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ABSTRACT: Hyperspectral stimulated Raman scattering
(SRS) imaging has rapidly become an emerging tool for
high content analyses of cell and tissue systems. The label-free
nature of SRS imaging combined with its chemical speciﬁcity
allows in situ and in vivo biochemical quantiﬁcation at
submicrometer resolution without sectioning and staining.
Current hyperspectral SRS data analysis methods are based on
either linear unmixing or multivariate analysis, which are not
sensitive to small spectral variations and often provide obscure
information on the cell composition. Here, we demonstrate a
spectral phasor analysis method that allows fast and reliable
cellular organelle segmentation of mammalian cells, without
any a priori knowledge of their composition or basis spectra. We further show that, in combination with a branch-bound
algorithm for optimal selection of a few wavenumbers, spectral phasor analysis provides a robust solution to label-free single cell
analysis.
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direct mapping of chemical composition provided that a priori
knowledge of system composition and spectral calibration of
individual chemical species are available. In comparison,
multivariate analysis such as principle component analysis
does not require a priori information, but it results in maps that
may not directly correspond to individual chemical components
or cellular components, which can complicate interpretation.
Here, we report a spectral phasor analysis method that provides
fast and reliable subcellular organelle segmentation. In addition,
we demonstrate that eﬀective data reduction without sacriﬁce in
segmentation quality can be achieved with a branch/bound
algorithm for optimal selection of wavenumbers, allowing for
more than 10-fold speedup in imaging.
Phasor analysis in optical imaging was ﬁrst introduced by
Clayton for the analysis of ﬂuorescence lifetime imaging
(FLIM) data.17 Later on, Gratton demonstrated its great
potential in simplifying the analysis of FLIM and FRET
images.18,19 FLIM data collected in the time domain often
exhibit complex nonexponential decay behavior. Simple
exponential ﬁtting is prone to error and requires expertise.
The phasor analysis transforms the histogram of the time delays
at each pixel to a single point on a polar plot, which signiﬁcantly
simpliﬁes the analysis and presents a graphical global view of
the processes aﬀecting the ﬂuorescence decay occurring at each
pixel. Because the phasor analysis is a data representation
method, it is not restricted to ﬂuorescence lifetime data.

aman spectroscopy is a powerful technique for chemical
identiﬁcation and quantiﬁcation. Many biological applications of Raman microspectroscopic imaging have beneﬁted
greatly from its label-free nature and chemical speciﬁcity.1−5
Recent developments in confocal Raman imaging have enabled
visualization of many diﬀerent subcellular organelles with
increased contrast. 6,7 However, the imaging speed is
fundamentally limited by the weak Raman scattering crosssection. Rapid developments in coherent Raman microscopy in
recent years provide excellent alternatives to confocal Raman
imaging with substantial improvement in imaging speed.8,9 Two
diﬀerent coherent Raman imaging techniques are commonly
used: coherent anti-Stokes Raman scattering (CARS) and
stimulated Raman scattering (SRS). While both techniques are
capable of imaging cells and tissue at submicrometer resolution
with high speed, SRS oﬀers a distinctive advantage in preserving
the spectral ﬁdelity of Raman and provides easier quantiﬁcation
without any need for a complicated spectral retrieval
procedure.10,11
Hyperspectral SRS (hsSRS) imaging requires either scanning
the Raman shift sequentially or probe discrete spectral regions
of the Raman spectrum simultaneously (also known as
multiplex).12 Most recently, a number of groups have
demonstrated hsSRS imaging based on spectral scanning.13−16
Diﬀerent lasers and scanning mechanisms were used to achieve
sequential Raman shift tuning to reconstruct Raman spectra at
individual pixels. The spectral noise associated with sequential
scanning may reduce the spectral ﬁdelity. Nonetheless, all
methods have been shown to be able to enhance subcellular
organelle contrasts using either linear analysis or multivariate
analysis in the C−H stretching region. Linear analysis allows
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Figure 1. (A) hsSRS images of four diﬀerent chemical species in solutions: palmitic acid, oleic acid, cholesterol, and protein. Images span from 2830
to 3050 cm−1 with a total of 40 frames; (B) Average SRS spectra of the four chemical species; (C) Phasor plot of the four hsSRS data sets; (D)
Phasor plot of the 20-frame hsSRS images of ﬁve palmitic acid/oleic acid mixture solutions. The dotted yellow box shows a zoomed-in image of the
phasor clusters; (E) Comparing the calculated percentage of oleic acid in the mixtures using phasor analysis with that from using linear analysis; (F)
Phasor plot of the ﬁve solutions using only 10 frames from 2940−3050 cm−1.

Recently, it has been adapted successfully for ﬂuorescence
spectral imaging and pump−probe imaging.20,21 Polar plot
representation has been used previously for hyperspectral
CARS imaging to show nonresonant background induced
phase-variation.22 However, in that case, each point on the
polar plot represents a single Raman frequency, not the entire
spectrum, which is diﬀerent from the phasor analysis.
hsSRS imaging with its label-free nature and rich spectral
information naturally lends itself to the phasor analysis. The
three-dimensional (3D) hsSRS data stack can be transformed
into a two-dimensional phasor plot based on simple Fourier
Transform (for details, see Supporting Information). Each
point on the phasor plot (also called the phasor) corresponds
to a SRS spectrum at a particular pixel. The spatial closeness of
any two phasors is determined by their spectral similarity.
Therefore, a cluster of phasors can be mapped back to an area
in the sample image with closely resembled Raman spectra. By
dividing the phasor plot into a number of clusters, a sample
image can be segmented into diﬀerent areas grouped by their
Raman spectra. We adapted an ImageJ macro developed by
Fereidouni20 to perform phasor analysis on our hsSRS data
acquired by a spectral focusing SRS setup.16
We ﬁrst evaluate the capability of spectral phasor analysis in
distinguishing diﬀerent chemicals in solution. hsSRS imaging
data spanning the C−H stretching region were acquired (see
Supporting Information on data acquisition). Four chemical
species purchased from Sigma-Aldrich were measured: oleic
acid, palmitic acid, cholesterol, and protein (bovine serum

albumin). Figure 1A shows the hsSRS images of the four
chemicals in CDCl3 solution at 10% w/v concentration (except
for protein, which is dissolved in deuterated water). The
average SRS spectra of each species are plotted out in Figure
1B. They all have broad Raman spectra within the C−H region
but diﬀer in spectral shape. Importantly, the four solutions can
be easily distinguished as four spatially separated clusters in the
phasor plot (Figure 1C). The protein cluster shows a larger
spread due to its lower SRS intensity.
Next, we demonstrate that, in the phasor plot, the phasor of a
mixture of two diﬀerent species exhibits a linear relationship
with the phasors of the two individual species.20 We acquired
20-frame hsSRS images of oleic acid (10% w/v in CDCl3) and
palmitic acid (10% w/v in CDCl3) mixed at ﬁve diﬀerent ratios:
100%/0%, 80%/20%, 50%/50%, 20%/80%, and 0%/100%.
Each frame was 256 × 256 pixels. The SRS spectra of oleic acid
and palmitic acid only diﬀer slightly at the unsaturated C−H
stretching peak 3010 cm−1. In order to reduce the phasor
cluster size, the hsSRS images were averaged down to 128 ×
128 pixels. Figure 1D shows the phasor plot of the reduced
hyperspectral data sets. Five clusters are observed. They mostly
lie along a line with the top and bottom clusters representing
palmitic acid and oleic acid, respectively. To quantify the
concentration ratio, we located the central point of each cluster
and measured the relative distances of each cluster to the
clusters of oleic acid and palmitic acid. The result was
compared to simple linear ﬁtting (Figure 1E). We note that
the quantiﬁcation capability of a single phasor plot is marginally
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mostly lipids, protein, nucleic acids, and water. Phasor analysis
provides a graphical way of globally visualizing the spectral
variations of a cell due to compositional change and allows
users to interactively segment a cell based on the pattern of the
phasor plot. For the purpose of illustrating the important
features of a spectral phasor plot, we chose to use manual
segmentation (details of our rationale for segmentation is
shown in Supporting Information). The most notable features
of the phasor plots in Figure 2B are the two long tails. These
long tails are due to limited spatial resolution of SRS imaging
(Figure S1, Supporting Information). The pixels near the
surface of a lipid droplet or the surface of the cell show up with
varying degree of contributions from contents of the two sides
of the surface. As we have shown previously, phasors of mixed
species lie along a line with the two ends of the line determined
by the phasors of the two species. In the cell phasor plots, the
top long tails arise from varying lipid/protein composition near
the lipid droplet surface, and the bottom right long tails arise
from varying protein/water composition near the cell surface.
We segmented each long tail as one region of interest (ROI).
The rest were divided into four or ﬁve ROIs based on their
clustering patterns (the exact sizes of clusters are not critical for
segmentation, see Supporting Information and Figures S1−S2).
The segmented phasor plots of the three samples are shown in
Figure 2B1−3. Each ROI is assigned a diﬀerent color, which
color-codes the cellular region with phasors located in that
ROI. Figure 2C1−3 shows the color-coded cell images using
this manual segmentation method. The color-coding clearly
delineates many subcellular components of the cell based on
their morphological features and established SRS imaging
characteristics (Figure S3, Supporting Information). For
example, red, violet, blue, and cyan colors show lipid droplets,
nucleus, nucleoli, and cell membrane, respectively. Interestingly, we note that the phasor plot of the third sample has an
additional cluster (pointed out with a pink arrow) that does not
exist in the other two samples. That cluster arises from the
condensed chromosomes of a cell in its mitotic phase, which
changes the Raman spectrum when compared with that of an
interphase cell nucleus. The spectral change may be due to a
combination of increasing nucleic acid to protein ratio and
changing protein density. Although there is no obvious spectral
peak shift, the high sensitivity of phasor to spectral variation
enables reliable cell segmentation, even for the diﬃcult case of
identifying mitotic cells.
To compare the performance of spectral phasor analysis with
multivariate analysis,23,24 we performed principle component
analysis, K-means cluster analysis, and Ward’s agglomerative
cluster analysis of the hsSRS data set corresponding to Figure
2A3 (see details in Supporting Information). The results are
shown in Figure 2D−F, respectively. In all three cases, the
nucleus and mitotic chromosome features are not delineated as
clearly as that of spectral phasor analysis (Figure 2C3). In
addition, spectral phasor analysis has signiﬁcant speed
advantage: it is ten times faster than K-means clustering
analysis and more than a thousand times faster than Ward’s
agglomerative cluster analysis.
It is important to note that large hsSRS data sets are not
required for cell segmentation. We demonstrate this by downsampling our previously acquired hsSRS data set. Figure 3A−C
shows the phasor plot of the sample shown in Figure 2A3
down-sampled to 30, 20, and 10 frames, respectively. Clearly,
the overall shape of the phasor plots does not change with
down-sampling, but there is an increase of nucleus and

weaker than that of simple linear analysis. This is because
phasor analysis is a data reduction procedure and the phase plot
contains much less information compared to the full hyperspectral data set. Interestingly, we found that phasor analysis of
the hsSRS data containing only the last 10 frames from 2940 to
3050 cm−1 (where the largest spectral diﬀerences between oleic
and palmitic acids are found) can better quantify the
concentration compared with that obtained from the full 20frame hyperspectral data set (Figure 1F). This interesting
ﬁnding suggests added ﬂexibility in data acquisition because
current hsSRS imaging systems perform discrete spectral
scanning instead of parallel spectral acquisition.
To investigate the capability of spectral phasor analysis in cell
biochemical and morphological characterization, we acquired
hsSRS data of formaldehyde ﬁxed mammalian cells from 2810
to 3090 cm−1 for a total of 60 frames. The SRS images and
corresponding phasor plots (zoomed-in images) of three
diﬀerent cell samples are shown in Figure 2A,B. Even though
the cells show diﬀerent morphology, their phasor plots exhibit
remarkable similarity. The biochemical composition of a cell is

Figure 2. (A1−3) Maximum intensity projection (projecting the pixel
value with the highest intensity along the spectral axis onto a 2D
image) images of 60-frame hsSRS images from 2810−3090 cm−1 of
three diﬀerent cell samples; (B1−3) Zoomed-in phasor plots of hsSRS
data of the three samples. Yellow boxes show manual segmentation of
the plots based on their clustering pattern; (C1−3) Color-coded cell
images based on segmented phasor plots; (D) Principle component
analysis of the hsSRS data set of 2A3. Only the ﬁrst three principle
components are shown due to the excessive noise of latter
components; (E) Cell segmentation using K-means cluster analysis
with ﬁve clusters. More clusters result in background segmented into
two or more regions; (F) Cell segmentation using Ward’s
agglomerative cluster analysis with ﬁve clusters.
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ROIs results in a color-coded image (Figure 3I) similar to
Figure 2C3, proving the validity of using only four selected SRS
frames for cell segmentation. With our spectral focusing SRS
approach, this can be easily implemented by moving the
mechanical delay through a few predetermined positions.
In summary, to the best of our knowledge, we demonstrate
the ﬁrst use of spectral phasor analysis for hyperspectral Raman
data and show that high wavenumber hsSRS imaging in the C−
H stretching region (2800−3100 cm−1) is useful in distinguishing many diﬀerent subcellular components including lipid
droplets, nucleus, nucleoli, and membrane structures. The
method is more eﬀective than other multivariate analysis
methods in subcellular segmentation and provides faster speed.
Live cell analysis requires either faster imaging at video-rate or
line-by-line frequency tuning to reduce motion artifact.14,26
Because SRS imaging provides intrinsic 3D optical sectioning,
the spectral phasor analysis should be equally applicable to
tissue as well. It is important to point out that high spectral
resolution hyperspectral data is not required for segmentation
purposes; a few Raman images at discrete wavenumbers that
capture the largest spectral diﬀerence of chemical components
are as eﬀective as full high-resolution hyperspectral data in
distinguishing major subcellular structures. This allows
signiﬁcant speedup of the imaging process, which can be
readily implemented with spectral-scanning hsSRS, but not
confocal Raman or hyperspectral CARS. Nonetheless, the
spectral phasor analysis method presented here is applicable to
vibrational data acquired by any other method including
hyperspectral CARS, confocal Raman, and infrared imaging,
independent of their spectral coverage and spectral resolution.
However, a linear relationship between spectral intensity and
molecular concentrations is a prerequisite in spectral phasor
analysis. We believe that spectral phasor based cell
segmentation will be useful in biological and biomedical
imaging based on many diﬀerent forms of vibrational
microscopy. With the high sensitivity of phasor to small
spectral variation, the spectral phasor analysis could also be
used to monitor biochemical changes of cells or cell−drug
interactions.

Figure 3. (A−C) The eﬀect of wavenumber sampling frequency on
phasor analysis. Phasor plots of the 60-frame hsSRS data set of the cell
in Figure 2A3 is down-sampled to 30, 20, and 10 frames, respectively;
(D) Phasor plot of the 10-frame hsSRS data with 2 × 2 spatial
averaging; (E) Sampling of SRS spectra at ﬁve diﬀerent locations in the
cell marked with yellow boxes; (F) Corresponding average spectra of
the ﬁve ROIs; (G) Phasor plot of the 60-frame hsSRS data with 4 × 4
spatial averaging ; (H) Phasor plot of 4-frame SRS images at 2852,
2932, 2956, and 3088 cm−1 with 4 × 4 spatial averaging; (I) Colorcoded cell image mapped by automatic segmentation of H into 64
regions.

nucleolus cluster size, which decreases the ability of subcellular
segmentation. This can be partly compensated by spatial
averaging (Figure 3D). It is possible to use only a few selected
frames to segment the cell. However, optimal segmentation
requires acquisition of SRS images that reﬂect the largest
spectral variations among subcellular components. We selected
ﬁve diﬀerent ROIs and used their SRS spectra to determine
optimal wavenumbers (Figure 3E,F). We adapted a branch/
bound algorithm with determinant criterion that has been
previously used for optimal wavelength selection for multicomponent spectrophotometry.25 The branch/bound algorithm for ﬁnding the optimal set of wavelengths involves
partition of feasible wavelength combination sets into subsets
and comparison of their upper limits of determinants. The
partitioning of subsets eﬀectively reduces the number of
calculations needed. The determinant criterion is similar to the
mean square error criteria commonly used for error assessment
but with improved computational advantage. Using this
algorithm, we obtained four optimal wavenumbers: 2852,
2932, 2956, and 3088 cm −1 . The four SRS frames
corresponding to these wavenumbers were then used for
phasor analysis. To reduce noise, 4 × 4 spatial averaging of the
four frames was applied.
The phasor plot is shown in Figure 3H. When compared to
that obtained from 4 × 4 spatial averaging of the full 60 frames
hyperspectral data (Figure 3G), we observe a change in phasor
shape, but the major clustering features are well-preserved. An
automatic segmentation of the 4-frame phasor plot into 64
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