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Abstract
Raman microscopy is a powerful method combining non-invasiveness with no special sample preparation. Because of this

remarkable simplicity, it has been widely exploited in many fields, ranging from life and materials sciences, to engineering.
Notoriously, due to the required imaging speeds for bio-imaging, it has remained a challenge how to use this technique for
dynamic and large-scale imaging. Recently, compressive Raman has been put forward, allowing for fast imaging, therefore
solving the issue of speed. Yet, due to the need of strong a priori information of the species forming the hyperspectrum, it
has remained elusive how to apply this technique for microspectroscopy of (dynamic) biological tissues. Combining an original
spectral under-sampling measurement technique with matrix completion framework for reconstruction, we demonstrate fast
and inexpensive label-free molecular imaging of biological specimens (brain tissues and single cells). Therefore, our results open
interesting perspectives for clinical and cell biology applications using the much faster compressive Raman framework.

Raman imaging is a simple label-free approach that ex-
ploits the intrinsic vibrational spectra of species as their
fingerprint. It has been widely applied in various biologi-
cal specimens [1], ranging from chemically selective imag-
ing of cells [2–5] to spectroscopic detection of patholo-
gies [6, 7], bacteria [8, 9], and algae [10], to cite a few
examples. However, the spontaneous Raman process is
a weak effect, therefore demanding costly and sensitive
multi-pixel cameras with dispersive spectrometers. Such
cameras limit dynamic applications where fast imaging is
required, due to slow readout speed, and associated elec-
tronic noise. Apart from this technological bottleneck,
the huge data sizes of hyperspectroscopy are an issue for
real-life applications, due to data storage and display of
large specimens hyperspectra (3D object as presented in
Fig. 1.A).

Recently, compressive Raman has been suggested to
overcome data size and imaging speed limitations [11–
14]. Compressive Raman is based on concepts of the
emerging field of compressive sensing, which exploits new
sampling paradigms based on experimental undersam-
pling followed by computational reconstruction. In gen-
eral, two strategies exist in compressive Raman: super-
vised [12, 15–17] and unsupervised compression [13, 18].
Both concepts are based on the fact that the hyperspec-
trum H typically contains a small number of distinguish-
able chemical signatures, that is, it is extremely ”chem-
ically sparse” (Fig. 1.B). Mathematically, this is equiva-
lent to say that H is a low-rank matrix. Hence, from few
data samples, the complete hyperspectrum can be recon-
structed without loss of fidelity [12, 15]. On the one hand,
the unsupervised approach is the most appealing as it re-
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quires low a priori information for computational recon-
struction. However, current implementations of unsuper-
vised methods are based on wide-field geometries [18] and
have unrealistic computational reconstruction times [19];
These two aspects preclude deep, dynamic and large-
scale spectroscopic imaging of opaque biological samples.
On the other hand, various demonstration of the su-
pervised approach have shown high level of data com-
pression with imaging speeds much faster than allowed
by conventional camera-based technologies. The super-
vised method exploits the eigenspectra of H (Fig. 1.B,
rightmost spectra), as a priori information, to develop
optimized spectral filters for fast, accurate, and precise
chemical abundances determination [15, 20]. Neverthe-
less, this supervised method fails in chemically changing
environments, as the ”eigenspectra library” may evolve.

We present a new methodology based on the low-rank
character of H to allow for fast chemical imaging of bio-
logical specimens. The method is based on a fast random
undersampling scheme, which is a prerequisite for using
the framework of matrix completion [21] (Fig. 1.C). The
key computational concept is based on the factorization
H = USVᵀ, where S is a diagonal matrix related to
the rank of H, and the eigenvectors U and V repre-
sent the ”eigenimages” and ”eigenspectra”, respectively
(Fig. 1.B). Since H is typically low-rank in Raman bio-
imaging [3], a completely sampled H means that highly
redundant information is acquired; in other words, each
spatial point is a simple linear combination of the few
eigenspectra. Therefore, one can undersample H and use
established and efficient algorithms of low-rank matrix
completion estimation to ”fill-in” the missing samples. A
powerful advantage of the computational framework for
chemical analysis is that it outputs a reduced dimension
representation, which is ultimately desired for real-life
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FIG. 1. Concept proposed. In Raman microspectroscopy, the hyperspectrum tensor (A) has a matrix representation H (B,
leftmost panel). H can be factorized into matrices U, S, V, which have considerably lower sizes than H, that is, H is
low-rank. Therefore, one can considerably undersample H (C) and use recent signal processing algorithms so-called matrix
completion for computational reconstruction. In our development (D), instead of using a spectrometer with costly cameras
(left panel), H is under-sampled at high speed using a programmable spectrometer (right panel) that selects spectral bins (in
the canonical representation), or a combination of spectral bins (in the multiplex approach), at random, but ensures uniform
spatial sampling for high-sensitivity imaging. The lower panels illustrate the image plane spatial scanning and upper panels
spectrometer wavelength sampling.

applications (for instance, this could avoid a specialist in
vibrational spectroscopy for interpretation).

RESULTS

We first describe the experimental methodology for
fast random sampling scheme (Fig. 1.D). Basically, it
consists of a standard confocal Raman microscope, which
allows for opaque samples observations, coupled to a re-
cently developed high-throughput programmable spec-
trometer (see Methods) [22], thus enabling high sensitiv-
ity bio-imaging. Briefly, the costly cameras of a conven-
tional spectrometer are replaced by a digital micromirror
device (DMD) that can select wavelength bins to be de-
tected with a highly sensitive single-pixel detector. As
the focus moves, with step size smaller than the point-
spread function (PSF) of the microscope, we concomi-
tantly sample spectral bins randomly. Using this sam-
pling strategy, we effectively sample several spectral com-
ponents (alternatively, other basis can be used, e. g.
Hadamard basis) for every spatial pixel in the hyper-
spectral image. We then obtain a (raw) matrix that is
transformed in the un-complete Hexp, that is, in a spa-
tial coordinates (x, y) vs. spectral coordinates (ν) (see
the missing boxes in Fig. 1.C). By using this random
hyperspectrum fast sampling methodology, Hexp can be
readily processed using off-the-shelf algorithms [21, 23].
The algorithm then outputs a singular value decomposi-
tion (SVD) of H, which we use for post-processing in a
conventional manner used in Raman imaging. Alterna-
tively, we also use non-negative matrix completion algo-

rithms [23] based on the factorization H = XY, where X
and Y are non-negative matrices, motivated by the fact
that Raman spectra are necessarily non-negative. Hence,
this constraint may help to get a better reconstruction.

This methodology allows for fast imaging, with quasi
instantaneous reconstruction speeds in low signal-level
scenarios, typical of biological specimens. We first bench-
mark the approach with standard polymer beads (see
Methods). Fig. 2.A shows a representative undersampled
hyperspectrum (Hexp) together with its recovered com-
pleted spectrum (H). The averaged spectra (Fig. 2.B)
of the merged images (Fig. 2.C) shows the characteristic
peaks of polystyrene (green), and the background (red) as
a superposition of the water and glass coverslip spectra.
The combined pseudo-color image (Fig. 2.C) reveals that
both species are anti-correlated as expected (the beads
are larger than the microscope PSF). Fig. 2.C also shows
the effect of compression ratio. High level compression is
obtained at the expense of increased noise in the recon-
struction [24]. This is clearly seen by the loss of fidelity
upon compression, nevertheless, high chemically selective
images are achieved. Finally, the key advantage of the
matrix completion algorithm is its reconstruction time
which eventually allows for dynamic specimens imaging.
Using standard laptop computers, we reconstruct the
complete hyperspectrum at a rate of 8 ms/pixel (spatial).

The confocal geometry used here allows high-
sensitivity imaging of biological specimens with z-
sectioning. We imaged cheek cells as a demonstration for
cell sensitivity microspectroscopy (Fig. 3.A). For that, we
only spectrally scanned the C-H stretch region as previ-
ous studies have shown this spectral region to be sensi-
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tive for cell compartments analysis [2, 25]. The images
generated from integrated C-H stretch peaks reveal mul-
tiple morphological features, such as the nucleus, mem-
branes and small organelles. Closer inspection of aver-
age spectra of selected locations (Fig. 3.A, lower panel)
shows the expected trend in the C-H stretch intensity
ratios R = I2930

I2850
, which has been previously shown to re-

port on the protein (high R) and lipid (low R) content.
We observe that the organelle could be potentially as-
signed to lipid droplets and, interestingly, the cell mem-
brane contains an intermediate ratio suggesting a mix-
ture of proteins and lipid membranes. We also imaged
opaque brain slices, recovering the expected sample mor-
phology of tubular structures surrounded by continuous
regions (Fig. 3.B). The eigenimages from a SVD analysis
(Fig. 3.B, lower left panels) show that the most significant
species are separated in tubular and non-tubular mor-
phologies. Remarkably, the averaged spectra (Fig. 3.B,
top right panel) based on these images reveal that these
two structures have high lipid content (green, low R) and
high protein content (red, high R), in agreement with the
chemical morphology of brain tissues: tubular structures
are myelins made of lipids surrounding the axons rich in
protein.

DISCUSSION

We presented an unsupervised compressive Raman ap-
proach that enabled compressed imaging of biological
specimens. The success relies in the combination of a
new scanning methodology with the matrix completion
framework. Since the method is based on a confocal ge-
ometry, it could in principle be used for imaging opaque
samples at depth. It does not require any a priori knowl-
edge of the hyperspectrum, apart from being low-rank
which, in fact, is fulfilled even under chemically complex
scenario of biological specimens [3]. Furthermore, the
computational framework provides fast reconstruction,
suitable for imaging dynamic and large-scale specimens,
two aspects that are often faced when imaging biolog-
ical tissues. Such high-speed reconstruction could not
be achieved in previous algorithms of unsupervised com-
pressive spectroscopy as they require storage and mul-
tiplication of full rank matrices (i. e. leading to slow
reconstruction and large memory consumption) [19]. Fi-
nally, similar to previous compressive sensing algorithms,
we observed that higher compression lowers reconstruc-
tion fidelity [24], however, a highly chemically contrasted
image could still be obtained. Note that spatial averag-
ing allows to obtain cleaner spectra that can be used with
the supervised approaches (see below).

Future modifications of the spatial scanning methodol-
ogy can provide considerably higher speeds. In the cur-
rent implementation, the effective pixel dwell time was
limited by the scanning stage, rather than photon bud-
get, meaning that ultimately the method can be shot-
noise limited at high-speeds. Therefore, higher frame

rates can be achieved by exploiting galvo scanners. We
note that documented scanning methods of supervised
approaches [16, 17, 20] were based on a single spectral
realization per image. Hence, they are not compatible
with the matrix completion framework.

In conclusion, we have presented a new methodol-
ogy for enabling compressive Raman bio-imaging. Apart
from the inherent data size compression, the method is
fast with reconstruction time negligible compared to im-
age acquisition time, and inexpensive compared with al-
ternative methods, with potential for much faster imag-
ing speeds. We further showed that it is compatible
with opaque samples imaging. We anticipate that the
most powerful application will be to use the unsuper-
vised approach as an input for the supervised ones, since
it can lead to few seconds imaging speeds. This aspect
is demonstrated in a proof-of-principle experiment pre-
sented in Fig. 3.C: based on the eigenspectra learned
from one tissue (Fig. 3.B), we could image a second tis-
sue at high-speed (Fig. 3.C) exploiting optimized spec-
tral filters (supervised compressive Raman) [12, 16]. This
combination of methods resulted in 64 times data com-
pression, and imaging speeds surpassing current camera-
based technology. Therefore, the methodology presented
here paves the way for fast clinical imaging using the
inexpensive spontaneous Raman effect.

METHODS

Sample preparation. Polymer beads were prepared by
drop-casting colloidal suspensions, with low polydisper-
sity (Polysciences Inc.), on a coverslip sealed with water.
Mouse cerebellum brain slices (thickness 500 µm) were
fixed in an agarose solution with pbs buffer and sodium
azide. Cheek cells were extracted from a male donor, and
further dispersed with physiological saline solution to re-
duce the local concentration of debris before imaging. No
fixation method was used for the cell imaging.
Optical set-up. A thourough description of the Raman
microscope and its high-throughput compressive spec-
trometer can be found elsewhere [22, 26]. Briefly, a
532 nm-wavelength excitation laser (Oxxius LCX-532) is
steered into an inverted microscope (Nikon Eclipse Ti-U)
equipped with a high-NA oil-immersion objective (Nikon
60X/1.4NA). Samples are scanned with a nm-resolution
piezoelectric translation-stage (Physik Instrumente P-
545.3R7). The inelastically scattered light is guided with
a multimode fiber into the home-built compressive spec-
trometer [22], based on a traditional Czerny-Turner de-
sign, however exchanging the usual high-sensitivity cam-
eras for a programmable spectral filter (DMD, V-7001,
ViALUX, 0.7” XGA resolution) which selects the various
wavelength to be detected by a photon-counter module
(SPCM-AQRH-44, Excelitas Technologies). The master
clock is provided by the scanner stage, which triggers the
exposition of the spectral masks (DMD) and detector ac-
quisition.
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Computational techniques. Different algorithms were
used for the analysis. They are based on either soft-
threshold SVD [27] or non-negative matrix factoriza-
tion [23]. In general, we chose reconstructions with
ranks between 2-5, as previous results have suggested [3].
In practice, we noticed that higher rank solutions only
added noise to the reconstructed hyperspectrum. For
Fig. 3.C, the output of the matrix completion was passed
to a standard SVD algorithm, to generate the eigenim-
ages, in turn used for generating the spectra (Fig. 3.B)
for input of the supervised approach [15, 16]. For the
spectral sampling domain, we have used two spectral ba-
sis set for the spectral domain: a canonical (Fig. 2) and
Hadamard basis (Fig. 3).
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FIG. 2. Proof-of-principle experiments. (A) Experimental hyperspectrum, before reconstruction, of polymer beads spread
over a glass coverslip and embedded in water. In this particular example, only about 12% of experimental samples have
been acquired, as clearly seen in the zoomed in region (bottom left panel). After computational reconstruction a high-fidelity
hyperspectrum is achieved (bottom right panel). (B) Average spectra of regions containing beads (green) and water plus glass
(red). (C) Chemically selective images merged, following the colorcode of (B), for different level of compression (indicated on
top of each panel). Effective pixel dwell time (left to right): 5.7, 6.2, 7.3 ms. Scale bars: 20 µm.
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FIG. 3. High-sensitivity bio-imaging of opaque and optically clear specimens. (A) High-sensitivity image of a cheek cell from
integrated C-H stretch spectral region (2800-3000 cm−1). (lower panel) The averaged background-corrected spectra in three
regions of the cell, namely nucleus, membrane and round organelles. Effective pixel dwell time: 18.8 ms. Compression: 2.4.
(B) Compressed Raman microspectroscopy of opaque brain tissue. (upper left panel) lipid-rich (red) and protein-rich (green)
images, merged from their eigenimages (lower panels). The respective averaged spectra based on the eigenimages (upper
right panel), highlighting the lipid-rich and protein-rich C-H stretch spectra differences (inset). Effective pixel dwell time:
19.6 ms. Compression: 2.4. (C) Supervised compressive Raman microspectroscopy images, using optimized filters based on the
eigenspectra in (B). Note that samples in (B) and (C) are different, however both are from cerebellum tissues. Effective pixel
dwell time: 0.4 ms. Compression: 64. Scale bars: 20 µm.

7


