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Abstract

In this paper, we study the ability of determining the lifetimes s1;2 of fluorophores excited states and the ratio of their
fluorescent contributions in a two-fluorophore system with the help of time-resolved fluorimetry in its modification

when the lifetimes s1;2 may be smaller than the exciting pulse duration sp and the receiver gate duration sg. The in-
vestigation has been performed under the assumption that there are no intermolecular interactions that could influence

the times of fluorescence decay. The described three-parameter inverse problem was solved with the help of artificial

neural networks (ANN). Numerical modeling and physical experiment with binary dyes solution have been performed.

Both have demonstrated that the ANN algorithm can determine with acceptable precision the lifetimes s1;2 down to 1 ns
at sp and sg values equal to 10 ns (the gate delay being changed in 2 ns steps). Practical stability of the ANN algorithms

to noise in the input data and to non-controlled variations of shape and duration of the exciting radiation pulse has

been investigated. It is shown that for actual level of noise in kinetic curves, the ANN algorithms give significantly

better results in solving the studied three-parameter inverse problem than the variational algorithms. It is intended that

the considered modification of time-resolved fluorimetry will be used to build the future complex method of fluorimetry

of composite multi-fluorophore compounds.

� 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

This paper was initiated by the problem of in-

vestigation of photo-physical processes in natural

organic complexes and of in situ diagnostics of
such complexes, in particular, in natural waters [1].
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At present time, the most promising method of

diagnostics of such objects in situ is fluorimetry [2],

which can be implemented both on samples

(without pre-processing), with the help of fiber

probes introduced in the medium, and in remote

mode – by lidar sensing [3,4]. Complexity and
variability of natural organic complexes (under the

influence of the factors of the medium) demands

for their diagnostics simultaneous measurement of

a large number of parameters, i.e. simultaneous

application (or, better, synthesis) of several fluo-

rescent methods.

To do this, in [5] it is suggested to use: (a)

precision analysis of the shape of fluorescence
band; (b) non-linear fluorimetry; (c) time-resolved

fluorimetry (TRF). In all these methods, to ana-

lyze spectral information and to solve inverse

problems, it is suggested to use artificial intelli-

gence algorithms (artificial neural networks

(ANNs), genetic algorithms, etc.).

In [6,7], the capabilities of ANNs in revealing

small changes in the shape of the fluorescence
band, has been demonstrated (on a particular ex-

ample, when these changes are conditioned by the

presence of small fluorescing admixtures to the

main fluorescing object). In [6], it is noted that by

optimal choice of duration and delay of the re-

ceiver gate, in some cases it is possible to raise the

sensitivity of determination of a small admixture

contribution, as it has been demonstrated on
qualitative level in [8]. In [9,10], the opportunities

of determination of some photo-physical parame-

ters of a composite organic compound by solution

of the inverse problem of non-linear fluorimetry

with the help of ANN have been investigated (in a

single fluorophore approximation).

All these are separate ‘‘bricks’’ that will be used

to build the future complex method of fluorimetry
of composite multi-fluorophore compounds.

2. Problem definition

In this paper, the attempt to create another such

brick on the base of TRF method has been made.

Creation of such a brick is meant for the variant of
TRF most adequate to the general problem, that

is, for the variant that will blend in with the future

complex method. This variant can be characterized

by the following features.

(a) The durations of the exciting optical radia-

tion pulse sp and of the receiver gate sg, and also
the step in delay time Dsdel need not satisfy the
demands of classical kinetic spectroscopy

sp � s; sg � s; Dsdel � s; ð1Þ

where s is the lifetime of the excited state of the
fluorophore.

This feature is conditioned by several reasons.

First, as typical values of s lie in nanosecond

range, conditions (1) require the use of a picosec-

ond fluorimeter, making the apparatus much more
sophisticated, more expensive for laboratory ex-

periments, and unusable for field investigations.

Second, conditions (1) do not allow using the same

fluorimeter to implement methods of non-linear

and TRF [9,11], i.e. they contradict the concept of

creating the complex fluorescent method.

(b) The method must not be based on a priori

information about the shape of fluorescence bands
of fluorophores contained in the studied object, as

for many natural organic compounds (for exam-

ple, for humic substance, which is one of the most

important compounds in nature [12]) there is no

such information, and obtaining such information

about the studied object in situ is a problem that

cannot be solved yet. Therefore, the kinetic curve

in our problem should be formed by intensities (or
by photons numbers) integral over the whole flu-

orescence spectrum of the object.

(c) The priority parameters determined by the

TRF method should be the true lifetimes of

the excited states of true fluorophores. Certainly,

the effective parameters of the effective fluoro-

phores (these parameters are often determined in

traditional variants of TRF) are also very inter-
esting as parameters that identify the object and

that are suitable for the object control on the

empirical level. But this is not sufficient to solve

the problems stated in the beginning of this paper.

Besides that, synthesis of TRF method and non-

linear fluorimetry demands determination of the

parameters of true fluorophores.

As the first step in the development of TRF
method in the statement pointed above, in

this paper, the two-fluorophore system with no
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interaction between the fluorophores is consid-

ered. For experimental testing of the method, low

concentration solution of two dyes with known

lifetimes s was used. Such solution is an a priori
two-fluorophores system with no interaction be-

tween the fluorophores. Moving on to natural
organic complexes, for which such a priori infor-

mation about the number of fluorophores (at least

those dominating in the fluorescence of the object)

and about their possible interaction is absent, de-

mands using more sophisticated algorithms of in-

verse problem solution. This will be the subject of

our future research.

In this paper, the technique of ANN is used to
solve the inverse problem. The accepted variant of

TRF method liberates us from the necessity of

comparing the efficiency of this algorithm to the

efficiency of the majority of other methods used in

TRF (for example, to that of the phase method

[13], of the matrix method [14], of the method

using matrixes Iðk; sdelÞ [15], of TRES [16], etc.).
Such comparison is advisable only for the ad-
vanced variant of the variation method, and it will

be made in Section 4.6.

3. Calculation of the kinetic curve in the considered

variant of TRF (the direct problem)

As it was pointed out in Section 1, to determine
the lifetimes of fluorophores and their partial

fluorescent contributions, the kinetic curves were

used. These kinetic curves were defined as the de-

pendence of the number of photons in the receiver

strobe sg on strobe delay time sdel in respect to the
laser pulse exciting the fluorescence, i.e. the de-

pendence Nflðsg; sdelÞ; there is no demand for the
condition (1) to be fulfilled. In this section, we
shall perform calculation of such kinetic curves for

a two-fluorophore system under weak excitation,

when non-linear effects do not manifest them-

selves, and there is no interaction between the

fluorophores. Therefore, there are no mutual

quenching of fluorescence, energy transfer and

other effects, which lead to change of lifetimes of

excited fluorophores states.
In such statement, the kinetic curve appears as

follows

Nflðsg; sdelÞ ¼ N ð1Þ
fl ðsg; sdelÞ þ N ð2Þ

fl ðsg; sdelÞ; ð2Þ
where N ðiÞ

fl ðsg; sdelÞ (i ¼ 1; 2) are the numbers of
fluorescence photons of the fluorophores, regis-

tered in the receiver gate sg at gate delay sdel (sdel
changes with increment Dsdel).
As is known [2], to calculate the values N ðiÞ

fl , it is

necessary to determine the dependence of con-

centration (population) of fluorophores in the ex-

cited state on time and coordinates nðiÞ3 ðt; z; rÞ,
where z is the longitudinal coordinate (along laser

beam), and r ¼ fx; yg is the vector of transverse
coordinates.
Using the classic levels system of a composite

organic compound [17], let us put down the system

of kinetic equations for the desired population nðiÞ3 ,
by now setting no restriction on excitation intensity

and on energy transfer between excited molecules,

which leads to singlet–singlet annihilation [18]:

on1ðt; rÞ
ot

¼ ðk31 þ k031Þn3ðt; rÞ

	 F0pg
r
r0

� �
f

t
sp

� �
r13n1ðt; rÞ

þ cn23ðt; rÞ;
on2ðt; rÞ

ot
¼ k32n3ðt; rÞ;

on3ðt; rÞ
ot

¼ F0pg
r
r0

� �
f

t
sp

� �
r13n1ðt; rÞ

	 ðk31 þ k031 þ k32Þn3ðt; rÞ
	 cn23ðt; rÞ;

n0 ¼ n1 þ n2 þ n3;

ð3Þ

where n0 is the concentration of the organic com-
pound molecules, n1, n2, n3 are the populations of
the ground level (S0), of the triplet level (T1) and of
the first excited singlet state (S1), respectively;

k3 ¼ k31 þ k031 þ k32 is the rate constant of deacti-
vation of the state S1, constituted by the rate

constant of radiative transition k31, the rate con-
stant of non-radiative relaxation k031, and the rate
constant of intercombinative conversion k32;
F0pgðr=r0Þf ðt=spÞ is the photons flux density of
the exciting radiation, gðr=r0Þ and f ðt=spÞ are the
distributions of laser pulse over its cross-section

and over time, respectively; F0 is the effective

photons flux density; c is the rate constant of
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singlet–singlet annihilation; r13 is the absorption
cross-section.

Note that the system (3) does not correspond to

the general case, because many possible processes

are not taken into account, for example, absorption
of radiation by excited states S1 and T1, stimulated

transitions which could reveal themselves under

coincidence of exciting radiation frequency or of

fluorescence frequency with the frequency m00 of
pure electronic transition between levels S0 and S1,

transitions from state T1 to state S0. These pro-

cesses do not reveal themselves in the majority of

practical situations, when the excitation is per-
formed by laser pulse with duration about 10 ns.

In our calculations we shall make some other

simplifications, which are adequate to many in-

teresting practical cases.

• We shall consider the excitation intensity F to

be insufficient for noticeable reduction of the

population of the ground state: weak excitation

r13F � k3.
• We shall consider the medium layer of thickness

l, from which fluorescence is recorded, to be

optically thin, when the condition r13n0l � 1

is satisfied.

These two conditions being met, we obtain

n1 
 n0, n2 
 0 and independence of F (and

therefore, of ni) from coordinate z. Therefore, we

can present the system (3) in the following form

on3ðt; rÞ
ot

¼ F0pg
r
r0

� �
f

t
sp

� �
r13n0

	 ðk31 þ k031 þ k32Þn3ðt; rÞ 	 cn23ðt; rÞ:
ð4Þ

The desired quantity Nflðsg, sdel) is connected by
definition with the population n3 (t,r) found from
Eq. (4), by the expression

Nflðsg; sdelÞ ¼ gs	1l
Z sdelþsg=2

sdel	sg=2

Z 1

0

2prn3ðt; rÞdrdt;

ð5Þ
where g is the quantum yield of fluorescence, l is

the thickness of the layer.

We shall draw attention to only one fine point –

choice of the ‘‘zero point’’, i.e. the moment when

sdel ¼ 0. We have chosen this point so that at

sdel ¼ 0 the centers of the exciting laser pulse and

of the receiver gate coincide. Such choice turned

out to be very convenient for practical implemen-

tation of the method (refer to Section 5.3).

Let us now turn to the two-fluorophore system,

which may be either a solution of two complex

organic compounds, or a two-fluorophore com-
plex, e.g. humic substance [19].

In this study, the experiment has been per-

formed for a low concentration solution contain-

ing two dyes. Therefore, for kinetic curves

calculation, the singlet–singlet annihilation rate in

(4) was set to zero: cn3 ¼ 0.

Taking into account all the assumptions made,

the equation for the population of the excited state
of ith fluorophore (i¼ 1,2) will be simplified as

follows

onðiÞ3
ot

¼ F0 � n0 � rðiÞ
13 � f ðt=spÞ � pgðr=r0Þ 	

nðiÞ3
si

: ð6Þ

We could have written this equation from the

very beginning. However, we considered it advis-

able to provide the more general form of the ki-

netic equation (3), taking into account non-linear

effects [2,18], as a backlog for future, when we shall

deal with the synthesis of two methods – non-

linear and kinetic fluorimetry.
TheANN that we have used in this study to solve

the inverse problem (Section 4), should train on

kinetic curves in such representations that are most

informative in representing the experimental data.

The procedure of building such kinetic curve is

described below. In this procedure, two key points

should be noted.

As the measure of contribution of each fluoro-
phore into the whole fluorescence of the mixture,

we have chosen the fluorescent parameter

UðiÞ
0 ¼ N ðiÞ

fl =NRS; ð7Þ
where NRS is the total (not in the gate only) number
of photons of the solvent Raman scattering (in our

experiments water was used as the solvent), and
N ðiÞ
fl is the total number of fluorescence photons of

the ith fluorophore, defined by the formula

N ðiÞ
fl ¼ VkðiÞ31n

ðiÞ
0

Z 1

	1
nðiÞ3 dt ¼ N0r

ðiÞ
13g

ðiÞ
fl n

ðiÞ
0 l; ð8Þ

where N0 is the number of photons of the exciting
radiation, rðiÞ

13, g
ðiÞ
fl are the absorption cross-section
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and fluorescence quantum yield of the ith fluoro-

phore, V is the volume and l is the thickness of the

excited layer of the medium. Then, Uð1Þ
0 =Uð2Þ

0 ¼
rð1Þ
13 � gð1Þ

fl � nð1Þ0 =rð2Þ
13 � gð2Þ

fl � nð2Þ0 .
The kinetic curve was normalized to the number

of fluorescence photons at sdel ¼ 0 and, thus, the

final representation of the kinetic curves was the

following one

IðsdelÞ ¼
N ð1Þ
fl ðsdelÞ þ N ð2Þ

fl ðsdelÞ
N ð1Þ
fl ð0Þ þ N ð2Þ

fl ð0Þ

¼
Z sdelþsg=2

sdel	sg=2

Uð1Þ
0 � rð1Þ

13 � s2
Uð2Þ
0 � rð2Þ

13 � s1
� nð1Þ3 ðtÞ

 "

þ nð2Þ3 ðtÞ
!
dt

#
Z sg=2

	sg=2

Uð1Þ
0 � rð1Þ

13 � s2
Uð2Þ
0 � rð2Þ

13 � s1
� nð1Þ3 ðtÞ

 ",

þ nð2Þ3 ðtÞ
!
dt

#
: ð9Þ

It is easy to see that this ratio does not depend

on N0, gfl, l, and if the excitation is weak

ðrðiÞ
13F � kðiÞ3 ), it also does not depend on rð1Þ

13 , rð2Þ
13 .

This formula has been used for the calculation

of kinetic curves in numeric modeling (Section 4)

and for the solution of the inverse problem in real

experiment (Section 5).

In Fig. 1, kinetic curves of a mixture of two dyes

with s1 ¼ 2 ns, s2 ¼ 12 ns are given as an illustra-

tion at different ratios of their fluorescent param-

eters Uð1Þ
0 =Uð2Þ

0 . From this figure, one can see the
affected areas of each fluorophore on the sdel scale.
Investigation of the solutions of such direct prob-

lems helps to interpret the solutions of inverse

problems. We shall return to this point in Section 4.

4. Numerical modeling of the inverse problem of

TRF with the help of ANNs

4.1. Statement of the numerical modeling problem

The purposes of modeling were the following:

(a) Investigation of errors of the fluorophore

parameters determination with the method of

ANNs; to perform it, five ‘‘numerical experi-

ments’’ has been conducted. Some of them were:

for the case when the kinetic curves of the exami-

nation set were exactly described by the model

used to calculate the data sets for ANN training

(numerical experiment #1: determination of ‘‘in-

strumental limit’’ of the algorithm precision); for

the cases most similar to the real experiment, when
the measured kinetic curves contained noise (nu-

merical experiment #2) and, besides that, the pa-

rameters of the exciting radiation could differ from

the values for which the training sets had been

calculated (experiment #5).

(b) Test of work of the algorithm when the

range of one of the measured parameters was

significantly extended (experiment #3).
(c) Comparison of the efficiency of the algo-

rithms using ANN and variational method at

different noise level in the input data (numerical

experiment #4).

Dependences of the errors on input data noise

and on the deviation of the exciting radiation

characteristics from the values used during cal-

culation of the sets of kinetic curves necessary for
ANN training (in the case of ANN algorithm) or

during calculation of the residual functional (in

the case of variational methods), characterize the

Fig. 1. Model kinetic curves for different cases: for each flu-

orophore s1 ¼ 2 ns (1), s2 ¼ 12 ns (2); for mixtures of these

fluorophores Uð1Þ
0 =Uð2Þ

0 ¼ 0:1 (3), Uð1Þ
0 =Uð2Þ

0 ¼ 1 (4), Uð1Þ
0 =Uð2Þ

0 ¼ 9

(5).
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practical stability of the inverse problem solution

[20]. Conventional thresholds of origin of prac-

tical instability are the main indicators of algo-

rithm efficiency. The higher are these threshold

values (e.g., input data noise or deviation of

characteristics of exciting radiation, at which the
error of the determined parameter exceeds the

preset value), the higher is the practical stability

of the inverse problem solution provided by the

algorithm.

4.2. A brief note about the algorithms of inverse

problems solution with the help of ANN

Mathematical algorithms and methods based

on ANN [21] are an effective tool for solution of

numerous problems from the domains of predic-

tion, estimation, classification and recognition of

images of the most different nature [22], including

various inverse problems.

An important property of the ANN method is

that it practically does not use any a priori
knowledge about the object of investigation. ANN

learns by examples, and the work of the algorithms

is based on the information contained in the input

data (the so-called data-driven algorithms).

The work with ANN is usually performed as

follows. First of all, it is necessary to form a

training set of data patterns, i.e. a set of data for

which the desired answers of the neural network
are known beforehand. For the inverse problem

solution, such answers are the true values of the

desired parameters of the inverse problem. The

estimation of network quality during training is

usually performed on a test data set.

The ANN method as it is does not give an al-

gorithm of calculating errors of the determined

parameters. Therefore, to estimate the precision of
parameters determination, it is necessary to use a

separate examination (validation) set of data.

There may be several examination sets. In this

case, they help to estimate the network quality in

different conditions. For example, several exami-

nation sets with different noise levels in input data

are often used.

Thus, to work with neural networks, it is nec-
essary to have a training set, a test set, and one or

several examination sets of data. One of the pro-

cedures that make it possible to improve the work

of the network on examination sets with high noise

level is presenting the network during training with

the training set patterns that are degraded by

random noise of variable amplitude each time a

pattern is presented.
Different values may be used as error indexes.

Choice of one or other of them is determined by

problem specifics. In algorithms using ANN, the

values used most often to estimate the error are

those of mean squared error (MSE) normalized to

the full range of the determined parameter:

d ¼
1
N

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
N ðyANN 	 ytrueÞ2

q
ymax 	 ymin

ð10Þ

and also the value of mean relative error (MRE),

expressed in percent:

e ¼ 1

N

X
N

ðyANN 	 ytrueÞ
ytrue

; ð11Þ

where yANN and ytrue are ANN-predicted and true
values of the desired parameter, respectively, ymax
and ymin are the borders of the parameter range in
which the ANN was trained, N is the number of

patterns presented to the network.

4.3. Numerical experiment #1: determination of

‘‘instrumental limit’’ of the ANN-based algorithm

error

The first step in the investigation of our prob-

lem was numerical experiment #1, performed with

the help of ANN. The assumption was made that
there was no noise in input data (i.e. in kinetic

curves), therefore the networks were trained on the

curves without noise. Another assumption was

that the fluorescent contribution of the short-living

fluorophore was always greater than that of the

long-living fluorophore: U01=U02 P 1. We used the

following ranges of parameters change: s1 ¼ 1–13

ns, s2 ¼ 8–20 ns, while always s2 > s1; U01=U02 ¼
1–10.

In calculation of model kinetic curves that

ANN was trained on, the laser excitation pulse

had a Gaussian shape with duration of 6 ns and

the gate pulse had rectangular shape with duration

of 10 ns.
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The trained network was presented with exam-

ination sets containing calculated kinetic curves; as

the result, the parameters s1, s2 and U01=U02 were

determined (the three-parameter inverse problem

was solved). If the value U0 ¼ U02 þ U01 is deter-

mined in experiment, then the values of parameters
U01 and U02 can be determined too (not only their

ratio).

The purpose of the numerical modeling was the

investigation of the errors d (10) and e (11) of
parameters s1, s2 and U01=U02 determination by

means of ANN and investigation of dependences

of the errors on the values of the determined pa-

rameters.
Dependences of determination errors e (mean

relative error, MRE, expressed in percent (11)) on

true values of parameters s1 and U01=U02 are pre-

sented in Fig. 2 and in Fig. 3, respectively. Both

figures are histograms of distribution of parame-

ters determination errors in examination data set

over the ranges of parameters. To calculate every

‘‘column’’ of the histogram, the corresponding
subset of the whole examination set was used. For

example, for every ‘‘column’’ in Fig. 2, we have

used the subset in which the value of s1 changed in
the range specified and the other two parameters

changed in their full ranges: s2 ¼ 8–20 ns, U01=
U02 ¼ 1–10.

Analysis of the presented dependences results in

the following conclusions.

The typical determination error for lifetimes s1,
s2 (as a rule, within 3–4% for curves without noise)
is one order of magnitude lower than the typical

determination error for the fluorescent contribu-
tions ratio (on the average about 30%). It should

be stressed once more that these results have been

obtained in the conditions when the gate pulse

duration (10 ns) exceeds typical values of s1 and is
of the same order as typical values of s2, and the
precision of gate positioning is 2 ns, i.e. it is of the

same order as s1. From the other side, the preci-

sion of determination of lifetimes in these condi-
tions is remarkable. Thus, when s1 is in the range
from 1 to 2 ns (less than the precision of gate

positioning and much less than its duration), the

error e (MRE) of parameters determination is 5%
for s1 and 1.5% for s2. This significant difference in
the errors of determination of s1 and s2, from one

side, and of U01=U02, from the other side, may be

explained on qualitative level by specifics of the
kinetic curves used in our problem, which is also

reflected in Fig. 1.

Fig. 2. Histogram of distribution of mean relative error e for
determination of the desired parameters over the ranges of the

short-living fluorophore lifetime s1. Averaging for the other two
parameters was carried out throughout all their ranges.

Fig. 3. Histogram of distribution of mean relative error e for
determination of the desired parameters over the ranges of the

fluorescent contributions ratio Uð1Þ
0 =Uð2Þ

0 . Averaging for the

other two parameters was carried out throughout all their

ranges.
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The error of determination of the fluorescent

contributions ratio rises abruptly (exceeding 15%)

at s1 > 7 ns, i.e. in the region where the values of s1
and s2 may be close. In this situation, it is much
more difficult for the ANN to make an accurate

determination of the fluorescent contributions ra-
tio. When s1 increases, the error of determination
of s2 also somewhat increases, although this dete-
rioration is not so expressed. On the contrary, the

error of determination of s1 is largest at small
values of s1, and it decreases with increasing s1.
Paradoxical as it may appear (from the point of

view of classical kinetic fluorimetry), the error of

lifetime determination for the longer living flu-
orophore is, as a rule, higher than that for the

shorter living one (except for the region s1 � s2).
The dependence of determination errors for

lifetimes on the ratio of fluorescent parameters U01

and U02 is expressed very weakly. At the same

time, the determination error for this ratio itself

increases sharply when the values of the fluores-

cent contributions are close (U01=U02  1) (in this
case it is more difficult to separate the contribu-

tions of the fluorophores) and when the ratio

U01=U02 strongly increases (in this case the error is

presumably determined by the difficulty of accu-

rate determination of the contribution of the less

intense fluorophore).

Everything described above refers to the case of

no noise in the input data. Presence of such noise
(as in real experiment) increases the error: at 10%

noise MRE increases to 10% for s1, to 20% for s2,
and to 50% for U01=U02.

4.4. Numerical experiment #2: practical stability in

respect to noise in the input data

In Fig. 4, the dependence of the mean relative
error e (MRE) of parameters determination (av-
eraged over the whole examination set) on the level

of noise in the input data is presented. We have

used two neural networks: one of them was trained

on modeled kinetic curves without noise (it was

this network that was used to obtain the preceding

figures), the other one was trained on modeled

curves with noise added during training. (To ob-
tain data graphed in Fig. 4, several examination

sets with different noise level were used).

As one would expect, addition of noise to the

training set curves during training noticeably in-

creases practical stability of the problem in respect

to noise in the input data: degradation of the

precision of parameters determination with in-

creasing noise becomes much slower. At 10% noise

in the input data, the error in determination of

U01=U02 does not exceed 35%, what may be ac-
ceptable in some cases. As for the results of life-

times determination in this case, they are very

remarkable: even at 10% noise in the input data,

the error in determination of lifetimes does not

exceed 7.5% for the long-living fluorophore and

5.8% for the short-living and more intense one.

This result, obtained in the conditions of gating

with low temporal resolution, is an evident dem-
onstration of great opportunities of properly used

ANN.

4.5. Numerical experiment #3: parameter range

extended

In this experiment, the range of the U01=U02

parameter was significantly extended compared to
that in experiments 1 and 2. Simultaneously with

Fig. 4. Dependence of the mean relative error e on noise level in
the input data for determination of parameters Uð1Þ

0 =Uð2Þ
0 (1, 2),

s2 (3, 4), and s1 (5, 6) with the help of ANN trained without

noise (1, 3, 5), and with the help of ANN trained with noise (2,

4, 6).
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that, the lower borders of the ranges of the life-

times s1 and s2 were also somewhat lowered

s1 : 0:5–4 ns; s2 : 4–15 ns; U01=U02 : 0:1–9:1:

Thus we have made the modeling conditions

closer to real situations, which may arise in di-

agnostics of natural organic complexes, when in

many cases there is no reliable a priori infor-
mation that could make it possible to reduce the

ranges of the parameters. Extending the range of

the parameter U01=U02 should negatively influ-

ence the results of the parameters determination.

Lowering the minimal value of s1 twice, espe-
cially lowering it to 0.5 ns is also a very critical

change.

In the ANN method, extending the range of the
parameters causes two contrary effects: in formula

(10), the denominator increases, but the numerator

increases too, and, as a rule, faster, so the error d
increases. Numerical modeling was expected to

give numerical estimates of manifestation of these

effects. The obtained results demonstrated the

following.

The mean relative error in determination of
lifetime of the longer-living fluorophore is notice-

ably lower than the same error for the shorter-

living fluorophore. This may be explained by the

effect of sharp increase of the relative error for

small s, when the absolute error is nearly constant.
The very high values of the mean relative error of

the fluorescent contributions ratio are determined

by manifestation of the same effect, additionally
amplified by the big dynamical range of the desired

variable (nearly two orders of magnitude). This

may be confirmed by Fig. 5, where the same de-

pendences are presented for d (10), mean squared
absolute error normalized to the range of the

corresponding variable, instead of e, mean relative
error (11). It should be noted that, though such

measure of error is less customary, it characterizes
the ANN error more adequately, especially in the

situations when the width of the variable range

significantly differs from the mean absolute value

of this variable.

The precision of determination of all the three

parameters in this experiment was lower than in

the first similar experiment. This is presumably

connected with strong extension of the range of

U01=U02 (for an order of magnitude), and also with

lowering of the lower range border for s1 (from 1

to 0.5 ns).

4.6. Numerical experiment #4: comparison of the

results of solving the inverse problem of TRF with

the help of ANN and with the help of variational

methods

We compared the described results of solving

the inverse problem of TRF with the help of ANN
with the results of solving this problem with the

help of variational methods.

Numerical experiments using the variational

quasi-Newton method have been performed. Op-

timization calculations on variational gradient

method in this section have been performed with

the help of Solver add-in for Microsoft Excel. To

solve optimization problems, Solver uses the al-
gorithm named Generalized Reduced Gradient

(GRG2) [23].

In these experiments, we have used the same

parameters ranges as in experiment #3. Thus, non-

overlapping parameter ranges were selected:

s1 ¼ 0:5–4 ns, s2 ¼ 4–15 ns, and the ratio U01=U02

Fig. 5. Dependence of the mean squared absolute error nor-

malized to the parameter range (d) on noise level in the input
data for determination of parameters U01=U02 (1, 2), s2 (3, 4),
and s1 (5, 6) with the help of ANN with noise (1, 3, 5), and with
the help of variational method GRG2 (2, 4, 6).
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changed from 0.1 to 9.1 (so there was no limitation

on which fluorophore fluorescent contribution was

higher, just like in experiment #3). In these ranges,

we have calculated training and test sets, and also

examination sets with noise level from 0% to 10%.

The training and test sets were used to train the
ANN. The network was trained with noise added

to input data during training.

Then the inverse problem of determination of

the parameters s1, s2, and U01=U02 from the shape

of the kinetic curves was solved for the examina-

tion sets. The problem was solved using two

methods: variational method GRG2 and ANN.

The results are presented in Fig. 5 for different
values of noise level in the input data (the exami-

nation sets).

Comparison of the errors given by ANN and

GRG2 methods shows (Fig. 5) that ANN gives

significantly lower errors than GRG2 even for zero

noise level, and that variational method is more

sensitive to noise than ANN. Thus, use of ANN

permits to solve the desired three-parameter in-
verse problem with higher precision.

4.7. Numerical experiment #5: investigation of

stability of the solution of the three-parameter

inverse problem by ANN method in respect to

duration and shape of the exciting laser pulse

Within the framework of the last numerical
experiment, investigation of stability of the prob-

lem solution by ANN in respect to duration and

shape of the exciting laser pulse has been per-

formed. With this purpose, special examination

sets have been prepared. These data sets were

calculated for a Gaussian pulse shape with dura-

tion 10% different (5.4 and 6.6 ns) from the dura-

tion of the pulse (6 ns) for which all the other
experiments have been conducted. Besides that,

data sets with the same pulse duration (6 ns), but

with other pulse shapes (hyper-Gaussian, rectan-

gular, and hyperbolic tangent) have been also

prepared. All the enumerated data sets existed as

in the variant without noise, as with addition of

noise from 1% to 10%. The examination sets with

the same parameters that the neural network was
trained for (Gauss-shaped pulse with 6 ns dura-

tion), were used as reference data sets. For each of

the three determined parameters, the error d (10)
was determined.

As an example, in Fig. 6 we present the results

for determination of one of the lifetimes (s2).
Qualitatively the results are the same for all the

three parameters.
The stability of the ANN in respect to the du-

ration of the exciting laser radiation pulse turns

out to be very high. The error of determination for

all the three parameters remains practically un-

changed when the duration of the exciting radia-

tion pulse changes from 5.4 to 6.6 ns (�10%
change), and the picture is the same for any noise

level from 0% to 10%. The difference in the errors
for different pulse durations and noise levels usu-

ally has alternating sign and it seems random ra-

ther than systematic.

Nearly the same picture is observed for the pulse

with hyper-Gaussian shape (on the average, the

error is a little greater, than for the Gauss pulse).

Presumably this may be explained by similarity of

the laws of increase and decrease of amplitude for
Gaussian and hyper-Gaussian shapes.

More significant change in the pulse shape (to

hyperbolic tangent or to rectangular) causes a very

Fig. 6. Dependence of the mean squared absolute error nor-

malized to the parameter range (d) on noise level in the input
data for determination of parameter s2, for different shapes and
duration of the exciting laser pulse: tp ¼ 6 ns, hyperbolic tan-

gent (1), rectangle (2), hyper-Gauss (3) pulse shape; Gauss pulse

shape, tp ¼ 6:6 ns (4), tp ¼ 6 ns (5), tp ¼ 5:4 ns (6).
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noticeable degradation of the precision of network

answers. The determination error for s1 increases
(at zero noise) 2.5-fold for hyperbolic-tangent-

shaped pulse, and 4-fold for rectangular pulse. For

s2 (Fig. 6), the increase of the error is 2-fold for
rectangular pulse and 2.3-fold for hyperbolic tan-
gent. For the parameter U01=U02, for which the

error of determination is (as it was pointed above)

the largest, the error increases 1.7-fold for the

rectangular pulse and 2.6-fold for hyperbolic tan-

gent. This may be connected as with significant

difference of the pulse shape from Gauss, for

which the ANN was trained, as also with increase

of energy in the pulse of the same duration as the
Gauss-shaped pulse.

It also comes under one�s notice that for two
these pulse shapes (rectangular and hyperbolic

tangent), when the noise level in the data increases

from 0% to 10%, the error of network answers not

only fails to increase too, but, on the contrary,

somewhat decreases (still remaining several fold

higher than the error for Gauss-shaped pulse).
Presumably, this effect is the manifestation of the

properties of ANN trained with noise added in the

process of training.

4.8. Conclusions from the results of numerical

modeling

1. For the situations really interesting in prac-
tice (two fluorophores, input data with noise),

ANN error is significantly (2–3-fold) lower than

that of the method based on gradient descent.

There are three main differences in application of

ANN from application of gradient method, due to

which it is so.

First, the estimate given by the ANN is based

on the information obtained from the whole
training database, not only from the specific curve

that the network is applied to at the moment.

Second, the statement of the problem of the

desired parameters determination as that of opti-

mization (using, for example, the gradient method

to find the desired parameters) suppose sufficiently

detailed knowledge about the character of the

desired dependence (i.e. an adequate model of the
object with a small number of variable parameters

that should be determined for a given curve during

application of the method). ANN uses to work

with the curve a large number of internal features

adaptively extracted during training, and it does

not require precise knowledge of a model. The

model is used only to create the initial training set;

however, the patterns presented during training
(with noise added) are already not described by

this model exactly, still retaining their belonging to

the more widely understood set of the studied

curves. As the result, the ANN turns out to be

more suitable for work with noise present.

Third, the optimization procedure with the

gradient method uses an indirect measure as

the fitness function to estimate how close are the
supposed values of the parameters to the real ones.

Such measure is the distance (most frequently

understood as mean squared deviation) between

the observed curve and the model curve obtained

for the supposed values of the parameters. On the

contrary, to perform such estimations during

training, ANN uses directly the difference of the

true parameter values from those supposed by the
network.

All these differences characterize ANN as a

data-driven method, and they condition its unique

properties in solution of inverse problems of most

different nature.

2. One of the properties of ANN is the approx-

imate constancy of the absolute error of the desired

parameter determination in the whole range of this
parameter. If the dynamic range of the parameter is

large, this results in sharp increase of the relative

error near the lower border of the range. Therefore,

in such cases corresponding data pre-processing is

necessary, for example, transfer to the logarithmic

scale of the determined parameter.

3. Narrowing of the range of the determined

parameter results in the increase of the precision of
its determination. Therefore, always when possible

one should use the available a priori information

to narrow the range of the parameter.

4. Adding noise to the training data during

ANN training increases practical stability of the

method to noise present in the input data.

5. The ANN method demonstrates high stabil-

ity in respect to changes in the duration of the
exciting radiation pulse, if its shape is preserved or

not too much changed. If the shape is changed
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considerably, the error of the method becomes

noticeably higher. The conclusion is that to obtain

better results, precise measurement of the shape of

the exciting pulse is more important than that of

its duration.

5. Experiment

Quite optimistic conclusions on the results of

the numerical experiment needed testing in real

experiment. To perform such testing, we have

chosen objects with fluorophore parameters in

two-fluorophore mixture known from standard
measurements (refer to Section 5.2). We have

specially chosen such a system in which the fluo-

rescence spectra of the fluorophores nearly com-

pletely overlapped (Section 5.2), to make the test

object more close to real nature objects, where we

deal with common fluorescence band, and we do

not know the fluorescence bands of individual

fluorophores. Naturally, in real experiment, the
character of the noise in the input data could differ

from that used in numerical modeling.

5.1. Laser fluorimeter

The experiments were conducted on the laser

fluorimeter, the capabilities of which significantly

exceeded those necessary for implementation of
TRF in our variant. First, the registration system

could measure not only the number of photons

NflðsdelÞ, integrated over the whole fluorescence

band, but full spectra of optical signal at each

value of sdel. Second, the photon flux density of the
exciting radiation could reach the values

1025–1026 cm	2 s	1, at which non-linear effects

become noticeable. In our experiment, we could
use the simplest device with broadband filters

before the photo-multiplier tube and a simple low-

power laser. However, as it was noted in the In-

troduction, we consider the research, the results of

which are presented here, to be a part of the pro-

gram directed to synthesis of several methods im-

plemented on this device (first of all, of non-linear

and kinetic fluorimetry).
The fluorimeter was based on a Nd:YAG laser

with a set of non-linear crystals used to obtain

harmonics of the main radiation (k ¼ 1:06 lm):
2nd harmonics (532 nm), 3rd harmonics (355 nm),

and 4th harmonics (266 nm). At laser pulse rep-

etition rate 12.5 Hz, the energy per pulse of the

3rd harmonics used in our experiments was about

5 mJ. Generation of only one (lower) transverse
mode was provided, and a 1.5 mm diaphragm was

used to extract the beam with intensity distribu-

tion in the cross-section close to ‘‘rectangular’’

one.

The shape of the laser pulse was measured with

the help of a coaxial photoelectric cell on a high-

speed oscilloscope S7-10B (time resolution 0.1 ns).

The time shape of the pulse can be approximated
with high precision with Gauss distribution

gðt=spÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4 � lnð2Þ

p

r
expð	4 � lnð2Þ � t2=s2pÞ: ð12Þ

The pulse duration sp at wavelength 355 nm
was 6 ns.

As a receiver of optical radiation excited in the

cell by the laser beam, we have used an optical

multi-channel analyzer consisting of a polychro-

mator (from PARC, USA) and a camera (from

DeltaTex, Russia, Scientific park of MSU), which
uses a CCD matrix with 625� 735 cells, image-
converter tube and chevron type gated micro-

channel plate.

The apparatus had the following output char-

acteristics: the sensitivity was 10 photons/count;

the spectral range was 250–700 nm; the recording

dynamical range was 500; the minimal gate pulse

duration was 10 ns; the gate positioning step was
Dtg ¼ 2 ns; the jitter was less than 0.5 ns. The

camera was connected with a Pentium II type PC.

The main shortcoming of this analyzer was the

‘‘dead time’’ (40–60 ns) between the sync pulse

from the photoelectric cell (to which a small part

of the laser beam was diverted) and the moment

when the camera was ready to receive the signal.

Therefore, a fiber cable was introduced into the
spectrometer. However, during experiments (in-

cluding field experiments) it proved that such a

fiber cable not only neutralized the ‘‘dead time’’,

but also considerably extended the opportunities

of the apparatus, especially, if one end of the fiber

cable had been manufactured as a hermetically

sealed probe.
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In our spectrometer, the fiber cable – probe was

elastic hermetically sealed cable about 7 m length.

It consisted of seven quartz fibres, six of which

were ordered at the outlet into a hexagonal

structure. The exciting light guide was arranged in

the center. This light guide was a SuperUV quartz

focon with inlet diameter 560 lm and outlet di-

ameter 230 lm, with ultra-low loss in the UV re-
gion of spectrum (0.3 dB/m at 266 nm). To prevent

laser radiation going from the transmitting fiber to

the receiving central one, the fiber had metal

coating (Al – 10 lm). The collected radiation was
fed to the multi-channel spectra analyzer. To do

so, 6 collecting fibers were branched off the

transmitting light guide and arranged in a line to

feed the radiation into the polychromator slit. The
length of our cable specimen (7 m) was far suffi-

cient to neutralize the ‘‘dead time’’ of the camera.

Such length of cable is also sufficient for probing

the sub-surface water layer with a spectrometer

mounted on board of a small tonnage vessel.

The volume of the medium, which the probe is

immersed in, giving dominating contribution to

the signal registered by the light guide probe, has
been determined. The most convenient way to do

that proved to be the following. A two-phase

separating medium – hexane and water – was put

into a cylinder. The Raman scattering signals of

water and hexane were registered in dependence

on the distance from the light guide probe end to

the interface of the liquids. The experiment has

shown that the effective thickness of the medium
layer giving the main contribution to the signal in

our case was about 10 mm.

5.2. Samples

In this study, the solutions of organic dyes with

known photo-physical parameters and their mix-

tures in distilled water have been investigated as

the example of composite organic compounds. The

characteristics of the dyes are presented in Table 1,

and their fluorescence spectra are presented in

Fig. 7.

In our experiments, the weights of dyes,

weighted on METTLER TOLEDO electronic

balance with 0.0001 g precision, were dissolved in
such a volume of distilled water that the fluores-

cence band intensity maximum for each of the

substances was comparable with the signal of

water Raman scattering. Such case corresponds to

dyes concentrations in the range 10	10–10	9 mole/l.

5.3. The kinetic curves recording

In our experiments, we have recorded fluores-

cence spectra registered during the gate with dura-

tion tg delayed in respect to laser pulse (duration sp)
for the time sdel. Zero delay (sdel ¼ 0) corresponded

to the case when the positions of centers of the laser

pulse and the gate on the time scale coincided. In

the experiment this situation was determined by the

maximum of the water Raman signal.
The duration of the receiver gate was 10 ns. The

exposure time corresponded to 128 accumulation

cycles or to 153 laser pulses at single accumulation

cycle duration 0.08 s. Besides that, to improve the

results quality, additional averaging has been

performed over four experiments for the same gate

delay.

From the obtained spectra, the dependence of
the area under the contour of the mixture fluo-

rescence band on the gate delay time sdel, nor-
malized to the area under the contour of the

fluorescence band at zero delay, was determined.

In such representation, the experimental results

were processed with ANNs to solve the inverse

problem (see Section 4.2).

Table 1

Photophysical parameters of organic dyes used in this study

Substance Lifetime, s ns Absorbtion cross-section r13, cm2 at k ¼ 355 nm

Stilbene 420 1.1� 0.1 ð2:3� 0:3Þ � 10	16
Amino-G-acid 12.5� 1.1 ð1:10� 0:02Þ � 10	17

Lifetimes measured with SP7 Photophysics spectrometer; both parameters measured for water solutions of the dyes with con-

centration 10	2–10	3 mole/liter. Absorption cross-sections measured with spectrophotometer HITACHI 570; both parameters mea-

sured for water solutions of the dyes with concentration 10	5–10	7 mole/liter.
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When the ratio of the fluorescent parameters

Uð1Þ
0 =Uð2Þ

0 was determined, the receiver was swit-

ched to non-gated mode, and N ðiÞ
fl =N

ðiÞ
RS was deter-

mined as the ratio of areas under the contours of
the corresponding bands. Naturally, the spectra

processing procedure included correction to spec-

tral sensitivity of the receiver, and also conversion

of spectra from coordinates Nfl;RSðkÞ to coordi-
nates Nfl;RSðmÞ, as it is just in such coordinates that

the area under the band contour is proportional to

the number of photons.

5.4. Determination of lifetimes and partial contri-

butions ratio of dyes

The described procedure has been first

performed for single-component solutions (to test

the installation and the processing algorithms).

(a) (b)

(c)

Fig. 7. Experimental spectra for: (a) the solution of Stilbene dye in distilled water, optical signal spectra at different delays of the

receiver gate: 0 ns (1), 6 ns (2), 10 ns (3); (b) the solution of amino-G-acid dye in distilled water, optical signal spectra at different delays

of the receiver gate: 0 ns (1), 6 ns (2), 10 ns (3); (c) the solution of mixture of Stilbene dye and amino-G-acid dye in distilled water,

optical signal spectra at different delays of the receiver gate: 0 ns (1), 6 ns (2), 10 ns (3). RS - Raman scattering band of water; Fl -

fluorescence bands.
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Typical fluorescence spectra and kinetic curves are

presented in Figs. 7(a) and (b) and Fig. 8 (curves

1,2).

The results of presenting the neural networkwith

experimental dependences of the number of pho-

tons within the gate on the gate delay for the single-

fluorophore problem are presented in Table 2.
As can be seen from Table 2, the network suc-

cessfully managed the solution of one-parameter

problem, and the lifetimes obtained with our

method are close to actual ones. For the one-

parameter problem this is not surprising, this only

evidences correct performance of the installation

and the processing system.

We have recorded the kinetic curves for mix-
tures of the same dyes with different partial con-

centrations and therefore with different values of

Uð1Þ
0 =Uð2Þ

0 . Typical fluorescence spectra and kinetic

curve are presented in Fig. 7(c) and Fig. 8 (curve

3). In Table 3, the results of determination of the

photo-physical parameters of the dyes mixture

with the help of ANN are presented.

As can be seen from Table 3, ANN has man-
aged satisfactory the stated problem of determi-

nation of the photo-physical parameters in the

case of two-fluorophore system and three-param-

eter inverse problem.

Note that the fluorescent parameters may be

determined separately, as U0 ¼ Uð1Þ
0 þ Uð2Þ

0 , and the

value of U0 for the mixture can be measured using

the non-gated mode of the camera.

6. Conclusion

Numerical modeling and real test experiment

performed in this study allow us to make the

conclusion that using ANN to determine the pa-

rameters of a two-fluorophore system, it is possi-
ble instead of solving the kinetic spectroscopy

problem in its classical statement (requiring costly

equipment with high temporal resolution) to

solve the problem of TRF in the ‘‘soft’’ state-

ment considered in this paper (requiring much

more simple equipment with nanosecond temporal

resolution).

As it was pointed out in the Introduction, we
consider the results reported in the article as a step

Table 3

The results of presenting the neural network with experimental kinetic curves for dyes mixture (three-parameter problem)

Substance Lifetime, s1 ns Lifetime, s2 ns Ratio of partial fluorescent contributions

U01=U02

Determined True

Mixture of Stilbene 420

and amino-G-acid

0:8� 0:1 12:2� 0:2 2:6� 0:4 2.2

The values have been averaged over 4 measurements.

Fig. 8. Kinetic curves for the solution of Stilbene dye in dis-

tilled water (1), the solution of amino-G-acid dye in distilled

water (2), the solution of mixture of Stilbene dye and amino-G-

acid dye in distilled water (3).

Table 2

The results of presenting the neural network with experimental

kinetic curves for pure dyes (one-parameter problem)

Substance (ns) Lifetime, s ns

Stilbene 420, s ¼ 1:1� 0:1 1.2� 0.2
Amino-G-acid, s ¼ 12:5� 1:1 12.5� 0.4

The values have been averaged over 4 measurements.
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towards elaborating a method of kinetic fluorim-

etry of nature organic complexes. The next im-

portant step will be the elaboration of the

classification method that will make it possible to

determine the number of fluorophores in the

complex that introduce the deciding contribution
to the kinetic curve. (For many nature com-

pounds, the number of fluorophores is unknown a

priori.) It will be also necessary to investigate the

influence of intermolecular interactions on the ki-

netics of fluorescence (due to high local concen-

tration of molecules in the complex, the

probability of intermolecular interaction may be

comparable to or greater than the probability of
intermolecular relaxation).

Investigation of both these issues is in progress,

and their results will be the subject of future

publications.
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