Single-shot method (single pulse 

excitation) and phosphoroscope (a sequence of pulses) are the basic two types of 

measurement schemes. Lavorel (1975), Lavorel et al., (1986), and Malkin (1977) provide 

reviews on the DF measurement systems and methods. In this research, system built in-

house will be used, which can implement both single-pulse and multiple-pulse excitations. 

3.2 Plant Samples 

Plant leaves available on campus (such as magnolia and Schefflera arboricola 

leaves) will be used for preliminary validation of ideas, construction of initial model 

structures, and determination of experimental parameters. To construct the final 

quantitative relationships between DF and drought or DCMU stress levels, experimental 

plants will be raised under controlled conditions. Preliminary choices of plants include: 

(1) Bloomsdale Long Standing Spinach (Gurney Seed and Nursery Co.); 
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(2) Garden Bean (Burpee) 

(3) Sweet Corn (Burpee) 

(4) Soybean 

Water and DCMU application rates will be varied to give different stress levels. 

Other growing conditions will be kept constant among the treatments. Specific plant 

samples used will be described in each result chapter. 

3.3 Hardware 

The in-house-made system (Figure 3-1) uses a channel multiplier tube (CMT) 

detector operating in the single photon-counting mode to detect delayed photons. CMT 

shares similar principles of light amplification with PMT, except that the photo-induced 

electrons are multiplied throughout a curved channel instead of secondary dynodes 

(Figure 3-2). Nonetheless, the CMT has several advantages compared to conventional 

PMTs. For example, anode sensitivity of CMT is about one order of magnitude higher 

than that of PMT, while lowering the dark count by one to two orders of magnitude. This 

detector has a photon-to-electron gain of higher than 3.0×10
8
. 
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Figure 3-1 Experimental setup 

                                

(a)     (b) 

Figure 3-2 Channel Multiplier Tube 

In the Channel photomultiplier, photons passing the faceplate are converted into photoelectrons inside the 

semitransparent photocathode. On their way from the photocathode to the anode, the electrons are 

multiplied each time they hit the inner wall of the curved channel. (Source (a): 

http://www.sensorsmag.com/articles/0300/38/main.shtml 

Source (b): http://www.becker-hickl.de/pdf/spcdetect1.pdf) 
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The detectors can be rapidly gated on and off electronically by a TTL signal. The 

output current pulses from the CMT detector are fed through a high-speed amplifier 

(HFAC-26dB, Becker & Hickl GmbH, Berlin, Germany), and then to an 800 MHz gated 

photon counter/multiscaler PCI board (PMS-400 Becker & Hickl GmbH, Berlin, 

Germany).  

3.4 Software 

The measurement process is computer-controlled and the controlled variables 

include excitation time, excitation intensity, delay time, sampling rate, and measurement 

time. Figure 3-3 shows the measurement parameter setup interface; and Figure 3-4 gives 

an example for measurement screen.  

 

Figure 3-3 Measurement parameter setup interface 



 22 

 

Figure 3-4 Example measurement screen 

3.5 Delayed Fluorescence Measurement Procedures 

The test samples will be placed in a light-tight chamber. Before the measurement, 

the samples will be given at least 20 to 30 minutes for the dark adaptation. Illumination 

from different LEDs (white: Nichia NSPW500BS or red: Marubeni L680-06AU) will be 

delivered with an 8-mm liquid light guide (ORIEL 77628). The illumination light guide is 

pointed at the sample. The DF emission is collected via a second light guide. This 

emission-collection light guide feeds into the photon-counting channel multiplier tube 

located outside the test chamber. 

When a signal is given to turn the CMT gating off, the high voltage for the CMT 

channel will be nullified to prevent photoelectron flux formation in the channel. In order 
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to protect the CMT, a delayed time (e.g. 1 ms) is often generated between turning off the 

excitation light and turning on the CMT. 

The optimal pulse duration will be experimentally determined. It should be long 

enough to give good SNR (Signal-to-Noise Ratio) while not saturating the leaf and 

causing light adaptation. 
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 CHAPTER 4  

OBSERVATION OF PLASTOQUINONE KINETICS IN 

PHOTOSYSTEM II FROM DELAYED FLUORESCENCE 

MEASUREMENTS 

4.1 Introduction  

Photosynthesis starts from light-induced separation of charge pairs and transport 

of electrons by various electron carriers (Taiz and Zeiger, 2002; Ducruet, 2003). In the 

early stages of the electron transport process, the major carriers are plastoquinone (PQ) 

molecules in the reaction centers of PSII. An electron generated by a pair of chlorophyll a 

molecules capturing a photon is transferred, via a pheophytin molecule, to a tightly bound 

quinone molecule commonly referred to as quinone A or QA and then to a loosely bound 

quinone referred to as quinone B or QB. A double-reduced QB will take up two protons 

from the chloroplast stroma to form a plastoquinol (QH2) which diffuses through the 

thylakoid membrane to another protein complex. QH2 is then oxidized, passing two 

electrons downstream, shedding (or pumping) two protons to the thylakoid lumen, and 

returning itself to the oxidized form of quinone (QB) which is subsequently reused. 

The plastoquinones do not only form a critical link of the electron transport chain 

in the light-dependent part of photosynthesis, their states can be associated with the 

optical properties of photosynthetic plants or organisms because they are adjacent to the 

photon-electron energy conversion process performed by the chlorophyll molecules. In 

particular, they are related to the emission of delayed fluorescence (DF) (Goltsev and 
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Yordanov, 1997). Experiments have shown that following illumination, photosynthetic 

systems emit weak luminescence that can last seconds or minutes. This emission is 

different from the more commonly measured prompt fluorescence (PF) that has a lifetime 

in the femtoseconds or picoseconds range. The common view is that DF arises from back 

reactions of the electron transport process (Zakir’Yanov et al., 1994; Allen et al., 1998; 

Xu and Gunner, 2000; Rappaport et al., 2005). DF was first discovered by Strehler and 

Arnold (1951) and subsequent investigations have yielded a significant amount of 

information regarding its features and connections to the photosynthetic mechanism 

(Amsez and Gorkom, 1978). DF emission displays several phases over the emission time 

span (Goltsev et al., 2005). These phases have been found to correspond to different 

components of the electron transport chain, thylakoid membrane pH and electrochemical 

gradients, and several other less defined endogenous and exogenous factors (Goltsev and 

Yordanov, 1997; Horton et al., 1996). DF can be a good indicator of photosynthetic 

efficiency (Jursinic, 1986) and a useful tool for agriculture (Lambrev and Goltsev, 1999; 

Fedoulov, 1998; Wang et al., 2004). 

Although both PF and DF photons are emitted from the PSII chlorophyll 

molecules, there are differences between the two. PF results from the chlorophyll 

fluorescence and can be produced by chlorophyll molecules alone; whereas DF involves 

the electron transport chain and an intact PSII is required. As a result, DF measurements 

are useful in revealing the kinetic behavior of the PQ part of the electron transport chain.  

There have been efforts to model DF and PF based on analysis of the reactions in 

PSII, but the existing work has been limited to theoretical analysis and simulations 

(Goltsev and Yordanov, 1997; Zakir’Yanov et al., 1994). Rarely have proposed models 
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been directly validated against experimental data largely because an attempt to account 

for too many effects and variations typically results in a complex nonlinear model that is 

extremely cumbersome, if not impossible, to validate. In this research, we took a 

parsimonious approach. We attempted to limit the scope of the model by neglecting 

effects that are insignificant under certain experimental conditions. This led to a 

conditionally linear, low-order model structure with a manageable number of parameters 

to estimate. We experimentally showed the usefulness of the minimized model structure 

in representing the kinetic states of PSII reaction centers and emission of DF under the 

given conditions. The model structure was then used to reveal some basic characteristics 

of the PQ kinetics in PSII. 

4.2 Description of Reaction Kinetics 

The redox reactions and related kinetic activities of the plastoquinones in PSII are 

well documented (Zakir’Yanov et al., 1994; Goltsev and Yordanov, 1997; Taiz and 

Zeiger, 2002; Ducruet, 2003). Each of the PQ pair in a reaction center may be in one of 

the two or three redox states. Quinone A may be in the oxidized state QA or single-

reduced state QA
–
; while quinone B may be in the oxidized state QB, single-reduced state 

QB
–
, or double-reduced state QB

2–
. These result in six possible combinations; in other 

words, each reaction center may be in one of the six possible states at any given moment. 

Since the total number of reaction centers in a sample is fixed or the probability of a 

reaction center in one of the six states is unity, five independent variables are needed to 

describe the kinetic states of the reaction centers. Guo and Tan (2009) used the redox 
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states of the individual quinones (QA
-
, QB

-
 and QB

2-
) as variables, which resulted in fewer 

but nonlinear kinetic equations. 

By the action of a photon, an oxidized QA in a reaction center is reduced to QA
–
 

and this may occur while QB is in one of its three states. This can be represented as 

        (4-1) 

where z = 0, 1 or 2; k1 and k2 are the forward and the backward reaction rates, 

respectively; and u is illumination intensity. The forward reaction is light-driven and thus 

the overall forward reaction rate is k1u. If u is expressed in photons per unit time (1/s) per 

reaction center; then for a given illumination setup and sample, k1 is a dimensionless 

quantity that indicates the illumination quantum efficiency. In Eqn. 4-1 and hereafter, the 

reaction rates are not assumed constant but, for simplicity, they are assumed not to vary 

significantly with the quinone status. This proved to be practical since constant reaction 

rates could be used to fit the experimental measurements as discussed later.  

A reduced QA
–
 may pass its acquired electron to QB when the latter is either in the 

oxidized state QB or single-reduced state QB
–
; i.e., 

       (4-2) 

where z = 0 or 1; and k3 and k4 are the forward and the backward reaction rates, 

respectively. 

With two acquired electrons, QB
2–

 will combine with two protons from the stroma 

to become QH2, which will diffuse from the QB site to the thylakoid lumen where it will 

be oxidized to become QB again (Taiz and Zeiger, 2002). This may occur when QA is in 

either state; i.e., 

QA 
–
QB

z– 
QA

 
QB

(z+1) – k3 

 k4 

QA QB
z– 

QA
– 
QB

z– k1u 

k2 
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       (4-3) 

where z = 0 or 1, and k5 is the reaction rate. 

While any reaction may be reversible to some degree, the backward reaction in 

Eqn. 4-3 may be neglected for DF modeling purposes under the experimental conditions 

used in this work. The O-H bond in QH2 has finite bond energy. Oxidation of QH2 

requires the involvement of the cytochrome b6f protein complex and occurs only after a 

quinol molecule diffuses to the lumen side. This process is therefore unlikely to reverse 

to affect the PQ kinetics and DF emission. In fact, a significant level of this reverse 

reaction would imply that the photosynthetic system would be “internally leaky” and the 

entire process would eventually undo itself without continuous illumination, which is 

obviously not the case. 

Let us denote the concentrations of reaction centers in different states; namely, 

[QAQB], [QA
–
QB], [QAQB

–
], [QA

–
QB

–
], [QAQB

2–
] and [QA

–
QB

2–
]; with x0, x1, x2, x3, x4, and 

x5, respectively; and the total concentration of reaction centers in a sample with R; then 

5

0i i
xR . If we use any five of the six, say x1 through x5, as state variables, their time 

derivatives (or production rates) can be easily written from reaction Eqns. 4-1 through 4-

3 as follows. 

55132412543211
1 )( xkxkxkxkxxxxxRuk

dt

dx
  (4-4) 

21322413
2 uxkxkxkxk

dt

dx
      (4-5) 

44333221
3 xkxkxkuxk

dt

dx
      (4-6) 

QA 
z–

QB
2– 

QA
z–

QB 
k5 
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4552414433
4 xkxkuxkxkxk

dt

dx
     (4-7) 

555241
5 xkxkuxk

dt

dx
       (4-8) 

Eqns. 4-4 through 4-8 describe the kinetic variations in the concentrations (or 

numbers) of reaction centers in different redox states and form a set of state space 

equations for PQ redox states of the reaction centers. As a more convenient alternative, x1 

through x5 may be viewed as the probabilities of a reaction center being in the five 

corresponding PQ states, in which case, R is unity. 

Additional equations have been suggested to account for the other effects such as 

variations in the unbound QB pool resulting from QH2 formation and changes in proton 

concentration (pH) in the thylakoid lumen because of proton pumping (Goltsev and 

Yordanov, 1997). These variations do occur, especially under prolonged illumination, 

and taking them into account would make a model more comprehensive. Their inclusion, 

however, entails complex nonlinear equations and involves quantities that cannot be 

directly measured with technologies available today. More significantly, it makes an 

otherwise much simpler model (Eqns. 4-4 through 4-8) cumbersome and difficult to 

verify. Until effective ways are available to quantify and represent these additional 

variations, including them would bring few practical benefits. 

Under dark-adapted conditions, the proton concentration in the chloroplast stroma 

is the highest and there is a pool of 10-30 loose quinones (QB) in each reaction center 

(Kolber and Falkowski, 1993). These provide certain pH and QB buffering capacities. If a 

test sample is initially dark-adapted and then exposed to a short-pulse excitation of 

limited intensity, then it would be reasonable to assume that the buffering capacities are 
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not sufficiently depleted to affect the upstream PQ kinetics. As a consequence, the QB
2–

 

protonation rate (k5) may be approximated with a constant. This simplification limits the 

model applicability to short-pulse excitation of dark-adapted systems, but the model is 

dramatically simpler to permit validation against experimental measurements and 

observation of PQ kinetics. 

Coefficients k1 though k4 may be temperature-dependent but can be assumed 

constant as is commonly done in analysis of reaction kinetics for constant or slowly 

varying ambient temperatures. For constant illuminations (u), Eqns. 4-4 to 4-8 represent a 

linear, five-dimensional state-space system. It is easy to verify that the five state 

equations are coupled. The coefficients and state variables may be estimated by using the 

Kalman filter and system estimation techniques from measurable (or observable) 

variables that are functions of the state variables. 

One such state-dependent variable is DF. The main contributor to DF emission in 

photosynthetic systems is the backward reaction represented in Eqn. 4-1, which involves 

excitation of chlorophyll a by an electron from QA
–
 via a pheophytin molecule and the 

subsequent fluorescence photon given off when the excited chlorophyll goes to the 

ground state (Radenovic et al., 1994). Then, the DF emission should depend on the 

production rate of QA by oxidation of QA
–
, which is k2QA

–
 as shown in Eqn. 4-1. There 

are three reaction center states containing QA
–
: QA

–
QB (x1), QA

–
QB

–
 (x3), and QA

–
QB

2-
 (x5). 

The DF generation rate y should be proportional to the total rate at which QAQB, QAQB
–
, 

and QAQB
2-

 are produced from x1, x3, and x5, respectively; i.e., 

)( 5312 xxxKky         (4-9) 
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where K is a gain factor, which accounts for the sampling interval used, the 

instrumentation gain, and the sample size (number of reaction centers) when the state 

variables are viewed as probabilities. Equation 4-9 defines an output from the system 

described by state Eqns. 4-4 through 4-8. 

4.3 Experimental Measurements 

To observe the PQ kinetic behavior of reaction centers, DF emissions were 

measured from dark-adapted plant leaves following a pulse excitation. Two different 

plants (soybean and corn) and two stress conditions (drought and DCMU application, 

both of which affect photosynthesis) were tested. 

4.3.1 Plant Samples 

Mature greenhouse-grown soybean plants were used for drought stress 

experiments. Three healthy plants were used as control and three sample plants were 

drought-stressed. The plants were being tested in another study for the effects of drought 

conditions on root physiology. Little visual differences could be discerned between the 

healthy (control) and drought-stressed plants. Measurements on the drought-stressed 

samples were taken when the soil moisture was between 10 and 20% of the dry soil 

weight and the control measurements were taken when the moisture was between 60 and 

70% of the dry soil weight. 

Twelve to fifteen-day-old yellow corn seedlings were used for DCMU stress 

experiments. Seven samples were used for each of the control and the DCMU-treated 

groups. An atomizer was used to spray a 10
-4

 M DCMU solution onto the leaves 15 

minutes prior to DF measurements. All the seedlings were grown at room temperature 
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and under fluorescent lighting (Model F20T12/CW, Philips, New York, USA, Color 

temperature: 4100K. Wavelength range: 410–720 nm) in 16:8-hour on-off cycles.  

Whole leaves from the experimental plants were excised and kept in the dark for 

at least 30 minutes before DF measurements were taken. Kato et al. (2002) showed that 

detached leaves could be used for photosynthesis evaluation within several hours. Our 

experiments indicated that for the excitation and plants used, the DF emissions did not 

change appreciably two hours after detachment. All the experiments were conducted 

much within the two-hour timeframe. 

4.3.2 Instrumentation and DF Measurement 

The test samples were placed in a light-tight chamber. Illumination from three 

white LEDs (Nichia NSPW500BS, wavelength range: 400-750 nm) delivered a total of 

4.5×10
16

 photons/s to the sample via an 8-mm liquid light guide (ORIEL 77628). The 

illumination light guide was pointed at the sample from a 1-cm distance and at an angle 

of 30° from the vertical direction. The DF emission was collected via a second light 

guide vertically above the sample at a 1-cm distance. This emission-collection light guide 

fed into a photon-counting channel multiplier tube (CMT) (PerkinElmer MH1373P) 

located outside the test chamber.  

The CMT was gated electronically. When a signal was given to turn the gating off, 

the high voltage for the CMT channel would be nullified to prevent photoelectron flux 

formation in the channel. The photoelectric output pulses from the CMT were recorded 

with a gated photon counter/multiscaler card (PMS-400, Becker & Hickl GmbH) plugged 
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in a host computer. The computer also controlled the LED illumination, CMT gating, and 

data acquisition timing. 

The dark-adapted samples were excited with a 0.5-s illumination pulse and the DF 

emission following the pulse was recorded. The illumination intensity and pulse width 

were experimentally determined so that they gave strong DF signals but did not saturate 

the system. The DF photons were recorded with a 1-ms sampling period for a 1-s period. 

4.4 Results and Discussion 

4.4.1 Parameter Estimation 

To determine if Eqns. 4-4 through 4-9 could adequately represent the PQ kinetic 

behavior of reaction centers observable from DF measurements under the given 

experimental conditions and assumptions, the equations were used to describe the 

measured DF via least-squares parameter optimization (Constantinides and Mostoufi, 

1999). The optimization algorithm was implemented in Matlab (The Mathworks, Natick 

MA). Before parameter estimation, the numerical local approach (Walter and Pronzato, 

1997) was used to analyze structural identifiability of the model. Many sets of model 

parameters were randomly selected and used to generate system responses (y in Eqn. 4-9). 

The generated responses were used to identify the system parameters. The parameter 

estimates were found stable around the true parameter values, which proved that the 

model structure was at least locally identifiable (Walter and Pronzato, 1997).  

Some reported that after dark adaptation, most quinones are in the oxidized state 

(QA and QB) (Baker, 1993), while others showed that there were about equal numbers of 

QB and QB- (Rutherford et al., 1984). This implies that the initial values for the state 
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variables can be set to zero except that for x2, which should be 0.5R (equal numbers of QB 

and QB
-
 according to Rutherford et al. (1984). The total number or the concentration of 

active reaction centers in a sample may not be known to allow the expression of R in 

those values. Fortunately, R can be conveniently set to unity. As discussed earlier, a unity 

R means that each of the state variables (x1 through x5) represents the probability that a 

reaction center is in the corresponding PQ status. The effect of sample size, which was 

unchanged in the experiment, is accounted for by gain factor K. In the parameter 

estimation process, R was set to unity for the control soybean, drought soybean, and 

control corn experiments. For the DCMU-treated corn samples, however, the total 

number of active (unblocked) reaction centers and thus the R value were expected to be 

reduced. As a result, R was the only parameter re-estimated from the experimental data as 

explained in a later section and it would represent the active reaction centers as a 

percentage of that of control samples.  

Solution of the state and output equations must start from the initial conditions, 

which were the dark-adapted state prior to the illumination pulse. The DF emission 

during the 0.5-s light pulse, however, could not be practically measured because it was 

several orders of magnitude weaker than the excitation, reflection, PF and other sources 

of photons that would simultaneously exist. For each iteration of the parameter estimation 

process, system simulation would start with the current parameter values and u ≠ 0 (light 

on) from the initial conditions and proceed for 0.5 s; and then u was set to zero (light off) 

and parameter estimation based the DF measurements would commence. 

The system is stochastic with errors among repeated measurements. The 

measurements for all the replications in a treatment (3 for drought and 7 for DCMU 
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experiments) were pooled and used for parameter estimation for that treatment. This 

produced one set of parameters optimized for all the replications of measurements made 

in each treatment. 

4.4.2 Soybean and Drought-Stressed Samples 

Figures 4-1a and 4-1b show the mean values and the 95% confidence intervals of 

the measured DF from the control and the drought-stressed soybean sample groups, 

respectively. As expected, the DF emissions from the drought-stressed samples were 

generally weaker than those from the control samples. Drought could either affect the 

availability of water or plant’s ability to access water for electron donation, which would 

reduce the overall efficiency of the photo-transduction process. Other changes were not 

obvious from data plots. 
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Figure 4-1 Measured DF of control soybean plants (a) and drought-stressed soybean plants (b) 

 

The model parameters were estimated for the control samples first and Figure. 4-

2a shows the model predictions of DF compared with the experimental measurements for 

the control group. Upon parameter optimization, the model could describe DF emission 

with a maximum error around 5%, indicating the capability and effectiveness of the 

model structure for the experimental conditions. 
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For the drought-stressed samples, the parameter estimates from the control 

samples except the k1 value were used and kept constant. Drought may reduce the 

availability or accessibility of electron donors and therefore should primarily affect k1. 

The model was tested to determine if it could fit the replications of drought stress data by 

re-determining only k1. Figure 4-2b compares the model-predicted DF with the 

measurements for the drought-stressed samples. The maximum prediction errors were 

also about 5%, further indicating the ability of the model structure. 
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Figure 4-2 Comparison of model predictions of DF with measurements for the control soybean samples (a) 

and the drought-stressed soybean samples (b) 

 

According to PSII density in literature (Ladygin, 2004), there were around 

1.16×10
13

 PSIIs under light excitation and around 380 photons would be used by per 

reaction center per second and half of the photons would be used by PSIIs. The k1 value 

dropped from 0.194 (Figure 4-2a) for the control samples to 0.156 (Figure 4-2b) for the 

drought-stressed samples, resulting in a 20% reduction. This is consistent with the known 

processes. As discussed earlier, k1 represents the overall quantum efficiency of 

illumination in exciting chlorophyll a and consequently passing an electron to QA. Once a 

chlorophyll molecule is oxidized, it must be reduced by an electron donor to sustain the 

photo-transduction process. If reduced chlorophylls are not replenished fast enough with 

electrons from the electron donors, then a reduction in the k1 value is expected. In plants, 
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the electrons are from oxidation of water through the oxygen-evolving complex. Drought 

would affect either the availability or accessibility of electron donors and thus lead to a 

reduced k1 value. 

4.4.3 Corn and DCMU-Treated Samples 

Figures 4-3a and 4-3b show the average DF emissions and the 95% confidence 

intervals from the control and the DCMU-treated corn samples, respectively. From the 

data plots, DCMU application appeared to result in an overall decrease in DF emission. 
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Figure 4-3 Measured DF of control corn plants (a) and DCMU-treated corn plants (b) 

 

Figures 4-4a and 4-4b are plots of the experimental and predicted DF for the 

control and the DCMU-treated corn samples, respectively. The predictions were very 

close to all the replications of the experimental measurements, indicating that the model 

structure was useful for the corn samples under the two conditions tested. 
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Figure 4-4 Comparison of model predictions of DF with measurements for the control corn samples (a) and 

the DCMU-treated corn samples (b) 
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As was done with the soybean samples, parameter estimation for the control corn 

samples was carried out without constraints and the estimated parameter values except 

one were used and kept constant in modeling the DCMU-treated samples. The lone 

parameter re-determined for the DCMU-treated samples was R. As discussed earlier, R 

represents the total probability for a reaction center to be in one of the six PQ redox states 

or it represents the number of reaction centers in a sample. R was unity (or 100%) for the 

control samples. Since DCMU works by binding to the QB site in a reaction center and 

thus blocking electron transport from QA to QB. The net effect is then a reduction in 

unblocked or active reaction centers, leading to a reduction in the R value. This turned 

out to be the case. Multiple replications of the DCMU-treated data could be fitted by 

varying R only and the R value reduced to 62.1% (Figure 4-4) of that for the control 

samples, indicating that a significant percentage of the reaction centers in the tested 

sample area were blocked or disabled by the application of DCMU. 

4.4.4 Plastoquinone Kinetic Behavior 

The fact that, after parameter optimization, Eqns. 4-4 through 4-9 closely 

described DF emissions under different plant conditions provides evidence that the 

equations compose a sufficient model structure for the PQ states of PSII reaction centers 

under the dark-adapted and short-pulse excitation conditions. The equations, however, 

provide only a model structure and determination of generally useful model parameter 

values in appropriate scientific units requires many more experiments. Nonetheless, the 

model structure reveals some basic characteristics of the PQ kinetics in PSII reaction 

centers under the given conditions. 
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Eqns. 4-4 through 4-8 can be written into the conventional uxx BA state space 

form as, 
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and Eqn. 4-9 in the xy C form as 
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By examining Eqns. 4-10 and 4-11 and matrices A, B and C, a number of 

observations can be made about the system as discussed below. 

The equations define a five-dimensional state space system. The PQ redox state of 

the reaction centers can be represented with five independent states, which are 

probabilities of occurrence for, or concentrations (or numbers) of reaction centers being 

in the states of QA
–
QB, QAQB

–
, QA

–
QB

–
, QAQB

2–
, and QA

–
QB

2–
 in a sample. The reaction 

kinetics can therefore be considered fifth or lower order for the experimental conditions 

used. 

For constant illumination u, the system is linear. This is significant because of the 

vastly available techniques for linear system analysis. Moreover, if the reaction rates do 

not change appreciably, the equations constitute a linear system with constant or time-

invariant coefficients. As the results of this work showed, the reaction rates can be 

estimated as time-invariants for a given system (though they may vary from one system 
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to another) under dark-adapted and short-pulse conditions. Temperature changes during 

the course of a measurement could lead to reaction rate variations, but this is typically not 

the case as temperature changes are usually small in a short time span. This provides an 

opportunity to take advantage of the many powerful linear-system techniques by 

designing appropriate experimental conditions. In particular, the Kalman filter technique 

and least-squares algorithms allow estimation of the state variables (state observation) or 

the model coefficients from experimental measurements (such as DF) as done in this 

work. 

While the kinetics can be treated as linear and time-invariant for constant or 

periodically constant illumination u, the system is not symmetrical. Since u appears in the 

A matrix in Eqn. 4-10, the system kinetics vary with u. For example, the illumination may 

be turned on and off (or switched between two levels). Besides the direction of responses, 

the PQ kinetic characteristics (system poles or eigen values) are different between the 

light-on and light-off phases. This is obviously due to the fact the some of the reactions 

(Eqn. 4-1) are light-driven or light-modulated. 

The A matrix in Eqn. 4-10 has a three-cell-wide band of non-zero entries along 

the main diagonal. Although it could theoretically occur, this matrix is unlikely to be 

singular except under rare and coincidental circumstances. It is easy to verify that the C 

matrix in Eqn. 4-11 and a full-rank A make all five states observable. This makes it 

possible, at least theoretically, to estimate the PQ states of PSII reaction centers from DF 

measurements for most scenarios, although the estimation accuracy may differ among the 

states, depending on the model coefficients (or eigen values), richness of excitation, 

measurement frequency, and possibly other factors. 
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The input gain (the B matrix in Eqn. 4-10) is determined by k1 and R. This is 

expected and makes sense because the former shows the quantum efficiency of 

illumination and the latter represents the number of active reaction centers under 

observation. This gain indicates how efficiently light is harnessed under the dark-adapted 

and short-pulse conditions. It should be noted that although k1 and R both affect the input 

gain in a similar manner, k1 changes system matrix A whereas R does not, which means 

that the effects of k1 and R are not fully exchangeable. 

4.4.5 Discussion  

Short illumination pulses were used to avoid difficult nonlinearities resulting from 

system saturation, down-stream variations and light adaptation. The LED lighting and 

pulse width used in this research were experimentally determined so that the illumination 

gave strong DF signals relative to the measurement noise but was below an intensity 

where the model performance began to deteriorate appreciably, indicating apparent 

violation of the linearity and time-invariant assumptions. The intensity-duration 

combination or total illumination energy used, however, offers only one reference point. 

Adequate illumination energy levels necessary to uphold the linearity and time-invariant 

assumptions need to be determined for other plants and experimental conditions.  

After parameter optimization, the model structure could represent DF emissions 

accurately for the tested plants and conditions. The errors were practically negligible 

(<5%) but were not totally random. They were larger for the first several data points. The 

model appeared to under-predict the first few measurements and, as a consequence of 

error minimization, over-predict some points afterwards. The under prediction of the few 
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initial measurements seem to indicate that there might have been another short-lived 

photon-generating process that was not accounted for by the model. This process was 

unlikely to be the prompt chlorophyll fluorescence since there was a 5-ms delay between 

the end of the excitation pulse and the start of DF measurement during which PF should 

have decayed to near-zero levels. Although the errors were small and did not significantly 

affect the DF predictions, the underlying phenomenon warrants further investigation. 

4.5 Conclusion  

For short-pulse illumination, the plastoquinone redox kinetics of PSII reaction 

centers in initially dark-adapted plant leaves can be represented in a five-dimensional 

state space. If the illumination pulse is of constant (or zero) intensity, the system can be 

considered linear and time-invariant. The kinetic characteristics, however, vary with the 

illumination intensity and differ fundamentally between light-on and light-off conditions. 

After parameter optimization, the five-state model could effectively describe DF and 

reflect the expected parameter changes induced by drought or DCMU stress for the 

samples and conditions tested. The simplicity of the model structure permits observation 

and analysis of the plastoquinone states of PSII reaction centers from DF measurements 

by using linear system techniques. The model and method warrant further verification 

and possible refinement. 
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 CHAPTER 5  

A KINETIC MODEL STRUCTURE FOR 

DELAYED FLUORESCENCE FROM PLANTS 

5.1 Introduction 

When light is absorbed by chlorophyll molecules for photochemical reactions in 

plants, part of the energy may be converted back into light in the form of prompt 

fluorescence (PF) and delayed fluorescence (DF) (Goltsev et al., 2003; Zaharieval and 

Goltsev, 2003; Govindjee, 2004). Both PF and DF from photosystem II (PSII) are emitted 

mainly from the same antenna complex (Amesz and Van Gorkom, 1978), but there are 

fundamental differences between the two. A single molecule is sufficient for the 

generation of PF while the generation of DF depends on system interactions (Goltsev et 

al., 2003), which makes DF a potential indicator of photosynthesis efficiency and plant 

stresses (Bjorn and Forsberg, 1979; Jursinic, 1986; Wang et al., 2007). Goltsev and 

Yordanov (1997) suggested that the final stage of DF emission involves charge 

combination of P
+
 and I

-
. Detailed discussions on DF generation can be found in Jurisinic 

(1986) and Goltsev et al. (2003).  

DF was first discovered by Strehler and Arnold (1951) and subsequent 

investigations have yielded a significant amount of information. Much previous research 

focused on the correlations between DF or PF and photosynthesis-related factors such as 

drought stress and herbicide stress (Lu and Zhang, 1999; Christensen et al., 2003; Joly et 

al., 2005; Ilik et al., 2006). While these efforts contributed to the applications of DF, they 
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were based on empirical observations and the results were not quantitative or 

generalizable. Mathematical modeling based on reaction kinetics is a complementary 

approach that has shown a great deal of potential (Goltsev and Yordanov, 1997; Stirbet et 

al., 1998; Lebedeva et al., 2000; Goltsev et al., 2003). 

Lavorel (1975) used a sum of exponential functions to model DF. The model 

could represent measured DF after parameter fitting, but the model parameters could not 

be interpreted in terms of the underlying reaction processes. The hyperbolic model used 

by Scordino et al., (1996) suffers from the same limitation. Goltsev and Yordanov (1997) 

presented a 7
th

-order model for the reaction kinetics in PSII and used the model to 

analyze PF and DF. Although the model was complex and it was not compared with 

experimental data, the effort was a significant step forward in modeling DF based on the 

underlying photochemical reactions. Lebedeva (2000) proposed a rather comprehensive 

and complex model for the catalytic cycles in PSII. Goltsev et al. (2003) developed a 

model to describe the relationship between DF and PF. Tyystjärvi et al. (2005) used a 

mathematical model and published parameter values to simulate the process of photo-

inhibition in PSII. 

The existing models or model structures vary in emphasis and complexity. 

Empirical models can be relatively simple in structure but they lack physiologically 

meaningful interpretations. Reaction kinetics-based models have been developed to 

represent different aspects of the photochemical reactions in PSII. The published model 

structures, however, are complex and cannot be easily solved, analytically or numerically, 

for comparison with experimental results. In particular, there is a lack of parsimonious 

model structures that are convenient for plant stress analysis based on DF measurements. 
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Given the tremendous biological variability, it is unlikely that a model with fixed 

coefficient values can fit a wide range of species and environmental conditions. For a 

given purpose, however, a commonly useful model structure may be attainable because 

plants share a fundamentally similar phototransduction mechanism. This research was 

designed to develop a model structure for the DF-related reaction kinetics with a minimal 

set of variables and equations. The model structure developed involves only three state 

variables (QA
-
, QB

-
, and QB

2-
) and thus three first-order equations, significantly fewer than 

what has been reported in the literature. Comparison with measured DF from three 

different plants under normal and two stress conditions showed that the model could not 

only describe DF emissions closely but also indicate the stresses in a manner consistent 

with the known physiological mechanisms. 

5.2 Model Structure Development 

Under light excitation, P680 (PSII chlorophyll) absorbs photon energy or gets 

energy from around the antenna (Goltsev et al., 2003) and becomes excited (denoted as 

P680*). The excited electron may be transferred, via a pheophytin molecule, to the 

primary electron acceptor plastoquinone QA, which is tightly bound in the thylakoid 

membrane (Goltsev and Yordanov, 1997; Blankenship, 2002). The electron on QA
-
 may 

be transferred to another loosely bound plastoquinone (QB) or transferred back to 

recombine with P680
+ 

(oxidized form of P680) and produce a re-excited P680* (Wong et 

al., 1978; Radenovic et al., 1994). The re-excited P680
*
 may produce fluorescence either 

by emitting a photon directly or transferring the energy to around the antenna where the 

fluorescence will be given off (Goltsev et al., 2003). The re-emitted photon is delayed 
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fluorescence as the excited electron has been transferred to QA and subsequent charge 

carriers before returning to recombine with P680
+
. The DF-relevant electron transport in 

the early part of PSII can be depicted by the following expression: 

   (5-1) 

where Z is the electron donor, I is pheophytin, and Q is plastoquinone QA. The + or – 

superscript indicates the molecule in its reduced or oxidized states, respectively. P680* 

represents chlorophylls in their excited singlet state. Reaction 1 is the primary 

photochemical reaction following the absorption of light energy (hv). Reaction 2 is the 

secondary charge transfer where the primary quinone (QA) is reduced by the pheophytin 

and this reaction is followed by many subsequent steps. Reaction 3 represents reverse 

electron movement to reproduce a P680*, which may in turn emit a DF photon (hv). 

The electron transport rate between P680 and pheophytin is much faster than that 

between plastoquinones (Zhu et al., 2005). As a result, pheophytin contributes little to the 

reaction kinetics and can be omitted from explicit representation, as was done in Goltsev 

and Yordanov (1997), without significant loss of model accuracy. The first step of 

electron transport can thus be represented by: 

          (5-2) 

where u is the excitation light intensity, k1 and k2 are the forward or backward reaction 

constants, and QA
-
 is the reduced form of QA. 
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QA
-
 may transfer its gained electron to QB, which can carry two negative charges at the 

same time (Goltsev and Yordanov, 1997; Blankenship, 2002; Govindjee, 2004; Taiz and 

Zeiger, 2002). Then the next step of electron transport is either 

        (5-3) 

or 

        (5-4) 

where k3 through k6 are reaction constants, and QB
-
 and QB

2-
 are respectively the single- 

and double-reduced forms of QB. 

After receiving two electrons, QB
2-

 will be reduced and combine with two protons 

from the stroma to become plastoquinol (QH2), which will diffuse from the QB site to the 

thylakoid lumen where it will be oxidized to become QB (Goltsev and Yordanov, 1997; 

Blankenship, 2002; Govindjee, 2004; Taiz and Zeiger, 2002). For the purpose of DF 

modeling, this is a link in the electron transport chain that would allow minimization of 

the downstream effects on the plastoquinone-related kinetics under certain experimental 

conditions. The O-H bond in plastoquinol has finite bond energy, and oxidation of 

plastoquinol requires the involvement of the cytochrome b6f protein complex and occurs 

only after it diffuses to the lumen side. The oxidation of QB
2-

 is, therefore, practically 

irreversible. In terms of the plastoquinone activities, these reactions may be collectively 

represented as: 

 B
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        (5-5) 

where k7 is an overall reaction rate. 
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If the experiment sample is initially dark-adapted and the excitation is a short 

pulse that is not sufficient to saturate the electron transport system, further simplifying 

assumptions may be made about the reactions represented in Eqn. 5-5. Besides the QB 

molecules recovered via plastoquinol oxidation, there is a plastoquinone (PQ) pool in 

each reaction center to refill the vacated QB site. Kolber and Falkowski (1993) reported a 

pool size of up to 30 molecules and others estimated it to be about 9 to 10 (Malkin and 

Kok, 1966; Murata et al., 1966; Govindjee, 2004). In either case, the PQ pool provides a 

buffering capacity so that any time delays associated with the redox reactions and 

diffusions to replenish the PQ pool may be assumed not to limit the availability of a QB 

molecule in a reaction center under dark-adapted and short-pulse conditions. Furthermore, 

both the stroma and the lumen have certain pH buffering capacities; therefore, the proton 

concentrations may be assumed steady for dark-adapted and short-pulse conditions and 

the overall QB
2-

 oxidization rate, k7, may be considered as a constant. 

There is one QA site and one QB site in an active PSII reaction center. The 

concentration or probability of presence for the total QA (including QA and QA
-
) or total 

QB (including QB, QB
-
, and QB

2-
) can be set to unity. The reactions represented by 

expressions 5-2 through 5-5 can then be described by the following three differential 

equations. 

         
31621521432131211

1 )1()1()1()1( xxkxxkxxkxxxkxkxuk
dt
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where x1, x2 and x3 respectively denote the average (over many reaction centers) 

concentrations (or the probabilities of presence) of QA
-
, QB

-
, and QB

2-
 in an active 

reaction center. DF generation is proportional to the rate at which QA is generated from 

the reduced QA
-
 state; i.e., 

 128129 xkkxkNky
        (5-9) 

where y is the DF intensity, N is the total number of active reaction centers or QAQB pairs 

under observation, k9 is the instrumentation gain, and k8 = Nk9 is the overall gain factor. 

5.3 Experimental Data Collection 

Experimental data were collected to validate the model structure. Besides healthy 

plants, stresses were induced to test the effectiveness of the model under varied 

conditions. Three plant varieties; corn, soybean and green bean; and two stress conditions, 

drought and herbicide; were used in the work. The plant and stress types were chosen 

because they are commonly grown crops or frequently occurring conditions. More 

importantly, the mechanisms by which the chosen stress conditions affect electron 

transport in PSII are known, which makes it possible to determine if the modeling results 

make qualitative sense. 

5.3.1 Plant Samples 

Mature greenhouse-grown soybean plants were used for the drought stress 

experiments. Three healthy samples were used as control and three drought-stressed 

samples were measured. For the drought condition, the weight of the pots and soil was 

monitored. Measurements on the drought-stressed samples were taken when the soil 
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moisture was between 10 and 20% of the dry soil weight, while the control measurements 

were taken when the moisture was between 60 and 70% of the dry soil weight. 

Both corn and green bean samples were used for the herbicide stress experiments. 

Twelve- to fifteen-day-old yellow corn seedlings were used to measure DF emission with 

or without herbicide stress, and seven samples were used for each group. An atomizer 

was used to spray a 10
-4

-M DCMU [Diuron, 3-(3,4-dichlorophenyl)-1,1-dimethylurea] 

solution onto the corn sample leaves until dripping 15 minutes prior to DF measurements. 

Twelve-day-old green beans (Burpee Bush Bean Contender) seedlings were also used for 

DCMU stress tests. The sample bean leaves were soaked in tap water, 10
-5

-M or 10
-7

-M 

DCMU solution for 15 minutes before measurement. 

All the samples were grown at room temperature in open air and under 

fluorescent lighting (Model F20T12/CW, Philips, New York, USA, Color temperature: 

4100K. Wavelength range: 410–720 nm) controlled in 16:8-hour on-off cycles. Few 

visible differences could be observed between healthy (control) and stressed plants. 

Whole leaves were excised and kept in the dark for at least 30 minutes before DF 

measurements were taken. Kato et al. (2002) showed that detached leaves could be used 

for photosynthesis evaluation within several hours. Our experiments indicated that for the 

excitation and plants used, the DF emissions did not change appreciably two hours after 

detachment. All the experiments were conducted much within the two-hour timeframe. 

5.3.2 Instrumentation and DF Measurement 

The test samples were placed in a light-tight chamber. Illumination from three 

white LEDs (Model NSPW500BS, Nichia, Tokushima, Japan. Wavelength range: 400-
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750 nm) was delivered through an 8-mm liquid light guide (Model 77628, ORIEL, Irvine, 

CA). The illumination light guide was pointed at the sample from a 1-cm distance and at 

a 30° angle from the vertical direction. DF emission was collected via a second light 

guide positioned at the same distance and angle as the illumination light guide but on the 

opposite side of the vertical line. This emission light guide was fed into a photon-

counting channel multiplier tube (CMT) (Model MH1373P, Perkin Elmer, Waltham, MA) 

located outside the test chamber. 

The CMT was gated electronically. When a signal was given to turn the gating off, 

the high voltage for the CMT channel would be nullified to prevent photoelectron flux 

formation in the channel. The photoelectric output pulses from the CMT were recorded 

with a gated photon counter/multiscaler card (Model PMS-400, Becker & Hickl GmbH, 

Berlin) plugged in a host computer. The computer also controlled the LED illumination, 

CMT gating, and data acquisition timing. Dark-adapted samples were excited with a 0.5-s 

illumination pulse and DF emission following the pulse was recorded. DF photons were 

recorded with a 1-ms sampling interval for a one-second period. The illumination 

intensity and duration were experimentally chosen so that the excitation was strong 

enough to give good signal-to-noise ratio and yet was not sufficient to cause observable 

saturation in the DF measurements. 

5.4 Model Validation 

5.4.1 Measurement Parameter Estimation 

Least-squares optimization (Constantinides and Mostoufi, 1999) was used to 

estimate the model parameters in Eqns. 5-6 through 5-9. The optimization algorithm was 
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implemented in Matlab (The Mathworks, Natick, MA). When a leaf is dark-adapted for 

tens of minutes, the plastoquinone acceptors of PSII (QA and QB) become maximally 

oxidized (Baker, 1993). Rutherford et al. (1984), however, showed that there were about 

equal numbers of QB and QB
-
 after dark adaptation. As a result, the initial value for x2 was 

set to 0.5 and those for x1 and x3 were set to 0. In each iteration of the parameter 

estimation process, the equations were numerically solved with the dark-adapted initial 

values for both the light-on and light-off phases of the experiment. Experimental data, 

however, were available for parameter correction only for the light-off phase. 

5.4.2 Soybean and Drought-Stressed Samples 

Figures 5-1a and 5-1b show the mean value and 95% confidence area of the DF 

emissions following a pulse excitation for the control group and the drought-stressed 

group, respectively. The DF intensity from the drought-stressed samples was typically a 

little weaker than that from the control samples, but few other quantitative specifics could 

be directly discerned about the changes in the electron transport process. 
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Figure 5-1 Measured DF of control soybean plants (a) and drought-stressed soybean plants (b) 

 

Figures 5-2a and 5-2b are the model predictions of DF compared with 

measurements for all the control samples and all the drought-stressed samples, 
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respectively. In the optimization process, all the model parameters were adjusted to give 

the optimal fit to the experimental data for all the controls samples. For the drought-

stressed plants, however, the model parameters determined for the control samples were 

used and kept constant except for the one that was expected to differ. Under the 

experimental conditions, drought-related parameter changes should be primarily in k1, the 

photo-induced reduction rate of QA which depends on water as an electron supplier. As a 

result, only k1 was re-determined for the drought-stressed group. It should be noted that 

drought changes k1 but k1 is not the only change drought induces. Drought leads to 

multiple changes in the longer term, including stomal closure and decreased CO2 

assimilation. Stomal closure helps the plant conserve water and thus k1 should reflect this 

aspect of the effect. Decreased CO2 assimilation influences the QH2 oxidization rate 

(Baker, 1993). This longer-term downstream effect was neglected for the short-pulse and 

dark-adapted conditions as discussed earlier. 
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Figure 5-2 Comparison of model predictions of DF with measurements for the control soybean samples (a) 

and the drought-stressed soybean samples (b) 

 

From Figure 5-2, it is obvious that the model predictions matched the 

experimental data well. Even when k2 through k8 were constrained to remain equal to the 

values of the control group, a k1 value could be found to fit the measurements for the 
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drought-stressed group. This indicates that the model structure sufficiently represents the 

kinetics governing delayed fluorescence emission for the samples. k1 for the control 

samples in Figure 5-2a was 398.10 and 271.60 for the drought-stressed samples in Figure 

5-2b. This agrees with a known effect of drought. Water is oxidized to serve as the 

original electron donor. Since k1 represents the overall efficiency for electron transfer 

from water to QA by photo-activation of chlorophylls, a lack of water would impede the 

process and thus result in reduced k1. For the two groups of samples tested, drought 

reduced the electron transport and thereby photosynthesis by about 32%. 

5.4.3 Corn and DCMU-Treated Samples 

The mean values and 95% confidence areas of DF the control and the DCMU-

stressed corn samples are shown in Figure 5-3. Similar to the drought stress experiments, 

the DF differed in intensity but the specific changes were not obvious without further 

analysis.  
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Figure 5-3 Measured DF of control corn plants (a) and DCMU-treated corn plants (b) 

 

Figures 5-4a and 5-4b are the model predictions of DF compared with 

measurements for all the control corn samples and all the DCMU-stressed samples, 

respectively. The parameter identification process was similar to that used for the drought 
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stress experiments. The model parameters for the control samples were identified first 

and then used as constants for the DCMU-stressed samples except for k8, which was 

expected to be influenced by DCMU stress. Only k8 was re-determined to fit the DCMU-

stressed sample group. 
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Figure 5-4 Comparison of model predictions of DF with measurements for the control corn samples (a) and 

the DCMU-treated corn samples (b) 

 

In spite of the constraint of shared parameter values for the two sample groups, 

the model predictions were close to the measured DF for both the control and DCMU-

stressed samples as shown in Figures 5-4a and 5-4b. This again shows the capability of 

the model structure. DCMU works by binding to the QB sites (Rutherford et al., 1984; 

Koblížek et al., 2002; Taiz and Zeiger, 2002). When a DCMU molecule occupies the QB 

site in a reaction center, electron transfer from QA to QB is blocked and the reaction center 

becomes inactive for electron transport. k8 is a coefficient proportional to the total 

number of active reaction centers under observation and should be affected by the 

application of DCMU. For the DCMU-treated group shown in Figure 5-4b, the k8 value 

was reduced to 62.22% of the value for the control group in Figure 5-4a. This is 

consistent with the mechanism of DCMU and indicates that about 38% of the reaction 

centers were blocked 15 minutes after application of the herbicide. 
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5.4.4 Green Bean and DCMU-Treated Samples  

Figures 5-5a and 5-5b show all the experimental measurements and model 

predictions of DF for healthy and DCMU-treated green bean samples, respectively. The 

model parameters were estimated by the procedure used for the corn samples, in which 

only k8 was re-determined for the DCMU-treated group after optimization for the control 

group. The model predictions could closely match the experimental measurements. As 

with the corn samples, DCMU treatment reduced the k8 value. For example, in one set of 

experiments, the 10
-5

-M DCMU treatment reduced k8 to 52.83% of the value for the 

control group; and the 10
-7

-M DCMU treatment reduced it to 92.94% of the value of 

control group. The model again correctly indicated the DCMU influence. 
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Figure 5-5 Comparison of model predictions of DF with measurements for the control green bean samples 

(a) and the DCMU-treated green bean samples (b) 

 

5.5 Discussion 

The sensitivity of the model to parameter changes was analyzed. Figure 5-6 is a 

typical chart of the sum of squared prediction errors comparing the optimized minimum 

with those when a ±10% change was made to each of the optimized parameters. The total 

fitting error was very sensitive to k2, k7 and k8. The strong dependence of DF on k2, k7 and 
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k8 make sense because k2 is the oxidation rate of QA
-
 to generate DF, k7 determines how 

many electrons are transferred forward for photosynthesis and k8 is the overall gain. 
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Figure 5-6 Total fitting errors induced by a 10% change to each of the optimized model parameters. (Min is 

the optimized minimum) 

 

Variation of k1 or k8 alone allowed close fit of the model to both the control group 

and stressed group. This, however, was not possible when one of the other parameters (k2 

through k7) was allowed to change. This indicated that k1 and k8 respectively accounted 

for the most changes induced by drought and DCMU stresses as expected. 

For a given system, there may be different choices of state variables and 

consequently multiple possible model structures. Also, depending on the purpose of 

modeling, certain variations may be included or neglected. Attempts to account for many 

effects in a comprehensive model are often not successful or meaningful as the resulting 

model is difficult to verify and may not be practically useful. In this work, the individual 

redox states of the plastoquinones were used as state variables and the longer-term 

changes beyond QH2 diffusion were assumed insignificant under short-pulse and dark-

adapted conditions. This allowed modeling of the plastoquinone kinetics with only three 
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state variables and a third-order system. This model structure neglects many details and is 

not as theoretically comprehensive as some previously published models (e.g., Goltsev 

and Yordanov, 1997; Lebedeva et al., 2000). Experimental verifications, nonetheless, 

showed that the parsimonious model structure rather accurately described the DF 

measurements. Moreover, the model parameters correctly indicated the expected changes 

resulting from drought stress and DCMU stress. This shows that the model is a compact 

but sufficient structure for DF from plants under short-pulse and dark-adapted conditions. 

It should be noted that what was developed was a model structure for the DF-

related reactions rather than a model with generally applicable coefficient values. For a 

specific application, the model coefficients must be determined. A universal set of 

coefficient values is unlikely to exist. The model structure shows the nature of the 

kinetics involved and the coefficient changes can reflect the physiological changes in the 

plant samples. 

5.6 Conclusion 

Electron transport in the early stage of PSII can be effectively described with 

three state variables and thus three kinetic equations. Experimental validation showed 

that the three-state model could effectively describe delayed fluorescence emission from 

three different plants under normal or two stress conditions. The estimated model 

parameter values correctly reflected the expected changes induced by drought and 

herbicide stresses. While further validation is needed, the model structure seems to 

provide an effective representation of the photosynthetic electron transport process 

involving plastoquinones. 
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 CHAPTER 6  

IDENTIFICATION OF LINEAR TIME-INVARIANT 

SYSTEMS BASED ON INITIAL CONDITION RESPONSES 

6.1 Introduction 

Mathematical models are widely used in many areas (Steiner and Bernhard, 2006; 

Shatalov et al., 1999; Davison, 1966; Juang, 1997; Walter and Pronzato, 1997). Various 

methods are available for model parameter estimation, including adaptive or learning 

methods (Nagumo and Noda, 1967), least-squares estimators (Walter and Pronzato, 

1997), the Kalman filter (Kalman, 1960) and extended Kalman filter (Ljung, 1979). No 

matter which method is used, identifiability analysis is always necessary to determine if a 

model can be uniquely identified (Glonek, 1999; Grewal and Glover, 1976; Harrison et 

al., 2002; Orlov et al., 2002). Orlov et al. (2002) investigated the identifiability of linear 

time-delay systems and found that the transfer function was identifiable online if a 

sufficiently non-smooth input signal was applied. Vidal et al. (2002) analyzed the 

identifiability of jumped linear systems. It is widely accepted that rich inputs are critical 

for parameter identification (Belkoura, 2005; Mehra, 1974). 

Most existing work has focused on forced responses and paid less attention to 

initial condition responses. However, a variety of applications such as chemical reactions 

and diffusion involve processes that have no controllable inputs (Tadi and Cai, 2001) or 

the forced responses are not measurable (Guo and Tan, 2009). It is therefore very 

meaningful to probe the usefulness of initial condition responses in parameter 
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identification. Tadi and Cai (2001) developed an iterative algorithm and Wagner (2002) 

used matrix logarithm to identify system parameters from initial condition responses. 

These methods, however, require all state variables to be measurable. In the reality, it is 

common that not all the state variables are measurable (Guo and Tan, 2009). For example, 

the sensors for measuring some particle concentrations do not exist or vibration sensors 

are not suitable to occupy certain positions of a mechanical system. The extreme case 

would be systems with only one measurable state, the identifiability of which has not 

been discussed. In this research, the identifiability and identification of n
th

-order (n>1) 

linear time-invariant (LTI) systems ( xx A ) are investigated. Both systems with only 

one measurable state (OMS systems) and those with n measurable states (NMS systems) 

are considered. 

6.2 Identifiability and Identification Analysis 

Consider an LTI system given by 

xx A , nRx ,  nnRA ,  T

n
xxx ],,,[)0(

02010
x    (6-1) 

where x is a vector of state variables, )0(x  is an initial condition vector, and A is the 

system matrix with n different system eigenvalues ( },,,{
21 n
 ) that can 

usually be estimated from initial condition responses by methods such as the eigensystem 

realization algorithm (ERA) (Juang and Pappa, 1985). Assume that all the states are 

coupled and the analytical solutions to them include all the modes 
tie ( ni ,,2,1  ). 

If D is the diagonal eigenvalue matrix of A, P is an eigenvector matrix of A, and Q 

is the inverse of P; then, 
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The initial condition response of the system (Eqn. 6-1) is 
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Identifiability and Identification of OMS Systems 

Assume only the i
th

 state variable 
i

x  is measurable. From Eqn. 6-3, 

t

t

t

n

t

t

tT

nnninninnin

niii

niii

i

nn e

e

e

e

e

e

x

x

x

qpqpqp

qpqpqp

qpqpqp

x













2

1

2

1

],,,[ 21

0

20

10

21

22222212

11121111

 (6-4) 

where 
k
( nk 1 ) is the coefficient for component tke . Let 
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      (6-5) 

As 0ijp  ( nj 1 ) (otherwise, 
i

x would not include exponential component 
tje and 

the system would not be fully coupled), the inverse matrix of V is  
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It is important to note that U (or V) is another eigenvector matrix of A, since each 

column vector of U (or row vector of V) is just a multiple of the corresponding column 

vector of P (or row vector of Q). Therefore, A can be reconstructed as A = UDV, if U or V 

can be estimated.  

When the system eigenvalues are available, coefficient vector ],,,[ 21 n  has 

a linear relationship with measurement ix  (Eqn. 6-4) and therefore it can be estimated 

from ix  if a series of measured data points are given. Also, according to Eqn. 6-4, 

nnx

x

x

V
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        (6-7) 

Given only one initial condition response, however, it is impossible to uniquely 

determine V from Eqn. 6-7. Multiple choices of V will result in nonunique system matrix. 

For example, a second order system is given by
2

1

2

1

31

22

x

x

x

x




 with 

initial condition 
300

80
 and only 2x is measurable. The analytical solution for 2x is: 

tt eetx 4

2 3333.1736667.126)(       (6-8) 
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There are other systems having the same analytical expression of Eqn. 6-8 for 2x  when 

initial condition is 
300

80
. It is very easy to verify the system 
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1.54483716.043139-
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x
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and the system  
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2.881171-0.554391

3.7964352.118829-
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produce the same response of Eqn. 6-8. It is therefore that the information contained in 

the data of 2x with initial condition 
300

80
 is not rich enough to differentiate the three 

different systems no matter what types of methods are used. To this case, the critical 

issue is the available information not rich in nature rather than noise induced numerical 

unsteadability. 

If the experiment is repeated for n times with an independent initial condition 

vector each time, V becomes uniquely solvable as:  
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where 
j

ix 0  is the initial condition for the i
th

 state variable for the j
th

 experiment, and 
j

k  is 

the coefficient of tke  for the j
th

 experiment. Under this condition, A can be uniquely 

determined from theory. 
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Identifiability and Identification of NMS Systems 

If all the state variables are measurable, the system matrix can be estimated by the 

method of Tadi and Cai (2001) or that of Wagner (2002). The usefulness of these 

methods indicates that measured responses of n states to one initial condition vector can 

be sufficient to determine system matrix A. This observed identifiability of NMS systems 

can be easily verified by following the procedures used in this work, which will also yield 

an alternative and non-iterative method for reconstructing system matrix A. According to 

Eqn. 6-3, 
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In the elements of U in Eqn. 6-10, 
n

i

iji xq
1

0 ( nj 1 ) are nonzero constants; otherwise, 

the exponential component 
tje would not appear in the solution and the system would 

not be fully coupled. Because each column vector of U is a constant multiple of the 

corresponding column vector of P in Eqn. 6-2, U is also an eigenvector matrix of A. Let V 

= U
-1

, then A can be reconstructed as A = UDV. This establishes that one initial condition 

response is enough to uniquely determine the system matrix for an NMS system from 

theory. Eqn. 6-10 can be used to estimate the eigenvector matrix and consequently 

system matrix A from measurements. 

 



 65 

6.3 Algorithm Development and Illustrative Examples 

6.3.1 Algorithm 

The results presented in the previous section can be implemented as an algorithm 

for system matrix estimation from initial condition responses with the following major 

steps: 

Step 1: Estimating System Eigenvalues from Initial Condition Responses 

For a real application, the Hankel matrix can be constructed by using the initial 

condition responses and the eigensystem realization algorithm or ERA (Juang and Pappa, 

1985) can be used to compute the system eigenvalues. The discrete-time state space 

equations can be represented as 

)0()()1( 1 xxx k

dd
AkAk       (6-11) 

where k is the time index of sampled data, x is the state vector, and dA  is the system 

matrix in discrete-time form. For an NMS system, the Hankel matrix can be directly 

constructed as follows (Juang and Pappa, 1985). 

)2()()1(

)()2()1(

)1()1()(

)1(

srkrkrk

skkk

skkk

kH

yyy

yyy

yyy









  (6-12) 

where )()( kk xy , s and r are the numbers (>n) of row blocks and column blocks of 

the Hankel matrix. 

For an OMS system, the multiple initial condition responses can be re-arranged 

into the following system with only one combined initial condition vector as follows. 
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 (6-13) 

where jk)(x  is the system state vector at the k
th

 sampling point of the j
th

 experiment. 

Obviously, the eigenvalues of dA  are included in the eigenvalues of this newly-formed 

system in Eqn. 6-13 except for different multiplicities. According to (Juang and Pappa, 

1985), the )(ky  data forming the OMS system Hankel matrix can be the vector of 

],,,[ 21 n

ikikik xxx   or its transpose, where j

ik
x is the k

th
 data point of the i

th
 measured state 

variable from the j
th

 initial-condition-response experiment.  

According to singular value decomposition (SVD), 
H

T

H
VUH )0( , where UH 

is a left singular vector matrix, VH is a right singular vector matrix and is a diagonal 

singular value matrix of H(0). One realization for the discrete-time system matrix in Eqn. 

6-12 or 6-13 is: 

2

1

2

1

)1(
T

HHd
VHUA        (6-14) 

Detailed explanations about the Hankel matrix and ERA can be found in various 

references (Juang and Pappa, 1985; Dyke et al., 2000; Caicedo et al., 2001; Bazan, 2004). 

If I

r

R

rr jZZZ is an eigenvalue of dA , the corresponding eigenvalue for the continuous-

time system matrix A is 

R

r

I

rI

r

R

rr
Z

Z

t
jZZ

t
tan

1
])()ln[(

2

1 22      (6-15) 

where t is the sampling interval and 1j . 
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Step 2: Computing Eigenvector Matrix 

For an OMS system, the j
th

 ( nj 1 ) initial condition responses gives 
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where N ( 1n ) is the number of sampled data points. Eqn. 6-16 can be solved for the 

coefficient vector 
Tj

n

jj ],,,[ 21  . With n coefficient vectors solved from n initial value 

responses, an eigenvector matrix can be determined with Eqn. 6-9. 

N= n-1 is theoretically sufficient for solving Eqn. 6-16, but in practice, a larger N 

is preferred. N >n-1 will lead to an over-determined system and a least-squares solution 

for Eqn. 6-16, which will help reduce the influence of noise in the measurements. 

For an NMS system, the elements of eigenvector matrix 
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where j is the index of state variables. 
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Step 3: Constructing the System Matrix 

Compute the inverse of the eigenvector matrix determined in Step 2 ( 1VU  or 

1UV . The system matrix A can be uniquely reconstructed as 

A = UDV         (6-18) 

where D is the diagonal eigenvalue matrix of A. 

6.3.2. Illustrative Examples 

A. Illustrative example of OMS System 

Assume that the system matrix for a 3
rd

-order system is 

 

6.5000-   1.0000    1.8000  

6.2000    4.5000    2.5000- 

3.3000    1.1000    9.2000- 

A  

Also assume that the third state variable is measurable and three initial condition 

vectors are given by  

 

54.5900   79.4500   29.1300 

58.7400   60.0500   94.5800 

31.7600   22.6200   48.8600

)0(X  

where a row vector is the initial condition for one experiment. The Runge-Kutta 

algorithm was used to generate the initial condition responses.  

Step 1: By using the ERA, the system eigenvalues computed from the initial condition 

responses are 

 

4.8887  

5.5346- 

10.5541-
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Step 2: The coefficients for te are computed from Eqn. 6-16 as 

 

5.8115    18.0970-  8.9945- 

38.3831   68.8983   37.4198 

10.3953   7.9387    3.3347  

 

According to Eqn. 6-9, eigenvector matrix V is found as 

 

0.2985    0.0081    0.3818- 

0.6504    0.1079-   0.3930  

0.0511    0.0998    0.0112- 

54.5900   79.4500   29.1300

58.7400   60.0500   94.5800

31.7600   22.6200   48.8600

5.8115    18.0970-  8.9945- 

38.3831   68.8983   37.4198

10.3953   7.9387    3.3347 
1

V

 

Step 3: Finally the system matrix is 

 

6.5000-   1.0000    1.8000  

6.2000    4.5000    2.5000- 

3.3000    1.1000    9.2000- 
1DVVA  

Obviously, the exact A matrix is recovered from the initial condition responses. 

B. Illustrative Example of NMS System 

Use the same system as the one used in the OMS example and assume the initial 

condition vector is 

 ]760031620022860048[)0( .   .   .x  

Again, the Runge-Kutta algorithm was also used to generate the initial condition 

response. 

Step 1: By using the ERA, the estimated system eigenvalues are 

 

4.8887   

5.5346-  

10.5541- 
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Step 2: By Eqn. 6-17, the estimated eigenvector matrix U is 

 

37.4198   8.9945-   3.3347  

15.9171-  6.4715    32.0656 

28.9126   16.6628   3.2847  

U  

Step 3: The estimated system matrix is 

 

6.5000-   1.0000    1.8000  

6.2000    4.5000    2.5000- 

3.3000    1.1000    9.2000- 
1UDUA  

which again is precisely the true A matrix. 

6.4 Real Applications 

When some elements of system matrix A are known or some of the state variables 

are measurable (not all of them are measurable), the least-squares algorithm may be used. 

Details about the least-squares algorithm may be found in Constantinides and Mostoufi 

(1999). 

Example 1: This second-order vibration system appeared in Tadi and Cai (2001). 

All the spring constants k and damping constants d are indicated on Figure 6-1. The mass 

matrix is known and taken as the identity matrix I (Tadi and Cai, 2001). 

 

Figure 6-1 A second-order mechanical vibration system 
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The state space equation of this system is: 
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ddd
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D  

In previous research (Tadi and Cai, 2001), all the state variables were required to 

be measurable. As discussed before, some of the states may not be measurable in reality. 

Here let us look at the extreme case and assume only the displacement of the mass m3 is 

measurable (the 3
rd

 state variable). Six initial conditions were assumed and used to 

generate data. Each row vector of matrix X(0) was an initial condition. 

512263169340

89076509745

15360249344

31178223465

832113565274

586216918357

)0(X  

Assumed that the initial guess for the spring constants and damping constants is [k1, k2, k3, 

k4, d1, d2, d3, d4] = [2, 2.5, 0.3, 1.5, 0.04, 0.06, 0.01, 0.06]. If only the first initial 

condition response was used to estimate the system parameters, the estimation algorithm 

converged to a wrong optimal point of [1.5712, 3.7689, 0.9677, 0.5134, -0.0219, -0.6927, 

1.1086, 0.2340] with almost zero prediction error. If the data from all the six initial 

conditions were used, the algorithm quickly converged to the real values.  

Example 2: Figure 6-2 is a monomolecular chemical kinetic system involving 

three species C1, C2 and C3 (Wei and Prater, 1962; Tadi and Cai, 2001). 



 72 

 
Figure 6-2 A chemical kinetic system 

 

If the concentrations of C1, C2 and C3 are denoted as x1, x2 and x3, respectively, 

the following state space model can be developed to describe the concentration changes. 
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For convenience, use k to denote the reaction rate vector [k1, k2, k3, k4, k5, k6]. The 

true coefficient vector k0 [4.62, 10.34, 3.37, 5.62, 3.72, 1] was used to generate system 

responses with three different initial conditions X(0) below and a random noise was 

added. Each row vector of X(0) is an initial conditions. Assume only the concentration of 

C3 is measurable. 
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The estimation algorithm started from k01 = [7, 20.34, 3.37, 2.62, 2.72, 8]. If only 

the first initial condition response was used, the algorithm converged to k1= [4.6479, 

18.0561, -2.5116, 6.7778, -1.5964, 4.8664], which was obviously far from the real k0. If 

all the data from the three initial condition responses were used, the estimation algorithm 

converged to k2 = [4.8021, 11.8053, 3.6070, 5.6407, 3.6240, 0.7934], which was very 

C2 C1 

C3 

k1 

k2 

k3 
k4 k6 

k5 



 73 

close to the true coefficient vector k0. The curve fitting results by using only the first 

initial condition response and all the three initial condition responses are shown in 

Figures 6-3 and 6-4, respectively. 
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Figure 6-3 Comparison of true response with model predictions based on k1 

(Only the first initial condition response was used to estimate model parameters.) 
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Figure 6-4 Comparison of true responses with model predictions based on k2 

(All the three initial condition responses were used to estimate model parameters) 

6.5 Discussion 

As analyzed in section 6.2, it is impossible to identify the n
2
 parameters of an 

OMS system by using only data of one initial condition response. With additional 

constraints introduced by n independent initial condition responses, however, an OMS 

system becomes identifiable. Different from OMS systems, NMS systems are identifiable 

with only one initial condition response. Actually, initial condition responses of LTI 

systems are the sum of multiple exponential functions. The responses span an n-

dimensional space or have n different eigenvalues. Each response has n-1 independent 

coefficients for te , the sum of which is equal to the initial condition. The number of the 

independent variables that define these multiple exponential responses is k = n+(n-1)×p, 

where n is the order of the systems, and p is the number of responses. When p = n, k = n
2
. 
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From this viewpoint, the identifiability of OMS systems with n initial condition responses 

is equivalent to NMS systems with one initial condition response. 

For some systems or processes, one or more state variables may be continually 

measured at short sampling intervals while the other state variables may only be 

measured much less frequently. Under these conditions, there is no need to repeat the 

experiment n times, since response data starting from each time point at which all state 

variables are measured form a new initial condition response. 

The algorithm put forward in section 6.3 is non-iterative. As a result, the 

computational speed is high and the algorithm does not suffer from local-minimum issues. 

With noise, the ERA may give some additional eigenvalues, which are usually very small 

or have unreasonable damping coefficients. Stabilization diagrams can usually be used to 

differentiate them from the real system eigenvalues (Peeters and Roeck, 2001; Iwaniec, 

2006). Other techniques can also be used to estimate system eigenvalues (Chen et al., 

1997; Holmstrom and Petersson, 2002; Morren et al., 2003; Papy et al., 2005; Papy et al., 

2006). The numerical stability of the above algorithm needs further investigation. This 

research clearly indicated OMS system is identifiable only when the data from multiple 

initial condition responses are available.  

6.6 Conclusion 

The identifiability of the system matrix from initial condition responses is 

analyzed for systems with one measurable state (OMS) or n measurable state (NMS). No 

matter what types of identification methods were used, one initial condition response 

would not uniquely determine the n
2
 (n>1) unknown parameters of OMS systems. OMS 
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systems require data of n initial condition responses to determine the system matrices, 

while NMS systems need only one response. With the help of the eigensystem realization 

algorithm, the formulations developed in this research might be used to determine the 

system matrices from initial condition responses for both OMS and NMS systems. The 

numerical steadability with noise presented needs further investigation. 
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 CHAPTER 7  

ENHANCING IDENTIFIABILITY OF BIOLOGICAL 

SYSTEMS BY RECURRENT-PULSE EXCITATION 

7.1 Introduction 

A model is a mathematical description of a real process (Walter and Pronzato, 

1997), which is widely used in biological engineering (Fallon and Lauffenburger, 2000; 

Ropers et al., 2006; Banik et al., 2007; Guo et al., 2007; Schramski et al., 2007). In 

developing a model, it is important to analyze the identifiability of model parameters and 

constraints for unique parameter estimates. Although these concerns have been 

extensively discussed (Grewal and Glover, 1976; Glonek, 1999; Orlov et al., 2001, 2002; 

Harrison, 2002), there is not a general method to ensure unique solutions for a given 

application. 

Biological systems are especially difficult to identify. First, biological systems 

involve complex biochemical reactions, which often result in high-order kinetics with 

many unknown parameters. For example, the chlorophyll fluorescence model used by 

Zhu et al. (2005) has about 20 differential equations. Second, experimental observations 

are often limited. Variables such as pH, temperature, and some concentrations may be 

measured; but, it is common that not all the state variables are continuously measurable, 

which can incur the non-unique solution problem (Bystrov et al., 1985). Moreover, there 

are usually restrictions on the excitation. Long or strong excitation may cause biological 

system adaptation (usually complex nonlinear feedback) or even damage to the system. 
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Rich perturbations are very important to parameter identification (Belkoura, 2005); 

therefore, limited liberty in implementing rich perturbations causes difficulties. 

Because differential equations are frequently used to describe biological systems 

(Louie et al., 1998; Haugh et al., 2000; Driscoll and Gardner, 2006), it will be 

meaningful to investigate possible methods to enhance the identifiability and uniqueness 

of the parameter estimates. Tadi and Cai (2001) developed an iterative algorithm to 

recover the system matrix for a linear time-invariant system; however, the method 

requires that all the state variables be measurable. The matrix logarithm for linear system 

identification suffers from the same drawback (Wagner, 2002). A method that can 

identify model parameters with limited observations is especially desirable. In this project, 

a recurrent-pulse excitation method is presented to enrich the experimental data for 

biological systems that do not allow long-term excitation or continuous measurements. 

We demonstrate the effectiveness of this method with an application. 

7.2 An Example Problem 

Eqns. 7-1 through 7-5 are a model structure describing the redox reactions related 

to generation of delayed fluorescence (DF) from plants following light excitation under 

certain conditions.  

55132412543211

1 )1( xkxkxkxkxxxxxuk
dt

dx
 (7-1) 

21322413

2 uxkxkxkxk
dt

dx
      (7-2) 

44333221

3 xkxkxkuxk
dt

dx
      (7-3) 
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4552414433

4 xkxkuxkxkxk
dt

dx
     (7-4) 

555241

5 xkxkuxk
dt

dx
       (7-5) 

where x1 through x5 are concentrations, k1 through k5 are reaction rate constants, and u is 

the intensity of illumination. For an intact plant, one practical measurement is DF, given 

by 

)(
53126

xxxkky        (7-6) 

where 6k  is an overall gain factor.  

This DF model will lose its effectiveness if long excitation is used, because long 

illumination may trigger the complex light adaptation process that is not included in this 

model structure. There are six unknown parameters in this model. y is the only 

observation and it is only measurable after the excitation is turned off because of 

instrumentation limitations.  

If u is a constant, the system is a 5
th

-order linear system. The system matrix (A), 

however, varies with the excitation level u. For an on-and-off excitation, the system 

matrix for the light-on phase (Aon) and that for the light-off phase (Aoff) are different as 

shown by Eqns. 7-7 and 7-8. 
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For an illumination pulse, the light-on phase is mainly a forced response after 

dark adaptation, while the light-off phase is an initial condition response to the system 

state values at the end of the light-on phase. As a result, no matter how complex a 

function u is, the measurable y is only an initial condition response. For initial condition 

responses and excitation of limited complexity, k1 is strongly coupled with k6. 

Simulations indicated that the difficulty in separating these two coefficients leads to non-

uniqueness in parameter estimates.  

For convenience, use k to denote the coefficient vector [k1, k2, k3, k4, k5, k6]. Let 

us illustrate the problem with an arbitrarily assumed true coefficient vector k0 = [26, 14, 

55, 44, 56, 220] and a 0.05-s pulse as the excitation to generate the response y by using 

Eqns. 7-1 through 7-6 with a sampling interval of 0.001 s. The Marquardt method 

(Constantinides and Mostoufi, 2000) was used to estimate model parameters. The 

parameter estimation algorithm converged to different optimal points k1 and k2 for 

different initial values k01 and k02, respectively, (Table 1). Different durations of the 

excitation pulse were tested; but the estimation was never unique. Figures 7-1 and 7-2 are 

comparisons between the real response and model predictions with the two sets of 

identified parameters k1 and k2. 
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Table 7-1 Model parameters identified from single-pulse excitation 
Real Value k0 26.000 14.000 55.000 44.000 56.000 220.000 

Simulation 1 
Start at k01 805.284 40.034 85.613 85.346 30.000 483.364 

Converge to k1 772.723 13.064 37.964 40.535 7.953 88.044 

Simulation 2 
Start at k02 405.284 20.034 45.613 85.346 30.000 883.364 

Converge to k2 240.361 8.688 210.129 433.444 224.866 185.482 

t (s)0.0 .2 .4 .6 .8

D
e
la

y
e

d
 F

lu
o
re

s
c
e

n
c
e

0

400

800

1200

Real Value During Excitation

Prediction During  Excitation

Real Value After  Excitation

Prediction After Excitation 

 
Figure 7-1 Comparison of real responses with model predictions based on coefficient vector k1 estimated 

from initial values k01 

(Excitation time 0.05 s. Predicted response overlaps with the real response after excitation). 
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Figure 7-2 Comparison of real responses with model predictions based on coefficient vector k2 estimated 

from initial values k02 

(Excitation time 0.05 s. Predicted response overlaps with the real response after excitation). 

 

Figures 7-1 and 7-2 clearly indicate that the predictions with both sets of 

estimates match the real response for the light-off phase; but the identified parameters k1 
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and k2 differ greatly from k0. Obviously, these two groups of model parameters fail to 

track the data during the light-on phase, which are unfortunately not measurable. 

When we assumed that the data for the light-on phase were available and included 

them for the parameter estimation, the solution was still ambiguous if a single-pulse 

excitation was used. Figure 7-3 shows the problem. The estimation algorithm started at 

k01 = [805.284, 40.034, 85.613, 85.346, 30.000, 483.364] and converged to k3 = [48.890, 

19.132, 1692.604, 740.814, 71.553, 211.858], which was obviously not the true value k0 

(Table 1). 
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Figure 7-3 Comparison of real responses with model predictions based on coefficients estimated from both 

light-on and light-off phases 

(Predicted response overlaps with the real response) 

Obviously, the response from single pulse excitation was not rich enough to 

determine model parameters. In the following section, we would design excitation to 

make the solution unique and provide corresponding algorithm. 
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7.3 Recurrent-Pulse Excitation 

7.3.1 Excitation Design 

For a pulse represented by 

Other

Tta
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0

0
)(        (7-9) 

the Fourier transform is 
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and its magnitude is 

)2/sin(2)( wT
w

a
jwx        (7-11) 

where a is the pulse amplitude, T is the pulse duration and w is angular frequency (rad/s). 

As mentioned previously, the richness of excitation is very important for model 

parameter identification. However, a pulse does not contain rich high-frequency 

components (The spectral magnitude decays with increasing frequency by a factor of 

1/w). Pseudorandom-binary-sequence (PRBS) excitation has been extensively used (Sun 

et al., 1998; Ziaei and Sepehri, 2000) because of its wider bandwidth and convenience of 

implementation. Illustrations of a PRBS signal in the time domain and its spectrum are 

shown in Figures 7-4a and 7-4b, respectively.  
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         (a)                    (b) 

Figure 7-4 Illustration of PRBS: (a) signal in the time domain, (b) power spectrum 

Unfortunately, PRBS is not directly applicable in this biological system because 

of the complex light adaptation issue and the difficulty in measuring the forced response. 

A PRBS signal, however, can be decomposed into multiple single pulses with different 

widths and time shifts. To a linear system, the total response to multiple inputs is the sum 

of the responses to individual excitations. We can therefore implement an enriched 

excitation to this system by exciting it multiple times with pulses of different durations. 

Between excitations, the sample may be given time to reset if necessary. In this work, this 

type of excitation is referred to as recurrent-pulse excitation. 

If the responses to a series of pulses of different durations are measured right after 

the excitation is turned off, the initial points of all these responses will form the light-on 

response (forced response) to the widest pulse. This provides a way to acquire light-on 

data without actual measurement under illumination, which is practically difficult. In 

addition, different decays of DF from different pulse excitations add further constraints 

for determining the unknown model parameters. The recurrent-pulse excitation is 

equivalent to increasing the excitation complexity to allow unique estimates of model 

coefficients. Figure 7-5 shows the responses to five recurrent-pulses of 0.006, 0.01, 0.02, 

0.05, and 0.06 s, respectively.  
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Figure 7-5 Responses to recurrent-pulse excitations 

 

7.3.2 Algorithm Development 

Conventional parameter estimation algorithms are typically designed for 

measurements made in a single time course (Constantinides and Mostoufi, 1999). In this 

work, we extend the techniques to the case where measurements are made in multiple 

time courses.  

The sum of squared prediction errors is given by: 
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where n is the total number of recurrent-pulses, *

i
y  is the experimental measurement 

vector for the i
th

 pulse excitation , and 
i

y is the model predication vector for the i
th

 pulse 

excitation based on the initial conditions and the estimated system parameters k.  

The parameter k can be updated through: 

kkk          (7-13) 
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Through iterations shown in Eqn. 7-13, error E is expected to converge to a minimum. 

Several techniques can be used to calculate k . The Marquardt method (Constantinides 

and Mostoufi, 1999) is commonly used, in which k  is: 
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where I is an identity matrix, Ji is the Jacobian matrix of partial derivatives of yi with 

respect to coefficient k’s evaluated at all q data points; i.e., 
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Inverse matrix computation can be numerically problematic. It is possible to 

encounter singularity (having at least one zero singular value) in repeated calculations. 

Only rarely, however, is a singular value strictly zero. The condition number of matrix M 

is defined as the ratio of its largest singular value to its smallest one. M is said to be ill-

conditioned when 1/  is smaller than the accuracy of the floating-point representation 

used (e.g. 10
-16

, according to the ANSI/IEEE 754-1985 norm). Under this condition, the 

calculated inverse matrix by the traditional method is not reliable (Walter and Pronzato, 

1997). 

SVD (Singular-value Decomposition) (Kalman, 1996) is an effective method to 

overcome the numerical difficulty in matrix inversion. Matrix M can be decomposed as: 

M=SVD
T
, where V is a diagonal 

pP
nn  matrix and S

T
S=D

T
D=Inp. Obviously, 
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M
T
M=DV

2
D

T
. This implies that the condition number of M

T
M is equal to that of the 

squared M, which explains the potential problem involved in the computation of Eqn. 7-

14 by the traditional method. Alternatively, the inverse of matrix M can be given by 

(Walter and Pronzato, 1997): 
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where Vi,i is the element on the i
th

 diagonal position of matrix V. If Vi,i is zero or close to 

zero, just replace 1/ Vi,i with 0.  

7.4 Application Results 

By using recurrent-pulse excitation and SVD for matrix inversion for the example 

application presented in Section 7-2, the algorithm quickly converged to the real value k0 

from either initial value vector k01 or k02. In order to test the robustness of this method, a 

10% random noise was added to the data. In 25 iterations, the algorithm converged from 

the initial k02 = [405.284, 20.034, 45.613, 85.346, 30.000, 883.364] to [25.539, 14.300, 

57.516, 45.083, 0.166, 222.088].  The percent errors were [1.773, 2.143, 4.575, 2.461, 

7.439, 0.949]. The model predictions are compared with the real values in Figure 7-6. 
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Figure 7-6 Comparison of noise-corrupted responses with model predictions based on coefficients 

estimated from recurrent-pulse data 

 

Many other initial values for k in wide ranges were tested and the algorithm 

always converged to the real parameters k0 with small errors. When the system structure 

was modified to other similar forms, the method also worked well, indicating the 

usefulness of the method for this type of models.  

7.5 Conclusion 

Because of limited measurable information, identification of biological systems 

may encounter difficulties related to lack of uniqueness in parameter estimates when a 

simple excitation is used. The recurrent-pulse excitation provides a practically useful 

solution to this problem while accommodating perturbation constraints for biological 

systems. The method is expected to be useful for the identification of other biological 

systems with similar model structures and constraints discussed in this chapter. 
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 CHAPTER 8  

INFLUENCE OF PLANT CIRCADIAN RHYTHMS ON 

DELAYED FLUORESCENCE MEASUREMENT 

8.1 Introduction 

Drought stress measurement is very critical to sustainable agriculture. Optimized 

irrigation by time and quantity leads to increased profitability. Conceptually, plant-based 

methods are very useful to determine not only the amount of input water but also the 

optimal time of application (Jones, 1990). This , however, is not well developed (Jones, 

2004). It is well known that water molecules are oxidized and electrons are transferred 

forward during the process of photosynthesis (Taiz and Zeiger, 2002). Delayed 

fluorescence (DF) will be generated when electrons are transferred backward and re-

excite a chlorophyll molecule of photosystem II (PSII or P680) (Goltsev and Yordanov, 

1997). DF is very sensitive to environmental changes (Goltsev et al., 2003). Drought 

stress affects electron transport and thus DF kinetics. Consequently, DF from PSII is a 

potentially useful plant-based indicator for drought stress (Guo and Tan, 2009) as well as 

photosynthesis capacity (Wang et al., 2004; Wang et al., 2007) 

Plant circadian rhythms are a subset of its biological rhythms with a period 

around 24 hours (Dunlap et al., 2003), which are very important for regulating plant 

metabolism (Kay, 1997; Dodd et al., 2005). Accordingly, it is highly possible that plant 

circadian rhythms have some effects on DF emission. While previous research focused 

on the correlation between DF and drought stress (Guo and Tan, 2009) or photosynthesis 
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capacity (Wang et al., 2004; Wang et al., 2007), there has been a lack of discussion about 

the plant circadian influence on DF emission. In this project, DF was measured and 

compared at different times of the day to address this issue. 

8.2 Plant Samples and Methods 

8.2.1. Plant Samples 

Four species of plants growing in different conditions were used. Both detached 

and attached leaves were investigated. 

(1) Detached adult Schefflera arboricola leaves. The Schefflera arboricola plant 

grew in a hallway with large windows. Sunlight could shine on the plant in the afternoon. 

Regular irrigation was applied. The environmental temperature was around 25ºC. 

Measurements were performed in February when sunrise was around 6:20 am and sunset 

around 6:10 pm.  

(2) Detached adult Sweet Bay magnolia leaves. The magnolia tree grew under full 

sun in Missouri. No irrigation was applied except for rainfall. Measurements were 

performed in August when sunrise was around 6:30 am and sunset around 7:50 pm.  

(3) Intact adult pepper plant. The pepper plant was grown in a field of Missouri 

from September 1
st
 to October 15

th
, and then moved to the laboratory in a pot (diameter 

18 cm, height 18 cm). In the laboratory, the pepper plant was in open air with a 

temperature around 25ºC and fluorescent lighting controlled in 12:12-hour on-off cycles. 

Regular irrigation was applied.  

(4) Intact 10-day-old corn seedlings. The corn seedlings were grown in pots 

(diameter 9 cm, height 10 cm) in the laboratory with a constant room temperature of 25ºC 
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and fluorescent lighting controlled in 12:12-hour on-off cycles. In order to investigate the 

influence of irrigation on DF emission, two levels of soil moisture were created by 

controlling the amount of applied water; the weight of contained water: 25% and 50% of 

the soil weight. No visual difference could be observed between the drought-stressed and 

well-irrigated seedlings. 

8.2.2. DF Measurement Setup 

A built in-house system with a channel multiplier tube (CMT) was used to 

measure delayed photons. The test samples were placed in a light-tight chamber. 

Illumination from a red LED with peak value at 680 nm (Marubeni L680-06AU) was 

delivered through an 8-mm liquid light guide (ORIEL 77628). The DF emission was 

collected via a second light guide and fed into a photon-counting channel multiplier tube 

(CMT) (PerkinElmer MH1373P) located outside the test chamber.  

The CMT was gated electronically. When a signal was given to turn the gating off, 

the high voltage for the CMT channel would be nullified to prevent photoelectron flux 

formation in the channel. The photoelectric output pulses from the CMT were recorded 

with a gated photon counter/multiscaler card (PMS-400, Becker & Hickl GmbH) plugged 

in a host computer. The computer also controlled the LED illumination, CMT gating, and 

data acquisition timing. 

The dark-adapted samples were excited with an illumination pulse every 15 or 20 

minutes and the DF emissions following excitations were recorded. The DF photons were 

recorded with a 1-ms sampling interval. In order to determine optimal excitation duration, 

pulses of 0.005 s, 0.02 s and 0.5 s were tested, which gave similar regularities except for 
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different photon counts. In order to determine an appropriate measurement duration, DF 

photons were collected for 120 s and the data of 20 -s, 40-s, 60-s, and 120-s durations 

were used, which also showed similar regularities except for different photon counts.  

8.3 Results 

DF variations from three detached Schefflera arboricola leaves and three Sweet 

Bay magnolia leaves are shown in Figures 8-1 and 8-2, respectively. Although the 

emissions from the leaves were not exactly the same, a 24-hour cycle with a peak in the 

early morning could be observed. The circadian effect on the later part of DF emission 

seemed to less obvious than it was early in the day, which might be caused by 

detachment and dark adaptation because the detached leaves were kept in the dark 

chamber for more than 10 hours during measurements. 

200000

300000

400000

500000

600000

12:00

AM

12:00

PM

12:00

AM

12:00

PM

12:00

AM

12:00

PM

12:00

AM

Time

D
F

 C
o

u
n

ts

Leaf 1

Leaf 2

Leaf 3

 

Figure 8-1 DF variations from three detached Schefflera arboricola leaves 
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Figure 8-2 DF variations from three detached Sweet Bay magnolia leaves 

 

Figure 8-3 is the DF emission from the whole pepper plant. Similar to the results 

of Schefflera arboricola and magnolia leaves, the measured DF indicated some variations 

during a day with a peak in the early morning as well. 
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Figure 8-3 DF emission from a pepper plant 

 

8.4 Discussion 

(1) In the early stages of the photosynthetic electron transport process, the major 

electron carriers are plastoquinone (PQ) molecules in the reaction centers of PSII. With 

light excitation, electrons will move from water molecules to the PQs. Part of the 

electrons may be used for DF generation (Zakir’Yanov et al., 1994; Goltsev and 
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Yordanov, 1997; Allen et al., 1998; Xu and Gunner, 2000; Rappaport et al., 2005). 

Therefore, the total DF emissions excited by short pulse indicates the efficiency of plant 

utilization of photons. 

Figures 8-1 and 8-2 clearly showed a cycle around 24 hours. The results seemed 

to indicate that the readiness of PSII for harnessing photons decreases in the light cycle 

and increases in dark cycle. The noise in the intact pepper plant data (Figure 8-3) was 

higher than that for detached Schefflera arboricola leaves or magnolia leaves (Figures 8-1 

and 8-2), which might be caused by changes in the measured leaf area during the pepper 

plant measurements. The detached leaves were fixed on a frame; therefore, the leaf area 

under investigation remained the same. The leaves of the intact pepper, however, were 

not fixed and might have slightly moved during measurements. 

(2) The photo-efficiency cycle might indicate plant intelligence of utilizing 

sunlight. For a qualitative discussion, the following equation is used to approximate the 

sunlight intensity within a day: 

))(
24

2
sin()(

0
ttAAts       (8-1) 

where t is time measured in hours with time 0 at middle night. A is a constant. If 6
0

t , 

)(ts  will be maximal at noon. 

According to the experimental results in Figures 8-1, 8-2, and 8-3, the photo-

efficiency could be roughly represented by: 

))(
24

2
sin()(

0
ttCBtp       (8-2) 
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where  is the phase angle difference from the sunlight cycle in Eqn. 8-1, B and C are 

amplitude constants. The absorbed light at any time t would be: 

)()()( tptstf         (8-3) 

Obviously, the maximum of f(t) for 0  would be higher than that for 0  

when A, B, and C are constants. If this maximal value is too high, it might damage the 

PSII. 

The total utilized light g within a day would be the integration of f(t), which is: 

24

0
))cos(2/(24)()( ACABdttptsg     (8-4) 

Then, 
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Based on this analysis, when 2/  (6 hours), the maximum absorption 

would be moderated to avoid photo-damage, and yet the total absorbed photons are not 

low. Interestingly, the experiment results showed a phase difference around 6 hours 

(Figures 8-1, 8-2, and 8-3), which might indicate a form of plant intelligence. Under this 

condition, the expression for )(tp  would be: 

)
24

2
sin()( tCBtp        (8-5) 

Figure 8-4 qualitatively shows the relationship between f(t) and s(t) or p(t), in 

which A, B, and C are all assumed as unity and is 6 hours. 
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Figure 8-4 Illustrative simulation of sunlight cycle s(t), photo-efficiency cycle p(t) and total-utilized-light 

cycle f(t) 

(Time “0 hr” refers to middle night) 

 

(4) Based on the measurement, plant circadian rhythms influence DF emission. In 

order to make accurate measurement for drought stress assessment, the circadian rhythm 

effects should be considered. If the measurements for control samples and drought-

stressed samples are performed at the same time of the day, the circadian effects may 

offset to a degree. Calibration may be done to minimize the circadian effects. Modeling 

the circadian effect may be another method. With the help of experiments, empirical 

models for circadian effects on DF emission can be built and used to substract the 

circadian effects from measurements. In this project, the photo-efficiency model of Eqn. 

8-2 was used to show a procedure for reducing the circadian effects.  

The irrigation effect was measured in the light cycle. Right after the 4
th

 

measurement, water was applied to the corn seedlings until it could not be absorbed by 

the soil. The results from drought-stressed and non-drought-stressed samples are shown 

in Figure 8-5a and 8-5b, respectively. Similar to the results in Figures 8-1, 8-2, and 8-3, 
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the DF emission decreased in the light cycle for both drought-stressed and well-irrigated 

seedlings. Irrigation during the measurement had different impact on DF emission from 

the two groups. In order to determine the effects of irrigation influence, the plant 

circadian effects represented by the empirical model of Eqn. 8-2 were substracted from 

the measurement. The data before irrigation were used to determine model parameters 

and the model was then used to predict circadian influence after irrigation. The circadian 

influences and the irrigation effects were thus computed and the results for the corn 

seedlings with soil moistures of 25% and 50% are shown in Figures 8-5a and 8-5b, 

respectively.  

For a seedling with higher soil moisture, it took approximately 30 minutes for 

water to transport from the roots to the leaves and reach balance. For a seedling with 

lower soil moisture, it took two hours to achieve water balance in the system and 

photosynthesis efficiency increased during that period. After substracting the circadian 

effect, the irrigation influence shown in Figures 8-5a and 8-5b are approximately to 

exponential functions, which indicate a water diffusion process. 
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(a)                   (b) 

Figure 8-5 Irrigation influence on DF emission for both drought-stressed (a) and well-watered samples (b) 

(Irrigation had weaker influence on the well-watered seedling than on the drought-stressed one) 
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(5) Since circadian rhythms have the features of temperature compensation and 

clock (or phase) reset by environmental light stimulus (McClung, 2006), the photo-

efficiency or the circadian effects may change with temperature and light intensity. Many 

more experiments are needed to address these issues. In particular, the empirical model 

for photo-efficiency needs refinement. It is certain that the circadian effects should be 

considered in order to make DF an effective indicator of drought stress. 

8.5 Conclusion 

This research showed that measured DF had a cycle around 24 hours. The 

circadian effects should not be neglected for accurate drought stress assessment. The 

circadian effects can be minimized by making measurements at the same time of the day 

or by building a model to predict them. 
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 CHAPTER 9  

A PHOTONIC METHOD FOR 

PLANT DROUGHT STRESS MEASUREMENT 

9.1 Introduction 

Irrigation is very important to modern agriculture. Currently, only one sixth of the 

agricultural land in the world is irrigated but it produces more than one third of the total 

food (Fresco and Rabinge, 1997; Theiveyanathan et al., 2004). Water resource, however, 

has become limited. For example, California alone is short of 2.46-billion cubic meters of 

water annually for an average-rainfall year and the shortage is much greater for drought 

years (Goldhamer and Fereres, 2004). Restrictive laws have been erected in many 

European countries to limit water wastage (Bacci et al., 2008). As the world turns to 

biomass as a significant source of energy and other renewable products, the need for 

water will further increase in great quantities. Efficient use of water has become 

extremely critical for the environmental and economical sustainability of the world. 

Optimized irrigation scheduling should regulate the timing and quantity of applied 

water to satisfy the continuously changing crop requirements without wastage (Bailey 

and Spackman, 1996). Traditional irrigation scheduling methods mainly rely on soil 

moisture measurements or soil water balance calculations (Smith and Mullins, 2001; 

Dane and Topp, 2002). Soil water content is often maintained close to field capacity 

(Jones, 2004). Plants, however, respond directly to the water in plant tissues rather than 

that in soil (Jones, 2004); therefore, simply maintaining high soil moisture may result in 
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wastage of water, energy and labor. Excessive irrigation may also cause fertilizer runoff 

and over-seepage, leading to fertilizer waste and water pollution. It has been long 

proposed to use plant-based methods to assess crop conditions (Jones, 1990). Thermal 

sensing of stomatal closure (Leinonen et al., 2006) and trunk diameter variations 

(Moriana and Fereres, 2002; Goldhamer and Fereres, 2004) have been used as plant-

based methods to indicate drought stress in previous research. Jones (2004) provides a 

review of the existing work and concludes that effective plant-based drought stress 

sensors are still lacking. 

A major physiological function of water in plants is to serve as the electron donor. 

When plant chlorophylls capture photons, the light energy is passed to electrons that must 

be continuously replenished with electrons originally from water molecules. If water 

availability is limited, therefore, photoelectron generation will be hampered. The energy 

carried by electrons is transported forward for the subsequent photochemical reactions, 

and part of the energy may revert to photo-energy in the form of delayed fluorescence 

(DF) off the antenna complexes of photosystem II (PSII) (Amesz and Van Gorkom, 1978; 

Goltsev et al., 2003). Different from prompt fluorescence, which results from the action 

of a single molecule, DF generation depends on the inner workings of a functional PSII 

and thus on the water-dependent photoelectron generation process. This makes DF a 

potentially useful indicator of photosynthesis efficiency and plant stresses (Bjorn and 

Forsberg, 1979; Jursinic, 1986; Wang et al., 2007).  

In this research, the influence of water on photoelectron generation was exploited 

for a measure and a measurement method of plant drought stress in terms of a major 

physiological function of water; i.e., photosynthetic electron donation. Phototranduction 
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in PSII was modeled with DF as a measurable output previously (Guo and Tan, 2009; 

Guo et al., 2009). In this project, DF emission was analyzed and modeled as a function of 

the water-dependent photoelectron generation efficiency. Coupled with supplemental 

water diffusion, the analysis provides both a measure and a measurement technique of 

water deficiency in photosynthetic plants. 

9.2 Dependence of DF Emission on Water Availability 

After absorbing a photon, a chlorophyll molecule becomes excited and is 

commonly denoted as P680*. P680* may quickly pass the excited electron to the PSII 

electron transport chain and become oxidized (P680
+
). P680

+
 will return to the original 

state and be ready to accept another photon by acquiring an electron that originates from 

H2O. 

The water molecule is very stable. The OEC (oxygen-evolving complex) is the 

only known biological system in nature that can oxidize water (Taiz and Zeiger, 2002). 

The chemistry details of water oxidization by the OEC are not fully known; but Kok’s 

Clock hypothesis (or the S-State model) has been widely accepted and substantially 

proven, which states that Mn ions undergo cyclic oxidization states labeled as S0, S1, S2, 

S3, and S4 (Taiz and Zeiger, 2002). When a Mn ion loses four electrons to P680
+
 and 

reaches the quadruple-oxidized S4 state, it will quickly take electrons from water 

molecules and return to the S0 state. This leads to the following changes to the water 

molecules:  

HeOOH 442 22        (9-1) 
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Regardless of the exact mechanism and process, it is known that water serves as 

the source of electrons for the photosynthetic process. Insufficiency in available water, 

resulting from either quantity or accessibility, will limit the availability of electrons 

needed to restore P680
+
 to its original reduced state for new photoelectron generation, 

thus leading to reduced photoelectron generation rate. 

There is not a generally accepted definition for drought or drought stress. Over 

one hundred definitions of drought can be found in the literature (Wilhite and Glantz, 

1985; Tate and Gustard, 2000). Since a major function of water in plants is 

photosynthetic electron donation, one meaningful measure of water deficiency or drought 

would be the degree to which water limits photoelectron generation rate e; in other words, 

a photosynthesis-based measure of drought can be defined as 

 
s

ws

e

ee
D          (9-2) 

where D is drought or water deficiency, ew is photoelectron generation rate of a plant leaf 

sample with water concentration w, and es is the saturation or maximum e value 

achievable by varying the water concentration in the sample. 

Eqn. 9-2 defines drought as a percent deficit of photoelectron generation rate 

because of water deficiency. It measures drought by a primary function of water rather 

than the actual water concentration. This makes sense because water concentration itself 

may not be as useful an indicator of water deficiency (Jones, 2004). Furthermore, because 

photoelectron generation directly depends on water as the source of electrons, ew is a 

prompt indicator of water availability rather than a delayed, long-term effect. 
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Measures may be defined from different perspectives, but a measure is not useful 

if it cannot be practically evaluated. Measurement of D defined in Eqn. 9-2 is achieved 

by measuring DF emissions as discussed below. 

In previous work, the transport kinetics of photoelectrons in the early stages of 

PSII was modeled as state space equations with DF as a measurable output (Guo and Tan, 

2009; Guo et al., 2009). Experimental validation showed that DF emission could be 

effectively predicted with a five-state or a three-state model. The five-state model is (Guo 

et al., 2009):  
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       (9-3) 

)( 5312 xxxKky         (9-4) 

where x1, x2, x3, x4, and x5 are the probabilities of a reaction center being in plastoquinone 

states [QA
–
QB], [QAQB

–
], [QA

–
QB

–
], [QAQB

2–
] or [QA

–
QB

2–
], respectively; y is the DF 

emission intensity, u is the intensity of excitation light; K is a gain factor accounting for 

the instrumentation gain and sample size; and system matrix A is, 
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 (9-5) 

where k1 through k5 are reaction rates. 
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In particular, k1 represents the quantum efficiency of photoelectron generation, 

which is the percentage of incident excitation photons generating energized electrons. As 

discussed earlier, this efficiency is affected by water availability. For a sample of unit 

area, k1 and e are related by 

 uke 1          (9-6) 

Furthermore, as demonstrated below, k1 has a simple direct relationship with DF emission 

under dark-adapted and short-excitation-pulse conditions. 

For a dark-adapted plant leaf sample and constant u, the initial state values are 

zero and the A matrix is constant, which leads to the system solution during excitation as 
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where τ is a variable on [0, t], and the transfer matrix is 

0
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e        (9-8) 

When t is small, the high-order terms in Eqn. 9-8 may be neglected and the transfer 

matrix becomes the identity matrix I. At the end of a short illumination pulse, t = Δt, the 

state variable values are: 
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After excitation light is turned off (u = 0), the system input term in Eqn. 9-3 

vanishes and A in Eqn. 9-5 becomes a k1-independent matrix, which we denote as A1. The 

system solution during light-off is only a response to the initial condition in Eqn. 9-9; i.e., 
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      (9-10) 

From Eqn. 9-4, the total DF emission in measurement interval T after the pulse 

excitation is 

T
tA

T

dtetukKkdtxxxKkF
0

12
0

5312
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0

1

]10101[)( 1   (9-11) 

For constant temperature, dark-adapted, and short-pulse conditions, matrix A1 does not 

change for a given sample. Then, the integral on the right-hand side of Eqn. 9-11 is a 

constant for a specified measurement interval T. If this constant and k2 are both 

incorporated into gain factor K, the total DF emission in a given interval is expressed as 

tKetuKkF 1          (9-12) 

where Eqn. 9-6 has been applied. 

Eqn. 9-12 establishes that following a constant short-pulse excitation of an 

initially dark-adapted plant leaf sample, the total DF emission in a given interval is 

proportional to excitation pulse width Δt, and more significantly, to the quantum 

efficiency of photoelectron generation k1 and illumination intensity u, or to photoelectron 
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generation rate e (= k1u). The same result could be obtained with the three-state model 

reported in Guo and Tan (2009). The proportionality of F to Δt can be easily verified 

experimentally as shown in a later section. The proportionality of F to e means that 

photoelectron generation rate e, which is used to define drought D, can be measured by 

measuring DF emission F. Specifically, Eqns. 9-2 and 9-12 give 
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e

ee
D        (9-13) 

where Fw is the measured DF emission in an interval from a plant leaf sample with water 

concentration w, and Fs is the saturation or maximum F value achievable by varying the 

water concentration in the sample. Eqn. 9-13 provides a measurement method for drought 

D defined in Eqn. 9-2. Fw is simply the DF emission of a sample at its original water 

concentration. The remaining issue is how to determine Fs for the sample. 

If the water deficit in a leaf sample is made up through supplemental water 

diffusion, an increase in e and consequently in F (Eqn. 9-12) should be observed and the 

growth pattern of F may allow easy determination of Fs. The rehydration process of plant 

leaves has been extensively investigated (Catsky, 1965; Molz et al., 1975; Zwieniecki et 

al., 2007). The process usually has two phases (I and II), corresponding to passive 

recovery from water deficit and resumption of growth-related water uptake (Catsky, 1965; 

Molz et al., 1975). Phase II is negligible within the first one and one-half hours and the 

Phase I uptake changes exponentially (Molz et al., 1975). This means that the water 

concentration in a sample during the first 1.5 hours of supplemental water diffusion can 

be expressed as 

 
dt

ss ewwwtw )()( 0        (9-14) 
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where w0 and ws are the initial and saturation concentrations, respectively; d is diffusion 

coefficient; and t is time. Since measurements performed in this research could be done 

within a short time (< 1 h), Eqn. 9-14 should apply. 

The exponential increase of water concentration shown in Eqn. 9-14 hints that the 

photoelectron generation efficiency (k1) and thus measured DF (F) may also increase 

exponentially during supplemental water diffusion. If F grows exponentially, which is to 

be verified experimentally as shown in a later section, Fs can be determined from 

multiple F measurements. If during supplemental water diffusion, the short-pulse 

excitation (uΔt) and the measurement of DF emission F are repeated with a time interval 

ΔT and in between measurements the sample is kept in the dark to allow dark-adaptation, 

then the assumed exponential increase of F can be expressed as 

Tbn

ss eFFFTnF )()( 0       (9-15) 

where F0 and Fs are the initial and saturated DF emissions, respectively; n is an integer 

index for the measurement cycles; and b is the time constant. For conciseness, denote 

)( TnF as )(nF and let
Tbep , then Eqn. 9-15 becomes 

 
n

ss pFFFnF )()( 0        (9-16) 

The three unknowns (p, F0, and Fs) in Eqn. 9-15 can be determined with a 

minimum of three measurements F(n) (n = 0, 1, 2) as 

)0()1(

)1()2(
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p         (9-17) 

)0(0 FF          (9-18) 
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To reduce the influence of noise, more than three measurements of F(n) may be 

performed and an optimal solution can be obtained for p, F0, and Fs based on Eqn. 9-16 

Eqns. 9-19 and 9-13 provide a measurement method for water deficiency or 

drought defined in Eqn. 9-2 in terms of photoelectron generation rate through the 

measurement of DF emission in an interval after a short-pulse excitation. 

9.3 Experiments 

Experiments were designed to reconfirm the results derived from prior work (Eqn. 

9-12) and an assumption used in the development presented in the previous section. 

These include: 

(1) For a constant illumination u and without water diffusion to change k1, e is 

constant and thus F is proportional to pulse width Δt (Eqn. 9-12), 

(2) For constant illumination u and pulse width Δt, supplemental water diffusion 

will increase DF emission F as a result of increased photoelectron conversion 

efficiency k1 (Eqn. 9-12), and 

(3)  F grows exponentially (Eqn. 9-15) during supplemental water diffusion, 

which allows the determination of Fs by Eqn. 9-19. 

9.3.1 Plant Samples 

Two types of plants were used as experimental samples: green pepper and garden 

bean plants. The pepper plants were grown in an open field in Missouri from May to 

October and then moved into the laboratory for measurements in pots with an 18-cm 

diameter and height. In the laboratory, the plants were kept in a constant temperature 

around 25ºC and under fluorescent lighting controlled in 12:12-hour on-off cycles. 
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Garden bean seedlings were grown in the laboratory under the same temperature 

and lighting conditions as described above and in pots with a 9-cm diameter and 10-cm 

height. The seedlings were 30 to 35-day old when leaf samples were taken from them. 

The garden bean plants were divided into two groups based on the moisture 

content in the pot soil. Group 1 was mildly dry and the soil moisture was about 50% of 

the dry soil weight when measurements were made. Group 2 were drier and the soil 

moisture was around 25% of the dry soil weight when measurements were taken. 

 9.3.2 Measurement Setup 

A system built in-house was used to measure DF emissions. The test samples 

were placed in a dark light-tight chamber. Illumination (34.8 mw) from a red LED with 

peak value at 680 nm (Marubeni L680-06AU) was delivered through an 8-mm liquid 

light guide (ORIEL 77628). The DF emission was collected via a second light guide. This 

emission-collection light guide fed into a photon-counting channel multiplier tube (CMT) 

(PerkinElmer MH1373P) located outside the test chamber.  

The CMT was gated electronically. When a signal was given to turn the gating off, 

the high voltage for the CMT channel would be nullified to prevent photoelectron flux 

formation in the channel. The photoelectric output pulses from the CMT were recorded 

with a gated photon counter/multiscaler card (PMS-400, Becker & Hickl GmbH) plugged 

in a host computer. The computer also controlled the LED illumination, CMT gating, and 

data acquisition timing. 
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9.3.3 Relationship between Excitation Energy and DF Emission 

Eqn. 9-12 states that, without supplemental water diffusion and for a constant 

illumination intensity u, DF would increase proportionally with excitation pulse width Δt. 

Figure 9-1 shows the measured DF intensity from a pepper leaf sample for different 

excitation pulse width Δt. It is obvious that the DF intensity increased when Δt increased. 
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Figure 9-1 Measured DF emission intensity for different excitation pulse widths 
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R = 0.9994
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Figure 9-2 Total DF emission F in a measurement interval as a function of excitation pulse width 

(DF counts were normalized with the measurement for the 5-ms pulse). 

 

Figure 9-2 shows that total DF photons F measured in a fixed measurement 

interval for different excitation pulse widths from pepper leaf samples. It is clear that F 

has a linear relationship with excitation pulse width as predicted by Eqn. 9-12. It is worth 

noting that the proportionality was maintained for excitation pulse widths up to 20 ms 

(Figure 9-2). This means that light adaptation and other long-term nonlinear effects did 

not significantly occur for pulses as wide as 20 ms. 

9.3.4 DF Emission as Affected by Supplemental Water Diffusion 

Eqn. 9-12 states that if water is added to a sample initially with a water deficit, the 

measured DF (F) should increase while excitation pulse width Δt and intensity u are held 

constant because water diffusion would raise photoelectron generation efficiency k1 and 

thus increase photoelectron generation rate e. Figures 9-3 and 9-4 show, respectively, the 

measured DF in 15-minute intervals from pepper leaf samples submerged and not 
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submerged in water. The excitation intensity and duration remained unchanged. 

Obviously, the DF intensity increased because of water diffusion into the submerged 

sample and it did not without sample submergence in water. Figure 9-5 shows the total 

DF in an interval (F) as a function of time of water diffusion (submergence), which leads 

to the same conclusion. Supplemental water diffusion for 30 min increased DF emission 

by about 70%. 
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Figure 9-3 DF intensity measured after three different times of water diffusion 
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Figure 9-4 DF intensity measured at three different times without water diffusion 
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Figure 9-5 Total DF emission in an interval from submerged and unsubmerged samples 

(Photon counts normalized with values measured at time 0). 
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9.3.5 Exponential DF Growth Resulting from Supplemental Water 

Diffusion 

In Eqn. 9-15 assumes that the measured F would vary exponentially with time 

while supplemental water diffusion occurs. For twenty-two drought-stressed samples, 

Eqn. 9-15 could fit the experimental data with a relative error of 0.73 0.67%. Figure 9-6 

shows an example comparison of model prediction with experimental data. It is evident 

that the exponential model fits measured DF (F) very well. This establishes the validity 

of the assumption that F grows exponentially (Eqn. 9-15) during supplemental water 

diffusion, and consequently proves the usefulness of Eqn. 9-19 for determining Fs. 

It is interesting to note that as water diffusion occurs exponentially (Eqn. 9-14), 

the DF emission F is also exponential (Eqn. 9-15). Since water w affects F by changing 

k1, to which F is proportional, this implies that the relationship between photoelectron 

generation efficiency k1 water concentration w can be expressed in the form k1 = aw
b
 with 

a and b being constants or even a linear form (b being unity). The results of this work do 

not depend on and indicate the exact relationship, but k1 appears to relate to w in a simple 

fashion when other conditions are held as constants. 
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Figure 9-6 An example comparison of model prediction (Eqn. 9-15) and measurements 

 

9.3.6 Further Verification 

To further verify the measurement method defined by Eqns. 9-13 and 9-19, 

thirteen pots of garden beans in each of the two soil moisture groups (50% and 25%) 

were measured. Three DF measurements (F) were taken for each sample with the first 

measurement taken when water diffusion just began (so, F0 = Fw). Fs was determined 

with Eqn. 9-19 and drought D computed with Eqn. 9-13, and the results are listed in 

Table 9-1. The higher-moisture group had an average water deficiency about 19% while 

the lower-moisture group had an average deficiency over 42%. The mean difference was 

about two standard deviations apart. The drought measure and measurement method 

clearly differentiated the two groups.  
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Table 9-1 Drought D for control and drought-stressed Garden Beans 

Group 1 (50% moisture) Group 2 (25% moisture) 

Sample F0 FS D Sample F0 FS D 

1 60222 64178 0.062 1 47547 65524 0.274 

2 49535 57286 0.135 2 112351 242111 0.536 

3 52061 57976 0.102 3 101729 260530 0.610 

4 53714 68585 0.217 4 135542 229124 0.408 

5 61490 73618 0.165 5 80215 117435 0.317 

6 26141 24176 -0.081 6 36013 55093 0.346 

7 45117 56997 0.208 7 31720 45610 0.305 

8 51634 64424 0.199 8 69701 113816 0.388 

9 49364 63184 0.219 9 69924 150726 0.536 

10 112708 140308 0.199 10 70967 168094 0.578 

11 113342 177104 0.360 11 90674 144306 0.372 

12 45254 65263 0.307 12 130930 285394 0.541 

13 122067 189298 0.355 13 130353 184935 0.295 

Average   0.188    0.424 

Std   0.120    0.120 

 

It is obvious from Table 1 that the Fw and Fs values varied greatly from sample to 

sample even within the same group. This was expected because the DF emission from a 

sample is influenced by many factors. The concentrations of reaction centers and antenna 

complexes, the circadian rhythm and other factors may significantly vary from sample to 

sample, leading to very different measured DF values. This makes the absolute DF values 

an ineffective indictor of water deficiency or other quantities of interest. Fortunately, 

these variations are reflected in gain factor K and they cancel out in the drought measure 

D defined in Eqn. 9-13. As shown in Table 1, while the absolute DF values are not 

comparable, the D values are. 

The relationships among DF, photoelectron generation efficiency, and water 

diffusion were based on extensive prior experimental and theoretical work. They are 

fundamental in that they describe part of the phototransduction process that is common in 

all photosynthetic plants. Their agreement with the experimental results from this work is 
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not coincidental but expected. The drought measure and measurement method could 

clearly differentiate samples of different drought levels, but the experiments conducted 

were limited. To compare the new measure and method with what has been 

conventionally done, more experiments, especially field tests with different plants, are 

warranted. 

9.4 Conclusion 

A measure of water deficiency or drought in plants is defined in terms of the 

deficit photoelectron generation rate in photosystem II resulting from water deficiency. 

The dependence of delayed fluorescence on photoelectron generation rate, which depends 

on water availability, is analyzed based on a previously developed photoelectron 

transport model. This led to a photonic method to measure water deficiency based on 

photoelectron generation, an important physiological role of water. Experiments were 

conducted to validate the functional relationships developed and to test the usefulness of 

the measure and measurement method in differentiating plant samples in different 

drought levels. 
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 CHAPTER 10  

A PHOTONIC METHOD FOR 

THE MEASUREMENT OF HERBICIDE 

10.1 Introduction 

Herbicide application has dramatically enhanced crop productivity over the last 

four decades (Lambrev and Goltsev, 1999); however, it contributes to environmental 

pollution (Dewez et al., 2002). Herbicides usually have a low rate of degradation and can 

persist in soils for up to decades (Capriel et al., 1985; Heather et al., 2003). It is highly 

possible that herbicide-sensitive crops could be damaged when rotations become diverse 

or recycled water is used for irrigation (Bowmer, 1991). Herbicides could also be 

transported from agricultural areas to water reservoirs by runoffs and contaminate 

drinking water. Existing methods for measuring the existence of herbicides often require 

special laboratory equipment. A simple method to measure herbicide concentration is 

desirable. 

Herbicides can be against various targets like biosynthesis of amino acids, 

chlorophylls, carotenoids, and plastoquinones (Oettmeier, 1999). Herbicides that target 

Photosystem II (PSII) inhibit electron transport because they have a higher affinity for the 

sites of plastoquinone QB than the native plastoquinone QB themselves (Oettmeier, 1999). 

Around one half of the commercial herbicides belong to this type (Oettmeier, 1992) and 

DCMU [3-(3,4-dichlorophenyl)-1,1-dimethylurea] is one of them. 

http://www.bio21.bas.bg/ibf/lambrev/df/ref_lit.htm#oettmeier1992
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Fast fluorescence or delayed fluorescence (DF) is a noninvasive and highly 

informative method for monitoring the state of PSII and for detecting DCMU stress 

(Lambrev and Goltsev, 1999; Guo and Tan, 2009; Guo et al., 2009). Dewez et al. (2002) 

defined a toxicity index for DCMU measurement according to fluorescence kinetics. 

Katsumata et al. (2006) developed a DF-based method to measure the effects of Simazine 

(CAT) and 3,5-dichlorophenol (3,5-DCP) on the growth of a green alga. The 

investigations in previous research, however, were usually based on empirical 

observations, rather than fundamental analysis. The differences in chlorophyll 

concentrations and the number of PSII in different samples incur trouble for comparing 

DF intensity between test groups, which limit the accuracy and applicability of previous 

research. In this research, we used DCMU as an example to develop a DF-based method 

to measure the concentration of herbicides that bind to QB sites. The method does not 

suffer from the variations in reaction centers and chlorophyll concentrations. 

 

10.2 Dependence of DF Emission on DCMU Binding 

When P680 (PSII chlorophyll) absorbs photon energy from the antenna complex, 

it enters the excited state denoted as P680* (Goltsev et al., 2003). The electron in excited 

state is not stable and may be transferred, via a pheophytin molecule, to the primary 

electron acceptor plastoquinone QA, which is tightly bound in the thylakoid membrane 

(Goltsev and Yordanov, 1997; Blankenship, 2002). The electron on the reduced QA
-
 may 

be further transferred to QB (loosely bound plastoquinone) or transferred back to 

recombine with P680
+ 

(oxidized form of P680) and produce a re-excited P680* (Guo and 
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Tan, 2009). The re-excited P680* may generate DF either by emitting a photon directly 

or transferring the energy to the around antenna where the DF will be given off (Goltsev 

et al., 2003). 

When a DCMU molecule binds to a QB site, an electron cannot be transferred 

from QA to QB; therefore, there will be no electron transfer back from reduced QB to QA 

for charge recombination and thus DF emission will change. The kinetics of DF thus 

contains information about DCMU binding. 

When a leaf is submerged in a DCMU solution, two processes would occur. 

While DCMU and water diffuse into the leaf cells, DCMU will bind to the QB sites 

(Lazar et al., 1998; Guo and Tan, 2009). If the number of DCMU molecules in the 

solution is much higher than that of QB sites, it would be reasonable to assume DCMU 

concentration in the solution as a constant during the measurement. Both diffused water 

and DCMU influence DF emission. It would be difficult to extract out DCMU 

information from the DF signal during transient diffusion. In order to simplify the 

analysis, only the DF data measured after the diffusion processes close to steady state 

were used to determine DCMU concentration. In steady state, the leaf cells would have 

the same DCMU concentration as the outside solution. For those interested in the 

transient diffusion process of DCMU or water, please refer to Lazar et al. (1998) and Guo 

and Tan (2009). In this research, DF emission was measured right after a sample leaf was 

submerged into DCMU solution. The transient diffusion processes were observed to 

determine when the two diffusion processes could be treated as in steady state. 

Some reaction centers (RC) of the leaf may be in closed and inactive state (Lazar 

et al., 1998) and they would not influence DF emission; and thus not be included in the 
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analysis. The reaction between DCMU molecules and reaction centers follows first-order 

kinetics (Lazar et al., 1998), then the concentration of unbound reaction centers, )(tR , is 

expressed as 

ctkR
dt

tdR
)(

)(
        (10-1) 

where k is a reaction constant, c is DCMU concentration, and t is the time since leaf 

submergence in DCMU solution. When water and DCMU diffusion processes reach 

steady state, c would be a constant. 

If the R at 
0

tt is 
0

R , the solution for )(tR would be: 

)(

0
0)( ttkceRtR         (10-2) 

0t  is the moment when the two diffusion processes reach steady state. 

Assume that pulse excitation is repeated at, ht
0

, 
0

t , ht0 , , 

hN )1( . Excitation duration is 
E

T  and total recording time is 
M

T . If h  is much 

bigger than 
ME

TT , the additional DCMU binding to QB sites could be neglected during 

excitation and data recording. 

According to Eqn. 10-2, the number of active RCs at 0 tt , ht0 , , 

hN )1(  would be: 

hkci

hi
eRR

0
 1,,1,0 Ni       (10-3) 

where i is an index of measurements, N is the total number of measurements. Note that 

the RC concentration during the transient diffusion process would not obey Eqn. 10-3. 
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Assume that the pulse excitations would not saturate the dark-adapted sample 

leaves. Following one pulse excitation, the DF from an active RC is denoted as )( ltg and 

that from a DCMU-bound RC denoted as )(
l

th . In order to differentiate it from the 

submerging time in Eqns. 10-1 and 10-2, lt is used here to denote DF measurement time 

(recording time) after pulse excitation. Since the DF emission is proportional to the RC 

concentration (Guo and Tan, 2009), following the i
th

 pulse excitation, the DF emission 

from all the active RCs and DCMU-bound RCs is: 

)()()()(
000 l

hkci

l

hkci

lhi
theRRtgeRty  1,,1,0 Ni   (10-4) 

The ratio of measured DF from the i
th

 and the r
th

 excitations would be: 

)()()(

)()()(

)(

)(

000

000

l

hkcr

l

hkcr

l

hkci

l

hkci

lhr

lhi

theRRtgeR

theRRtgeR

ty

ty
    (10-5) 

One reaction center has one QA site and one QB site. In the reaction centers bound 

by DCMU molecules, the electron on a reduced QA cannot go further and there is no back 

transfer electron from reduced QB (Guo and Tan, 2009; Guo et al., 2009). The lifetime of 

the DF from DCMU-bound reaction centers would be shorter than that from active RCs. 

When lt reaches to a certain value (denoted as *t ), the DF emission from DCMU-bound 

reaction centers would die out and the measured DF would be from active RCs only .  

)()(
0 l

hkci

lhi
tgeRty  *tt

l
  1,,1,0 Ni    (10-6) 

According to Eqn. 10-6, Eqn. 10-5 can be written as: 

hkcr

hkci

l

hkcr

l

hkci

lhr

lhi

e

e

tgeR

tgeR

ty

ty

)(

)(

)(

)(

0

0     *tt
l

  (10-7) 
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According to Eqns. 10-5 to 10-7, the DF emission from DCMU-bound RCs could 

be treated as zero when the values of )()(
lhrlhr

tyty do not change with time lt . 

Experiments can be used show that once lt  is bigger than a certain value, the ratio 

)()(
lhrlhi

tyty  becomes a horizontal line. The exact *t  value does not affect the final 

results. 

For *tt
l

, the ratio between the i
th

 measurement
hi

y and the r
th

 measurement
hr

y  

would not be time-dependent and therefore it could be denoted as 
hrhi

yy . The 

logarithm of the ratio would be: 

hrikc
tgeR

tgeR

y

y
hif

l

hkcr

l

hkci

hr

hi )()
)(

)(
log()log()(

0

0    *tt
l

 (10-8) 

Obviously )( hif  has a linear relationship with hi . The initial RC 

concentration and the specific DF emission kinetics ( )(
l

tg ) have been cancelled out. By 

fitting )( hif  linearly, the slope kc can be estimated, which provids a technique to 

measure the concentration of DCMU. 

Eqn. 10-8 holds only when c is a constant and DF emission from DCMU-bound 

RCs ( )(
l

th ) is negligible. During the transient diffusion processes and when 0)(th , 

the plot of )( hif  starting from DCMU application would not be a straight line. This 

gives a method to ensure that the assumptions of steady state diffusion and negligible DF 

from DCMU-bound RCs are satisfied. The reference measurement (denoted as the r
th

 

measurement in Eqn. 10-8) may be any measurement. If a measurement before or during 

the steady state of diffusion is selected as the reference measurement, 
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)()(
lhrlhi

tyty would be a family of parallel curves or horizontal lines, respectively. 

Once *tt
l

, the ratio between )()(
lhrlhi

tyty and )()(
lhrlhj

tyty  would not change. 

Thus, the specific selection of r would not affect the linearity and slope of )( hif . 

In order to determine the DCMU concentration c from slope kc, reaction constant 

k is needed. To do so, a reference DCMU solution with known concentration 0c  can be 

used. When the two segments of one leaf are treated with the test and the reference 

DCMU solutions, respectively, the reaction constant k may be assumed the same if the 

two experiments are performed under the same conditions. From the reference test, k can 

be calculated. 

10.3 Experiments 

Experiments were desigend to prove that the ratio of long-term DF emission from 

the i
th

 and r
th

 excitations )()(
lhrlhi

tyty was approximately a constant (Eqn. 10-7) and 

the normalized logarithm )( hif  had a linear relationship with hi after certain 

submerging time (Eqn. 10-8). 

10.3.1 Samples 

Both pepper and garden bean plants were used. The pepper plants were grown in 

a field of Missouri from May to October, and then were moved to the laboratory in pots. 

Garden bean seedlings were about 30-day old, which were grown in pots with a 9-cm 

diameter and a 10-cm height in the laboratory. In the laboratory, all the plants were kept 

in open air with a constant temperature 25ºC and fluorescent lighting controlled in 12:12-

hour on-off cycles. Regular irrigation was applied. 
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10.3.2 Measurement Setup 

A system with a channel multiplier tube (CMT) was built in-house and used to 

count DF photons. The test samples were placed in a light-tight chamber. Illumination 

from a red LED with peak value at 680 nm (Marubeni L680-06AU) was delivered 

through an 8-mm liquid light guide (ORIEL 77628). The DF emission was collected via a 

second light guide and fed into a photon-counting channel multiplier tube (CMT) 

(PerkinElmer MH1373P) located outside the test chamber.  

The CMT was gated electronically. When a signal was given to turn the gating off, 

the high voltage for the CMT channel would be nullified to prevent photoelectron flux 

formation in the channel. The photoelectric output pulses from the CMT were recorded 

with a gated photon counter/multiscaler card (PMS-400, Becker & Hickl GmbH) plugged 

in a host computer. The computer also controlled the LED illumination, CMT gating, and 

data acquisition timing. 

Before leaf discs were submerged in DCMU solution, they were kept in water for 

20 minutes to reduce the influence of water diffusion. After dark adaptation, the samples 

were excited with an illumination pulse every 15 minutes and the DF emissions following 

excitations were recorded. The appropriate pulse duration was experimentally determined 

and 0.5 s was used (Guo and Tan, 2009). DF photons were collected for 120 s with a 

sampling interval of 0.01 s. Thirty leaves or leaf segments were measured. 

10.3.3 DF Emission as Affected by DCMU Binding 

In order to reduce the influence of noise, a moving-average filter was applied 

before computing )(/)(
lhrlhi

tyty . The data segments of every 10 s from the i
th

 and r
th
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measurements were summed, respectively, and the ratio between the sums of the two 

pulse excitations were calculated. The measured )()(
lhrlhi

tyty for pepper leaves in 

180-μM DCMU solution and in 40-μM DCMU solution, and garden bean leaves in 80-

μM DCMU solution are shown in Figure 10-1a, Figure 10-2a, and Figure 10-3a, 

respectively. These three figures clearly indicate that )()(
lhrlhi

tyty was close to unity 

right after the excitation light was turned off, and it decreased gradually and then 

stabilized to a constant, which agrees with Eqn. 10-7. 

The average values of )()(
lhrlhi

tyty  40 s following excitation were used to 

calculate )( hif  in Eqn. 10-8 and the corresponding results are shown in Figures 10-1b, 

10-2b, and 10-3b, respectively. The equations shown are the linear regression equations 

of the logarithm of normalized DF ( )( hif ) vs. submerging time. These three figures 

clearly show the linear relationship predicted by Eqn. 10-8.  
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(a)      (b) 

Figure 10-1 Normalized DF emissions from a pepper leaf submerged in 180 μM DCMU solution (a) and 

the corresponding logarithm (b) 
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(a)      (b) 

Figure 10-2 Normalized DF emissions from a pepper leaf submerged in 40 μM DCMU solution (a) and the 

corresponding logarithm (b) 
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Figure 10-3 Normalized DF emissions from a garden bean leaf submerged in 80 μM DCMU solution (a) 

and the corresponding logarithm (b) 

 

The slopes in Figures 10-1b and 10-2b are -0.0215 and -0.0051, respectively. 

Their ratio (4.92) is approximately equal to the test DCMU solution concentration ratio 

(4.5). The results from all the 30 leaves or leaf segments were similar to Figures 10-1, 10-

2, and 10-3. All the fitted curves had a good linear correlation with the experimental data 

and the R
2
 values for them were all greater than 0.99. 

10.3.4 Influence of k Values from Leaf Segments  

In order to examine whether leaf segments from the same leaf had the same 

reaction rate for DCMU binding k, three leaves were cut from the middle and the half-

leaf pairs were put in 80-μM DCMU solution. The slopes for each pair of the half leaves 
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were -0.0106/-0.0123, -0.0105/-0.0117, -0.0248/-0.0180, respectively. It could be seen 

that the slopes for each half-leaf pair were not equal but similar. Figure 10-4a shows the 

measured results from one half-leaf pair in 80-μM DCMU solution.  

While the leaf segments from the same leaf were tested in DCMU solutions of 80 

μM and 40 μM DCMU, respectively; the slopes were -0.0058 and -0.0143 and the ratio 

was 2.46, close to the expected value of 2. It can be seen that k may be estimated with a 

reference DCMU solution and the test DCMU concentration could be determined 

according to Eqn. 10-8. Figure 10-4b is the measurement from a half-leaf pair when they 

were submerged in 80-μM and 40-μM DCMU solutions, respectively. 
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(a)    (b) 

Figure 10-4 Measurements for half-leaf pairs while both were in 80 μM DCMU solution (a), and in 80 μM 

and 40 μM DCMU solutions (b) 

 

10.4 Discussion 

Dependence of DF emission on DCMU binding was analyzed in this research, 

which provided a technique for measuring DCMU concentration. The developed method 

was validated experimentally. The use of normalized DF eliminates the influence of 

chlorophyll and PSII concentrations. Leaf segments allow estimation of the chemical 
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reaction constant k and the test DCMU concentration c may be estimated. In this work, 

the two leaf segments were not measured at the same time because the instrument had 

only one channel. It was believed that the experimental results would be more consistent 

if a two-channel instrument was used. More experiments are needed to further verify the 

developed technique. 

10.5 Conclusion 

The relationship between DF emission and DCMU binding was analyzed. 

Experiments were used to prove the derived theoretical relationships. The intensity of 

long-term DF emission following pulse excitation was proportional to the concentration 

of active reaction centers unbound by DCMU. The DF measurements from leaves 

submerged in DCMU solutions clearly showed the process of DCMU binding to 

plastoquinone sites, which allowed to quantify DCMU concentrations. 
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 CHAPTER 11  

SUMMARY 

11.1 Major Results 

(1) A five-state linear model was developed by using the combinational oxidative 

state of plastoquinone A and B (QA and QB) in a reaction center as state variables. The 

five-state model could effectively describe DF and reflect the expected parameter 

changes induced by drought or DCMU stress. The simplicity of the model structure 

allows observation and analysis of the plastoquinone states of PSII reaction centers from 

DF measurements by using linear system techniques.  

(2) The developed three-state nonlinear model by using the oxidative state of 

individual QA and QB could also correctly reflect the expected changes induced by 

drought and herbicide stresses. Results proved that the model was compact and 

practically useful for describing DF from plants. 

(3) The identifiability of n
th

-order (n>1) linear time-invariant systems with only 

initial condition responses was analyzed. Systems with only one measurable state (OMS 

systems) and those with n measurable states (NMS systems) were considered. Analysis 

indicates that one initial condition response is not sufficient to uniquely determine the 

system matrix of an OMS system and n initial condition responses are demanded. The 

identifiability of an OMS system with the data from n independent initial condition 

responses is equivalent to that of an NMS system only with one initial condition response. 
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Explicit formulations and a non-recursive algorithm are developed for both OMS and 

NMS systems.  

(4) A recurrent-pulse excitation method was devised to enrich the experimental 

data for systems that do not allow long-term excitation or continuous measurements. The 

recurrent-pulse technique allowed determination of model parameters that would 

otherwise be difficult to determine uniquely. Both theoretical analysis and application 

showed the effectiveness of recurrent-pulse method and its potential usefulness for 

identifying similar biological systems. 

(5) Plant circadian effects on DF emission were investigated in this research. 

Experiments showed that the measured DF had a cycle around 24 hours. In order to get 

precise information of drought stress from DF measurements, circadian effects should not 

be neglected. They could be eliminated out through either calibrating measurements 

performed at fixed time of a day or modeling circadian cycles.  

(6) The dependence of DF on the availability of electron donors (water) was 

modeled and analyzed. This yields an effective way to define and measure water 

availability or, conversely, deficiency (drought stress) according to PSII photoelectron 

conversion efficiency. The method was validated experimentally with drought-stressed 

plant samples. Water deficiency was determined by the deficit from the maximal 

photoelectron conversion efficiency achievable after supplemental water diffusion. 

Analysis and experiments showed that this deficit conversion efficiency could be 

evaluated from measured DF emissions and it correlated with drought severity. 

(7) Both theoretical analysis and experimental results showed that the intensity of 

long-term DF emission following pulse excitation was proportional to the number of 
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reaction centers without DCMU binding. The DF measurements from leaves submerged 

in DCMU solutions clearly showed the process of DCMU binding to plastoquinone sites, 

which allowed to quantitatively determining DCMU concentrations. 

11.2 Future Research 

(1) More attention could be paid to plant circadian rhythms. Since circadian 

rhythms are influenced by temperature and environmental light stimulus, the photo-

efficiency cycle might change with seasons. Many more experiments are needed in the 

future for quantitatively determining the photo-efficiency cycle and its implications. 

(2) Comprehensive models accounting for the light adaptation process may be 

developed. These simple DF models developed in this work form a foundation. More 

comprehensive models will further enhance the understanding of photoelectron transport 

in plants. 

(3) The Transient herbicide diffusion process should be investigated further 

through DF measurement. This will be helpful for understanding the interactions between 

plants and herbicides. 
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