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Abstract: Time-resolved multispectral imaging has many applications in different fields, which
range from characterization of biological tissues to environmental monitoring. In particular,
optical techniques, such as lidar and fluorescence lifetime imaging, require imaging at the
subnanosecond scales over an extended area. In this paper, we demonstrate experimentally
a time-resolved multispectral acquisition scheme based on single-pixel imaging. Single-pixel
imaging is an emerging paradigm that provides low-cost high-quality images. Here, we use an
adaptive strategy that allows acquisition and image reconstruction times to be reduced drastically
with respect to conventional single-pixel approaches that are based on compressed sensing
or full basis scans. Adaptive time-resolved multispectral imaging scheme can have significant
applications in biological imaging, at scales from macroscopic to microscopic.
© 2018 Optical Society of America under the terms of the OSA Open Access Publishing Agreement
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1. Introduction

Imaging phenomena that occur at (sub)nanosecond time scales have a variety of applications
that range from lidar to fluorescence lifetime imaging (FLIM). To obtain lidar distance maps
with centimeter resolution, there is the need for measurements at a resolution of some tens of
picoseconds [1]. For the recovery of FLIM fluorescence lifetime maps, fluorescence decay needs
to be measured on the picosecond to nanosecond time scale. FLIM is one of the most important
techniques in biological and materials studies [2, 3], as it can provide fundamental insight into
local variations in pH, temperature, and ion concentrations. Beyond this temporal resolution,
acquisition of the emission spectrum is fundamental to study photophysical properties of samples
that can range from materials to devices [4]. Moreover, spectroscopic information can be used to
discriminate between different chromophores in a sample (e.g., biological labeling) [5]. Thus,
there is a strong need for multi-dimensional (i.e., temporal, spectral, spatial) FLIM set-ups with
picosecond resolution.
Time-resolved multispectral imaging (from tens of picoseconds to nanoseconds) generally

relies on a point detector or a linear array coupled to a spectrometer and a time-correlated
single-photon counting (TCSPC) board. Building an image requires translation of the sample, or
its optical scanning. Although coming at a much higher cost, a streak camera detector allows
temporal and spectral information to be acquired for each point with excellent temporal resolution
(a few picoseconds), which can then be coupled with a scanning system. By not including the
spectral information, one-dimensional (1D) imaging (i.e., along a line) can be acquired, and
spectral information can be obtained by sequential measurement of images at different emission
wavelengths. Intensified charge-coupled devices equipped with electronic gating that acts as a
fast shutter are 2D imagers that allow direct acquisition of a gated image. However, they have
lower temporal resolution due to the limited instrumental response function (greater than a
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few hundreds picoseconds) and a limited number of temporal and spectral points given by the
serial acquisition of the gated and spectral images, respectively. Single-photon avalanche diodes
arrays are low-cost systems with ∼50-ps time resolution, but they have limited spatial resolutions
(∼ 32×32 pixels), low filling factors (<5%), and long readout times [6].

During the last decade, the advent of compressed sensing theory led to the emergence of
new imager architectures, which include the single-pixel camera (SPC) [7, 8]. The 2D imaging
capabilities of a SPC are due to exploitation of a 2D spatial light modulator (SLM) coupled with
a single-point detector. A SPC essentially measures the inner product of the scene and a sequence
of SLM patterns. Through the post-processing of the resulting dataset, the image of the scene can
be recovered [9]. Strategies for SPC image recovery include compressed sensing, basis scans,
and adaptive basis scans. While compressed sensing theory provides an excellent theoretical
framework for single-pixel imaging, it requires a time-consuming image reconstruction step.
Basis scans on a predetermined basis (e.g., Hadamard, Fourier, discrete cosine transform) benefit
from rapid inverse transformation for image reconstruction [10–12], but they suffer from long
acquisition times. Like basis scans, adaptive basis scans benefit from rapid image recovery, but
as only the most significant SLM patterns are acquired, they have much shorter acquisition times
– or improved image resolution for a given acquisition time [13–15].

Systems based on SPCs have been shown to be suitable for a wide range of applications, such
as remote imaging, hyperspectral imaging, and video acquisition [16–21]. As a consequence,
there has been increasing interest in both the signal processing and the optics communities,
particularly also due to their compactness and low cost, and to the high-quality images they
can provide. Interestingly, a significant advantage of SPCs over the traditional architecture
is seen for time-resolved imaging. Indeed, coupling of the point detector of a SPC with a
TCSPC board [22, 23] can provide in a low-cost time-resolved system with higher temporal
resolution compared to time-gated intensified charge-coupled device cameras [24]. Moreover, as
recently shown, addition of a spectrometer and a time-resolved linear detector then provides a
time-resolved hyperspectral imager [21].

In this paper, we describe a multispectral time-resolved SPC system that exploits an adaptive
acquisition strategy. In particular, as the SLM patterns are adapted to the scene, the image
resolution is improved and the acquisition time is reduced. We demonstrate this approach
experimentally by imaging the propagation of a laser pulse in a fluorescent solution, and by
performing FLIM measurements. Section 2 gives the mathematical modeling of the time-resolved
multispectral SPC acquisitions and presents our adaptive acquisition strategy, which we refer
to as ’adaptive basis scan by wavelet prediction’ (ABS-WP). Moreover, Section 2 presents the
experimental set-up, along with the phantom considered. Section 3 reports on the associated
experimental results, with some discussion. Finally, our conclusions are reported in Section 4.

2. Material and methods

2.1. Experimental set-up

The experimental set-up is illustrated in Fig. 1. This includes a pulsed supercontinuum laser
source (SuperK Extreme EXW-12; NKT Photonics) with an adjustable repetition rate (2-80
Mhz) and a power of up to 1200 mW in the visible spectral range. The repetition rate of the
pulsed laser is chosen as 40 MHz. A tunable wavelength filter (SuperK Select; NKT Photonics)
is coupled to the laser to select the correct wavelengths for illumination of the object. The spatial
light modulator is a digital micro-mirror device (DMD). In particular, the image of the object is
formed on a 1024 × 768 DMD (DLP7000-V7001; Vialux) via Lens 1 ( f = 60 mm). The light
that is reflected from the DMD is collected via Lens 2 ( f = 25 mm), which focuses the light onto
a 5-mm-diameter fiber bundle that goes to the spectrometer through a 1×10 mm2 rectangular
entrance slit. The spectrometer is composed of a diffraction grating (600 lines/mm) that disperses
the light into Λ = 16-channel photomultiplier detectors (PML-16-1; Becker & Hickl GmbH).
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Fig. 1. Experimental set-up. The object is illuminated in reflectance geometry and the light
emerging from the DMD is collected by a multispectral time-resolved detector.

The 16 spectral channels range from 505 ± 5 nm to 655 ± 5 nm, with a 10-nm step. The TCSPC
board (SPC-630; Becker & Hickl GmbH) with 4096 time channels is coupled to the detectors. To
adaptively acquire the dataset, the in-house software alternates between two programs: a Matlab
program that processes the data and predicts the next DMD patterns to acquire; and a Labview
program that controls the set-up acquisition. To increase the signal-to-noise ratio, the TCSPC
time channels are binned, so as to have T = 60 time channels that range from 0 ns to 18.00 ns.

2.2. Sample preparation

Two samples are considered. First, two cuvettes are imaged, which are filled with Coumarin
540 (excitation peak, 460 nm; emission peak, 505 nm) and the laser dye DCM (excitation peak,
468 nm; emission peak, 624 nm) dissolved in ethanol. Secondly, another sample is imaged, as
depicted in Fig. 3(a). This sample contains three regions that have different temporal and spectral
characteristics. Each region has a different shape, which simplifies their identification on the
image. The diameter of the circle is 1 cm, the sides of the square are about 1 cm, and the wave is
2.3 cm long and 0.7 cm wide. The circle region contains the laser dye (DCM) deposited on white
paper, the square region is made of red fluorescent plastic (excitation peak, 520 nm; emission
peak, 625 nm), and the wave region is made of green fluorescence plastic (excitation peak, 464
nm; emission peak, 525 nm). Based on these characteristics, the excitation wavelength band of
470 nm to 490 nm is selected, and a long-pass filter (FEL500; ThorLabs) is added between Lens
2 and the spectrometer, to filter out the excitation light.

2.3. Image acquisition, reconstruction, and analysis

Multispectral time-resolved imaging provides a 4D map F(x, y, λ, t), where (x, y) are the spatial
coordinates, λ is the wavelength, and t is the time. We denote F ∈ RD×ΛT as the discrete 4D
cube, where D is the number of pixels, Λ is the number of spectral bins, T is the number of time



channels, and fλ,t ∈ RD×1 is the image in the λ-th spectral channel and t-th time channel. Here,

F =
(
f1,1, . . . , fλ,t, . . . , fΛ,T

)
. (1)

We denote mk ∈ R1×ΛT as the signal measured for the k-th SLM pattern pk ∈ RD×1.
For a sequence of K patterns P = (p1, . . . , pK ) ∈ RD×K , the measurement matrix M =

(m>1 , . . . ,m
>
k
, . . . ,m>K )> ∈ RK×ΛT is experimentally measured. This measures the inner product

of the scene and the SLM pattern. Mathematically,

M = P>F∆t . (2)

where ∆t (in s) is the collection time for a single measurement. The total acquisition time (in s) is
K∆t.
The SPC image reconstruction problem is to invert Eq. (2), i.e., to recover the image F from

the measurements M, with the patterns P [9] known. In this paper, we use ABS-WP [15] to
both design the pattern sequence P and reconstruct the image F. The SPC directly measures
the coefficients of the wavelet transform of the image. As the wavelet transform leads to sparse
representation of signals [25], only a few wavelet patterns are required (i.e., K � D). ABS-WP
tracks the location of the significant wavelet coefficients during the acquisition. It first acquires
a coarse approximation of the image, and then it predicts and acquires details at increasing
resolutions. The prediction step is performed on intensity measurements (i.e., after spectral and
temporal integration of the raw measurements). The user controls the image compression ratio
(CR = 1 − K/D) through simple parameters. This implementation is based on the open-source
SPIRIT toolbox [26].
The 4D cube F is analyzed using a global data analysis approach [27]. First, the 4D cube

is integrated over the spatial coordinates and a singular-value decomposition is performed,
to determine the number of significant temporal components. Then, the data are fit to the
multi-exponential model,

F(λ, t) =
M∑
m=1

Am(λ) exp
(
− t
τm

)
, (3)

where M is the number of exponential components in the image, Am is the spectra of the m-th
component, and τm is its lifetime.

3. Results and discussion

To demonstrate the imaging capability of the system proposed here, a light beam selected from
a supercontinuum source (λ = 480 nm) excites two cuvettes that are positioned side by side
and are filled with Coumarin 540 and DCM. The excitation optical path is perpendicular to the
cuvettes. Figure 2 shows three different time-resolved acquisitions (with no spectral resolution
here). Figure 2(a) is a full basis scan on a 32 × 32 Le Gall wavelet basis, which requires
K = 32 × 32 = 1024 measurements. Figures 2(b) and 2(c) are recovered using an adaptive
scan with 64 × 64 Le Gall wavelet patterns. All patterns have been acquired for ∆t = 1 s. The
compression rate is set to a compression ratio of 75% in Fig. 2(b), and to 85% in Fig. 2(c), which
leads to 1024 and 614 measurements, respectively. A full basis scan with 64 × 64 patterns would
require K = 64 × 64 = 4096 measurements. This shows that an adaptive strategy is of great
importance, to improve image resolution while lowering total acquisition time.

Then, to demonstrate the spectral and temporal capabilities of this set-up, the sample shown in
Fig. 3(a) is imaged. The continuous-wave image is first analyzed, as recovered from the raw data
integrated over t and λ. In this experiment, ∆t was set to 2 s. Figures 3(b)-3(e) show the different
continuous-wave images obtained during the acquisition using the ABS-WP technique. Here, the
SLM patterns are chosen among a Daubechies wavelet basis, and the compression rate is set to a
compression ratio of 93%.
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Fig. 2. Time-resolved imaging of a laser pulse that propagates in two adjacent cuvettes, filled
with Coumarin 540 and DCM. (a) Full basis scan acquisition of a 32 × 32 image (1024
measurements). (b, c) Adaptive acquisitions of a 64 × 64 image using adaptive basis scan by
wavelet prediction with compression ratios of 75% (1024 measurements) (b) and 85% (614
measurements) (c). Using an adaptive approach, a higher resolution image can be obtained
with fewer measurements, compared to a basis scan approach.

(a) (b) (c) (d) (e)

Fig. 3. Adaptive basis scan by wavelet prediction acquistion. (a) Picture of the sample.
(b-e) The 64 × 64 continuous wave images (compression ratio, 93%) recovered during the
acquisition, after 16 measurements (b), 64 measurements (c), 227 measurements (d), and
286 measurements (e).

Then, we analyse the spectral and time-resolved images that are recovered by integration of
the raw data over t and λ, respectively. With a compression rate as high as 93%, this adaptive
set-up allows temporal and spectral stacks to be acquired with very good image resolution. The
three different regions of interest (i.e., circle, square, wave) can be easily identified. Figure 4
shows the 64 × 64 images that are acquired in different spectral and time channels. In the spectral
images of Figs. 4(a)-4(c), only the wave stands out in the λ = 525-nm wavelength channel, and
it disappears in the λ = 625-nm wavelength channel. The situation is the other way around for
the square and circle shapes, which is consistent with the excitation and emission peaks of the
fluorophores. Moreover, the time-resolved images in Figs. 4(d)-4(f) show that the fluorescence
signal decays much faster in the circle region than in the other two regions.
Figure 5 shows how the fluorescence signal behaves spectrally (Fig. 5(a)) and temporally
(Fig. 5(b)) in each of the regions of interest. Each of the dotted vertical lines in Fig. 5 corresponds
to an image shown in Fig. 4. The temporal curves of Fig. 5(b) all decay exponentially, with a
rate that is much faster for the circle than for the other two regions of interest. This is consistent
with Figs. 4(d)-4(f), where the circle disappears in the later gates, and with the lifetimes of
the fluorophores. Overall, discrimination between these three regions of interest requires both
spectral and temporal information.

Finally, we analyze the multispectral time-resolved dataset by adopting the global data analysis
approach described in Section 2.3. The singular value decomposition indicates the presence
of M = 3 temporal dynamics (τ1 = 7.5 ns, τ2 = 1.3 ns, τ3 = 0.4 ns). This corresponds to three
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Fig. 4. Spectral and temporal fluorescence images recovered using an adaptive scan (com-
pression ratio, 93%). (a)-(c) Spectral images in different channels. (d)-(f) Time-resolved
images in different time channels.
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Fig. 5. Spectra (left) and temporal (right) decay in each of the three regions of interest. The
dotted vertical lines correspond to the time/ wavelength channels of the images shown in
Fig. 4.

decay-associated spectra (A1(λ), A3(λ), and A3(λ)) that show two peaks at λ1 = 525 nm and λ2 =
625 nm, which correspond to the emission peaks of the three chromophores. Afterwards, the
multispectral time-resolved data are fitted pixel-by-pixel to Eq. (3), assuming that the lifetimes
are in the range τm ± 10%. Figure 6 shows the amplitude images at λ1 and λ2. The square and
wave regions of interest are recovered with the same lifetime τ1 and with different emission
peaks. The intermediate decay τ2 is strongly present at λ2. Finally, the fastest decay τ3 has a
negligible contribution to all of the images, and it probably originates from the instrumental
response function. These results show that the three regions of interest can be recovered without
any a-priori knowledge of the images.

In this study, a time-resolvedmultispectral imaging system based on an adaptive SPC framework
is proposed and validated experimentally. As already shown is [15] for continuous wave images,
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Fig. 6. Images of the decay-associated spectra A1 (left images), A2 (middle images), and A3
(right images) for λ1 = 525 nm (top images) and λ2 = 625 nm (bottom images).

the use of an adaptive technique allows rapid acquisitions with fewer measurements (i.e., high
compression rates) and straightforward image restoration. Conventional nonadaptive approaches
would suffer from long acquisition and image restoration times, especially for high resolution
images. Our ABS-WP method significantly reduces the number of patterns by adapting them to
the object under view. Predicting the next patterns with the ABS-WP approach requires a few ms,
which is negligible with respect to the acquisition time. Setting ∆t to 1 s, the full basis scan in [21]
requires 64 × 64 × 1 s= 4096 s, while our adaptive basis scan with a compression ratio of 93%
requires only (1 − 0.93) × 64 × 64 × 1 s = 286 s. Overall, the drastic reduction of the acquisition
and reconstruction times provides time-resolved fluorescence spectroscopy that has imaging
capabilities, with this generally performed as single points or in homogeneous solutions, to study
dynamic processes at the molecular level. Hence, we foresee applications mainly in the field of
multispectral FLIM, for the study of biological samples at microscopic (cellular) and macroscopic
(tissue) levels. The main limitation of the system is the shared count-rate among the 16 channels.
Great improvements in terms of acquisition time and signal-to-noise ratios can be obtained from
the use of a parallel detector, with each unit equipped with its own TCSPC electronics [28],
which allows the photon counting Poisson limit (∼ 5% of the laser repetition rate) to be reached
on each detector. Finally, it is worth noting that a strong bond between algorithm and system
development is a crucial aspect to fully exploit the capabilities of compressive imaging.

4. Conclusion

In this paper, we experimentally demonstrate time-resolved multispectral imaging by means of a
SPC using an adaptive scheme. The experiments were performed on samples with fluorophores
that have different emission spectra and lifetimes. With a compression rate as high as 93%,
this set-up recovers spectrally and temporally resolved images that can discriminate between
the different fluorophores. Overall, single-pixel acquisition represents a good trade-off between
spatial, temporal, and spectral resolutions. An adaptive strategy such as the adaptitve basis scan
by wavelet prediction is motivated by the speed of acquisition. This multi-dimensional approach



represents an important asset for biological imaging of tissues, and for microscopy.
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