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SLP, México (e-mail: isela.bonilla@uaslp.mx).

Abstract: Fluorescence lifetime microscopy imaging (FLIM) is an emerging technique that
allows a chemometric characterization of a tissue sample. However, FLIM requires an initial
processing step to identify the fluorescent impulse response at each spatial point in the sample.
In this paper, we present a new strategy for the blind system identification (BSI) of FLIM
data based on an exponentials library and alternating least squares. Our BSI approach has
a time-domain perspective and searches for the scaling coefficients of the library by non-
negative least squares approximations plus Thikonov regularization terms. Meanwhile, the input
excitation is computed by a quadratic optimization that includes also a regularization factor
to induce smoothness. In this paper, we test our scheme with FLIM ex-vivo atherosclerotic
plaques datasets. We compare our BSI proposal to two system identification techniques that
consider the information of the input excitation: nonlinear least squares estimation with a multi-
exponential model, and constrained Laguerre-base expansion; and also to a blind scheme, a
Laguerre expansion with an approximated input signal. In these tests, we visualize an advantage
of our proposal in terms of estimation accuracy and computational time.

Keywords: System identification, Blind techniques, Optimal signal processing, Fluorescence.

1. INTRODUCTION

Fluorescence is an important resource for quantitative
chemical characterization of tissue samples (Marcu et al.,
2004). In fluorescence lifetime imaging microscopy (FLIM),
the optic-electronic instrumentation captures the time-
resolved response to a laser excitation at a given frequency
channel in order to record the optical emission of syn-
thetic or endogenous fluorophores (Shrestha et al., 2010).
This technique allows early and non-invasive diagnosis for
different pathologies, as cardiovascular and dermatology
diseases (Park et al., 2011), oral pre-cancer conditions
(Jabbour et al., 2013), colonic dysplasia (Mycek et al.,
1998), or measure therapeutic responses of anticancer
drugs (Walsh et al., 2014). However, a precise evaluation of
the FLIM information requires an initial processing stage
in order to identify the fluorescence impulse response of
each spatial point in the sample, and to extract next the
average lifetime maps to identify the fluorophores (Warren
et al., 2013). In addition, for medical applications, the
computation of the average lifetime maps should balance
a tradeoff between accuracy and processing time in order
to derive a diagnosis tool that could help physicians in real
time. In fact, the identification of the impulse response is
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also referred as the deconvolution process, which as any
inverse problem in general is ill-posed.

In the literature, there are two basic deconvolution or sys-
tem identification perspectives: multi-exponential models
(Warren et al., 2013) and Laguerre-basis approximations
(Pande et al., 2011; Liu et al., 2012). The method based on
a Laguerre-basis, usually referred as a model-free strategy,
considers that the fluorescence impulse responses can be
expressed as linear combinations of the Laguerre base
(Pande et al., 2011), where constraints in the scaling coef-
ficients are included to enforce a monotonically decreasing
pattern in the resulting impulse responses (Liu et al.,
2012). Nonetheless, all the previous approaches in this field
assume that the input excitation is available to identify the
fluorescence impulse responses, which in some cases is not
desirable or feasible. Moreover, for FLIM measurements
(Marcu et al., 2004), the input signal can only be recorded
off-line in the experimental setup, so the standard system
identification techniques (Warren et al., 2013; Pande et al.,
2011) require an initial processing step to align the input
excitation to the measured fluorescent decays that is a time
consuming procedure and could introduce uncertainty into
the estimations.

In the blind system identification (BSI) problem, there are
several systems that share the same input excitation, so
based on their output measurements, the systems’ dynam-
ics and common input signal have to be jointly estimated
(Abed-Meraim et al., 1997). In practice, the systems’ dy-
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namics are assumed to be linear and time invariant in order
to derive practical solutions. This problem have impor-
tant applications in telecommunications, signal and image
processing, geophysics and medicine (Abed-Meraim et al.,
1997). For example, in signal processing, BSI have been
suggested for acoustic source location without relying on
information of the propagation velocity (Yang et al., 2008).
Meanwhile, BSI has been addressed in the context of blind
image restoration for fluorescence 3D microscopy in order
to overcome blurring effects from the optical instrumen-
tation (Sarder and Nehorai, 2006). Recently, BSI have
been applied with Laguerre basis functions to estimate
the cardiovascular dynamics and central flow departing
from peripheral pressure waveforms (Hahn et al., 2010)
or photoplethysmograph signals (McCombie et al., 2006).

In this context, this paper introduces a new methodol-
ogy for the BSI problem for FLIM datasets that relies
on an exponentials library to represent the fluorescence
impulse responses at each spatial point of the sample.
Our proposal is essentially a time-domain approach that
is based on alternating least-squares (ALS) to estimate
sequentially the scaling coefficients of the library and the
input signal (Niesen et al., 2009). The scaling coefficients
of the library elements are estimated by non-negative least
squares approximations (NNLSA) plus a Thikonov regu-
larization term (Zhang and Morini, 2013; Afonso et al.,
2011), where this process is parallelized to speed up con-
vergence. Meanwhile, the input excitation is computed by
quadratic optimization. We validate our proposal under
ex-vivo atherosclerosis plaque datasets (Pande et al., 2011)
to illustrate the accuracy in the estimation of the input
signal, fluorescence decays, and resulting average lifetimes.

The notation used in this paper is described next. Scalars
are denoted by italic letters, vectors and matrices by lower
and upper-case bold letters, and sets by italic calligraphic
upper-case letters. R and Z represent the real and integer
numbers, Rn n-dimensional real vectors, Rn×m real ma-
trices of dimensions n × m, and card(X ) the cardinality
of a set X . For a real vector x, the transpose operation

is denoted by x⊤, the Euclidean norm by ‖x‖ =
√
x⊤x,

and x � 0 represents that each component in the vector
is positive or zero. For all vectors x ∈ R

n and y ∈ R
m,

Tx,y ∈ R
n×m denotes a toeplitz matrix with x and y⊤

as its first column and row, respectively, where the first
entry in x and y must be equal. An n-dimensional vector
filled with ones (zeros) is represented by 1n (0n), and In
denotes the identity matrix of order n. For a vector x ∈ R

n,
diag(x) ∈ R

n×n represents a square matrix with diagonal
terms given by x. For a random variable x, x ∼ N (0, σ2)
represents that x is normally distributed with zero mean
and variance σ2.

2. PROBLEM FORMULATION

In our formulation, we assume available discrete-time
measurements of the fluorescence decays of a tissue sample
over a spatial domain of K points in the dataset, and with
a sampling period of T seconds (Marcu et al., 2004). Hence
the optic input excitation is applied sequentially to all the
discretized spatial points over a field of view (FOV) in
the sample, and the resulting time-domain fluorescence
decays are recorded by considering a time window of L

samples. In this way, assuming a causal system response,
the observation model for the l-th time sample and k-
th spatial point is described by a convolution operation
(Marcu et al., 2004):

yk[l] =

L−1∑

j=0

u[l−j]hk[j]+vk[l] ∀l ∈ [0, L−1], k ∈ [0,K−1]

(1)
where yk[l] and hk[l] denote the measured fluorescence
decay and impulse response samples that depend both on
the spatial location k, respectively, u[l] characterizes the
input excitation samples (also called instrument response
in bioimaging applications), and vk[l] represents random
noise related to the instrumentation or measurement un-
certainty. The observation model in (1) can be written in
a vector notation by assuming zero initial conditions as







yk[0]
yk[1]
.
..

yk[L− 1]







︸ ︷︷ ︸

yk∈RL

=







u[0] 0 . . . 0
u[1] u[0] . . . 0
.
..

.

..
. . .

.

..
u[L− 1] u[L− 2] . . . u[0]







︸ ︷︷ ︸

U∈RL×L







hk[0]
hk[1]

.

..
hk[L− 1]







︸ ︷︷ ︸

hk∈RL

+







vk[0]
vk[1]
..
.

vk[L− 1]







︸ ︷︷ ︸

vk∈RL

, (2)

⇒ yk = U hk + vk ∀k ∈ [0,K − 1], (3)

where the resulting input matrixU has a toeplitz structure
that does not depend on the spatial location of the
sample. We define the set of FLIM measurements as
Y = {y1, . . . ,yK}. Hence the blind identification or
deconvolution problem estimates jointly for the input

matrix Û and impulse response vector ĥk at each spatial
point, such that the estimated fluorescence decay vector

ŷk = Û ĥk approximates the measurement one yk.

As any inverse problem, the blind identification is an
ill-posed formulation that can have multiple solutions
(Marcu et al., 2004). In our problem, there are two key
assumptions that help to bound the search space for the
feasible solutions:

A. The input excitation u[l] is common to all K spatial
points in the dataset, and its samples are non-negative
and normalized to sum one in time domain, i.e.

L−1∑

l=0

u[l] = 1 & u[l] ≥ 0 ∀l ∈ [0, L− 1], (4)

B. The fluorescence impulse response hk[l] at each spatial
sample k and time instant l can be represented by
a conical combination of N discrete-time exponential
functions {e−l/τn}Nn=1 plus a constant offset term.
The library of exponential functions has known and
bounded characteristic lifetimes {τn}Nn=1 (i.e. ∀n ∈
[1, N ], where it is satisfied τmin ≤ τn ≤ τmax and
0 < τmin < τmax). As a result, the fluorescence impulse
response hk[l] is modeled as:

hk[l] = ck,N+1 +
N∑

n=1

ck,ne
−l/τn ∀l ∈ [0, L− 1], (5)
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where the non-negative positive coefficient ck,n ≥ 0
reflect the weight of the n-th characteristic mode at k-
th spatial location, and ck,N+1 the corresponding offset
component.

Assumption A is important to avoid numerical scal-
ing problems in the estimation of the input excitation
{u[l]}L−1

l=0 and scaling coefficients {ck,n}N+1
n=1 for each lo-

cation k. Meanwhile, assumption B allows to formu-
late the estimation problem of the impulse responses as
non-negative least-squares approximations, which can be
solved efficiently by numerical optimization algorithms
(Nocedal and Wright, 2006). Furthermore, for any spatial
location k, we want to have just a small subset of the
terms in the exponentials library to have weights {ck,n}Nn=1
different from zero, so we will like to induce some regular-
ization into the solution. As a result, we propose to use a
Thikonov regularization method for this purpose (Zhang
and Morini, 2013; Afonso et al., 2011).

Three important properties of our approach based on a
library of exponential functions for blind system identifi-
cation (BSI) are

I. The shape of the input excitation is not attached to
a pre-defined model, and can be thought as a model-
free strategy for this term.

II. The estimated impulse response in (5) will be a
smooth curve with a monotonic non-decreasing pat-
tern, so there is no need to induce this property by
adding constraints on its second or third order time
derivatives (Liu et al., 2012).

III. There is no need to select a pre-defined order for the
approximations or tuning model parameters during
the experiments, like in the cases of multi-exponential
and Laguerre-base models (Pande et al., 2011; War-
ren et al., 2013).

Thus, in our approach, just the minimum and maximum
time constants (τmin, τmax) of the exponentials library in
(5) have to be defined, which is a more easy to tune
condition based on the expected lifetimes of the studied
sample. Furthermore, the characteristic lifetimes {τn}Nn=1
could be easily generated based on regularly spaced grid in
the interval [τmin, τmax]. Now, by considering the library
of exponential functions, the observation model in (1) at
k-th spatial sample can be expressed compactly as

yk = UBck + vk ∀k ∈ [0,K − 1]. (6)

where

B =








1 . . . 1 1

e−1/τ1 . . . e−1/τN 1
...

. . .
...

...

e−(L−1)/τ1 . . . e−(L−1)/τN 1







∈ R

L×(N+1) (7)

ck = [ck,1 . . . ck,N+1]
⊤ ∈ R

N+1, (8)

i.e. matrixB contains in its columns the information of the
exponentials library, and vector ck its scaling parameters.
Furthermore, by collecting all the spatial points, the model
is expressed in matrix notation as

Y = UBC+V (9)

where Y = [y0 . . . yK−1] ∈ R
L×K , C = [c0 . . . cK−1] ∈

R
(N+1)×K , and V = [v0 . . . vK−1] ∈ R

L×K represents
the matrices of measurements, scaling coefficients and

noise components. From the observation model in (9),
there is a nonlinear interaction between the input U
and coefficients C matrices, which are unknown in our
formulation. One important advantage of the previous
model is that the input matrix U in (2) has a toeplitz
structure. Therefore, to construct this matrix, only L
values are needed. Moreover, in FLIM applications, the
input excitation is a narrow pulse, so there is no need to
estimate all the L terms, since many will be zero. Hence
we consider only the first L̂ terms (L̂ < L) to represent
the input term. In this way, the input matrix U in (2) can

be parameterized as a linear combination of L̂ toeplitz
matrices Uo

l ∈ R
L×L

U =

L̂−1∑

l=0

θlU
o
l (10)

where the parameter θl = u[l] represents l-th sample in
the instrument response, and

Uo
l = Txl,yl

∈ R
L×L (11)

xl = [0⊤
l 1 0⊤

L−l−1]
⊤ ∈ R

L (12)

yl = [1 0⊤
L−1]

⊤ ∈ R
L. (13)

Furthermore, the estimation of the instrument response

samples {θl}L̂−1
l=0 could be severely affected by measure-

ment noise in the FLIM dataset. So we propose to include
a regularization term to penalize the first derivative of the
input excitation in order to attenuate variations induced
by random noise components, and for this purpose, we
consider an approximation based on the central derivative.
Hence the BSI problem can be structured as an optimal
regularized least-squares approximation problem (Nocedal
and Wright, 2006):

min
{θl},{ck}

J (14)

J =
1

2

K−1∑

k=0

‖yk −
L̂−1∑

l=0

θlU
o
lBck‖2 +

α

2

K−1∑

k=0

N∑

n=1

(ck,n)
2

+
ξ

2

L̂−2∑

l=1

(θl+1 − θl−1)
2 (15)

such that
∑

l θl = 1, θl ≥ 0 ∀l ∈ [0, L̂− 1] and ck � 0 ∀k ∈
[0,K− 1], where α > 0 is the regularization weight for the
scaling coefficients and ξ > 0 the smoothness weight for
the input signal. Note that in the first regularization term
we just include the weights associate to the exponential
library {ck,n}Nn=1, so we avoid to penalize the estimation
of the offset components {ck,N+1}.

3. OPTIMAL APPROXIMATIONS

The proposed optimization scheme in (14) has a particular
structure that can be exploited to compute iteratively its
solution. First, since the cost function in (14) involves
the product of the decision variables ({θl}, {ck}), and
the constraints can be divided into time-domain and
spatial restrictions, so similar to Gutierrez-Navarro et al.
(2014), a solution based on ALS will be pursued (Niesen
et al., 2009). Hence first given an initial condition for the
parameters θ

0 = [θ00 , θ
0
1, . . . , θ

0
L̂−1

]T , the optimal scaling

coefficients ck are calculated for each spatial location k in

Congreso Nacional de Control
Automático, AMCA 2015,

Cuernavaca, Morelos, México.

559

 Octubre 14-16, 2015.



parallel over the dataset by a non-negative least squares
approximation method (NNLSA). The initial instrument

response vector θ
0 can be chosen from some a priori

information, or from the mean spatial measurements of
the FLIM dataset. Next, fixing the coefficients ck and
considering the whole dataset, our proposal calculates the
optimal input excitation sequence θ = [θ0, . . . , θL̂−1]

T

that minimizes the quadratic error cost function in (15).
This iterative procedure is repeated until a convergence
condition is satisfied with respect to the estimation error
or when a maximum number of iterations is reached.

At every step of the ALS structure in the overall BSI by
exponentials library (BSIEL), a quadratic optimization
is computed which is linear with respect to the decision
variables. Hence the global optimum is guaranteed of each
partial minimization process. As a result, at each iteration
t, the estimation error cost function J t will be reduced
or at least remain unchanged. In this way, the asymptotic
convergence of the free parameters in BSIEL is satisfied
by continuity. Nonetheless, there is a dependency on the
initial condition θ

0 to avoid global minima.

3.1 Estimation of Scaling Coefficients

First, the input matrixU can be computed from (2) by the
samples {u[l]} = {θl}. With this departing information,
the scaling coefficient vectors ck are estimated for each
spatial point k ∈ [0,K − 1] by NNLSA (Nocedal and
Wright, 2006) with a Thikonov regularization term as
follows

min
ck�0

1

2

∥
∥
∥
∥
∥
∥





UB
√
αdiag

([
1N

0

])



 ck −
[

yk

0N+1

]
∥
∥
∥
∥
∥
∥

2

, (16)

where α > 0 is the regularization weight. An important
property of (16) is that the coefficients vector ck for
each location k can be solved in parallel over the whole
dataset, since there is no inter dependency or homogeneity
spatial condition in our identification formulation. Hence
in (16), there are two important parameters to set: the
number of elements in the exponentials library N , and the
regularization weight α. Our evaluation shows that N does
not have a profound impact in the estimation accuracy
if this parameter is greater than 25, but affects greatly
the computational time. In the meantime, α can affect the
accuracy if this parameter is large, as well as the processing
time.

Nonetheless, the computational time of the estimation
process in (16) can be high if the number of spatial
locations is large in the FLIM dataset. Nonetheless, to
speed up the convergence of the ALS structure, we propose
to use a small subset of the whole FLIM dataset in
the iterative scheme until convergence is reached. At
this step, the purpose will be to have a good estimate
of the input excitation. Next, in a final step, provided
this estimated input signal, the NNLSA in (16) will be
solved for all the spatial points in the FLIM dataset
to compute the scaling coefficients, and as a result, the
fluorescence impulse responses. We propose an equidistant
spatial downsampling of size D ∈ Z (D > 1) for the FLIM
measurements matrix Y to obtain its reduced version
(column-wise) Ŷ ∈ R

L×K̂ , where K̂ = ⌊K/D⌋, where ⌊·⌋
denotes the floor function.

3.2 Instrument Response Estimation

In this step, the scaling coefficients matrix C is assumed
known, and the optimization in (14) is computed with
respect to the parameters {θl} of the input excitation over
the whole FLIM dataset. For this purpose, the approxi-
mation cost function in (15) that depends on the variables
{θl} is augmented to include the normalization condition
∑

l θl = 1 by a Lagrange multiplier (Nocedal and Wright,
2006):

Ĵ =
1

2
Tr









Y −
L̂−1∑

l=0

θlU
o
lBC





⊤

Y −
L̂−1∑

i=0

θiU
o
iBC











+
ξ

2

L̂−2∑

l=1

(θl+1 − θl−1)
2 + µ





L̂−1∑

l=0

θl − 1



 (17)

where µ ≥ 0 is the Lagrange multiplier related to the
equality condition and Tr(·) denotes the trace operation.
Therefore, the stationary optimality conditions are

∂Ĵ

∂θm
= 0 ∀m ∈ [0, L̂− 1] &

∂Ĵ

∂µ
= 0 (18)

which result in the following set of equations

L̂−1∑

l=0

δm,lθl + χm + µ = bm ∀m ∈ [0, L̂− 1]

L̂−1∑

l=0

θl = 1. (19)

where

δm,l , Tr
{
C⊤B⊤(Uo

m)⊤Uo
lBC

}

bm , Tr
{
Y⊤Uo

mBC
}

χm ,







ξ · (θm − θm+2) m ∈ {0, 1}
ξ · (−θm−2 + 2θm − θm+2) m ∈ [2, L̂− 3]

ξ · (θm − θm−2) m ∈ {L̂− 2, L̂− 1}
.

(20)

To simplify the notation, we define the following matrices

∆ ,






δ0,0 . . . δ1,L̂−1
...

. . .
...

δL̂−1,0 . . . δL̂−1,L̂−1




 ∈ R

L̂×L̂

Λ , Tz,w ∈ R
(L̂−2)×L̂ (21)

where z = [−1 0⊤
L̂−3

]⊤ ∈ R
L̂−2 andw = [−1 0 1 0⊤

L̂−3
]⊤ ∈

R
L̂. Consequently, a system with L̂+1 linear equations and

L̂+ 1 unknown variables is obtained

[
∆+ ξΛ⊤Λ 1L̂

1⊤
L̂

0

]







θ0
...

θL̂−1
µ






=







b0
...

bL̂−1
1







(22)

whose solution provides the optimal parameters {θl}L̂−1
l=0 .

If a resulting component θl̂ violates the non-negativity
condition, a practical solution inside the iterative process
of BSI is to set it to zero (θl̂ = 0) and re-scale the
parameters to keep the normalization condition (

∑

l θl =
1).
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4. EXPERIMENTAL VALIDATION

In this section, we present the validation of the BSIEL al-
gorithm by considering experimental multi-spectral FLIM
(m-FLIM) datasets of ex-vivo atherosclerotic plaques
(Park et al., 2011). In this evaluation, all the data process-
ing was implemented in Matlab. The temporal resolution
of the measurements is Ts = 250 ps. All the datasets
include three wavelength bands: 390± 20 nm, 452 ± 22.5
nm and 550 ± 20 nm. Each effective time trace has a
total of L = 167 samples per wavelength. Sixty individual
datasets with 60 × 60 spatial samples were analyzed in
this test. Since each m-FLIM measurement considers 3
wavelengths, we only explore the third wavelength that
has distinct information for classification purposes, i.e. a
total of K = 3, 600 spatial points for system identification.

For all datasets, the input excitation has the same time-
domain characteristics, and was measured for compar-
ison purposes. With this input measurement, we have
implemented the system identification by nonlinear least
squares (SINLS) with a third order multi-exponential
model (Marcu et al., 2004; Warren et al., 2013), and by a
Laguerre basis (SILB) with a constrained third-order time
derivative (Liu et al., 2012). Meanwhile, the input signal is
often approximated as a pulse created from the rising part
of the measured fluorescence decay by mirroring it around
the peak of the fluorescence decay pulse (Marcu et al.,
2004). This approximated input (AI) pulse is also used
for system identification in our experimental evaluation.
The BSI by using the AI pulse is defined as BSILBAI,
and it involves the approximation of the impulse response
by a Laguerre basis for all 60 datasets. Meanwhile, our
proposal BSIEL is evaluated with respect to two scenarios
in the spatial downsampling (D = 4 and D = 36) during
the input signal estimation stage.

The average computational time per FLIM dataset was
computed in the Matlab implementations for the lifetime
estimations over all spatial points by using a Pentium
Intel Core i7-4770 3.5 GHz quad-core processor and 32
GB RAM computer. Moreover, we execute “for loops”
in parallel during the numerical implementations by the
Parallel Computing Toolbox of MATLAB, and we use
the command lsqnonneg to solve the NNLSA in (16)
from the Optimization Toolbox. In SINLS, a third order
model is assumed, whose characteristic lifetimes of the
exponential terms were estimated based on constrained
minimization of the estimation error of the fluorescent
decays, and the scaling coefficients on standard least
squares. For this purpose, we employ the function fmincon
from the Optimization Toolbox in MATLAB by including
the gradient information of the error cost function. Finally,
we consider the implementation in Liu et al. (2012) of
SILB that is based on a dual formulation of a constrained
quadratic optimization problem. This method relies on
NNLSA, which is solved by lsqnonneg at each spatial point.
For SILB, we assume an 8th order Laguerre expansion
for the impulse responses with a shape parameter of 0.88.
Finally, the parameters of BSIEL are L̂ = 50, τmin = 0.250
ns, τmax = 15 ns, N = 25, α = 0.001, ξ = 250 tmax = 20,
and κ = 0.01, whose selection was carried by trial-and-
error to optimize the estimation performance. For the
initial condition on the input signal θ

0 in BSIEL, we

tested different signal types, as square pulse, staircase
signal, asymmetric and symmetric pulses based on the
mean FLIM measurement, but due to space limitations,
we only show the results with a square pulse with time
duration of 35% the energy of the mean fluorescence decay.

By assuming that û[l] and ŷk[l] denote the estimations of
the input excitation and fluorescent decays by the system
identification algorithms, we compute two performance
metrics to evaluate the accuracy of the methodologies over
the whole datasets:

Eu =

∑L−1
l=0 (u[l]− û[l])2
∑L−1

l=0 (u[l])2

Ey =

∑K−1
k=0

∑L−1
l=0 (yk[l]− ŷk[l])

2

∑K−1
k=0

∑L−1
l=0 (yk[l])2

. (23)

In addition, we also examine the shape of the estimated im-

pulse responses ĥk[l] by quantifying the average lifetimes
τ̂k at each spatial point k (Marcu et al., 2004; Gutierrez-
Navarro et al., 2014) :

τ̂k =
t⊤ĥk

1⊤
L ĥk

, (24)

where ĥk = [ĥk[0] . . . ĥk[L−1]]⊤ represents the estimated
impulse response vector, and t = [0 Ts 2Ts . . . (L−1)Ts]

⊤

a vector of the sampling instants. The estimation perfor-
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Fig. 1. Estimation Performance in Ex-vivo Atherosclerotic
Plaques Datasets: (TOP) .

mance of the studied algorithms SINLS, SILB, BSILBAI
and BSIEL is presented in Fig. 1. In the top plot, the
boxplot of the input estimation error for the blind schemes
BSILBAI and BSIEL (D = 4 and 36) is illustrated, where
as expected BSIEL has a smaller error compared with the
approximated input signal employed by BSILBAI. The
middle plot in Fig. 1 presents the boxplots of the output
estimation errors, where once more BSIEL with either
D = 4 or D = 36 has smaller errors, even with respect to
the techniques based on the measured input signal SINLS
and SILB. Finally, the bottom plot in Fig. 1 describes
the resulting boxplots for the computational times, where
SINLS has the worst performance and BSIEL establishes
a middle point, since the estimation of the input signal
is a time consuming process. Nonetheless, in the overall,
the BSIEL performance is not affected by considering a
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large value in the spatial downsampling (D = 36) with a
small reduction in the processing time. The last evaluation
is shown in Fig. 2 with respect to the estimated average
lifetimes for datasets 21 and 42. These plots present good
agreement in the techniques that employ the measured
input excitation, SINLS and SILB, compared to the blind
technique BSIEL with D = 4 and D = 36. Meanwhile,
these plots also emphasize an underestimation by BSIL-
BAI with respect to the other strategies, since this strategy
relies on a raw approximation of the input information.
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Fig. 2. Estimated Average Lifetime in Ex-vivo Atheroscle-
rotic Plaques Datasets.

5. CONCLUSIONS

In this paper, we have proposed a new time-domain BSI
methodology based on an exponentials library and alter-
nating least squares. The estimation of the scaling coef-
ficients in the library is carried out by regularized non-
negative least squares approximations, and for the input
excitation by a quadratic optimization with a smoothness
regularization component. We tested our proposal under
FLIM datasets of ex-vivo atherosclerotic plaques. Our pro-
posal has the advantage of a simple tuning strategy of its
parameters with a fast computational time and good fit-
ting accuracy compared to standard system identification
methodologies from the literature.
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