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Direct Raman imaging techniques are developed and applied to study the drug
distribution in single living cells. From the drug distribution, its mechanism and
efficacy can be evaluated. The advantages of Raman imaging are that the Raman
signals are inherent to the drug, thus no external dyes, markers or labels are required
during the imaging. This makes the sample preparation much simple for the
experiment. At the same time, the mechanism of action of the drug is minimally
disturbed during imaging.
The major challenge in Raman imaging is the weak nature of the Raman signal.
In this study, the quality and sensitivity of a Raman system was improved. A model
was developed to describe the degradation of Raman signals by several processes:
non-uniform illumination of the excitation laser, distortion by the microscope system,
and the influence of additive signal-dependent Gaussian noise that arises during
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imaging. Using this model, special-purpose image-processing algorithms were
developed to restore the Raman images.
The general Raman imaging and data analysis techniques were then applied to
the visualization of drug in living cells. Taxol, an important anticancer agent whose
mechanisms at the cellular level have been well studied, was used to evaluate the
capabilities of direct Raman imaging. Raman images were obtained from a MDA-435
cancer cell before, during, and after the drug treatment. The results clearly show how
the Taxol distribution changes with time in a living tumor cell. It was also found that
Taxol does not enter the cell nucleus, but is more concentrated around the cell
centrosome and near the cell membrane. This finding is explained by the binding
characteristics of the Taxol and its molecular target – the microtubules. This result
demonstrated the feasibility of using direct Raman imaging to study the distribution
of anticancer agents in single living cells. Direct Raman imaging can also be extended
to study drug uptake, resistance, and intracellular pharmacokinetics. I believe Raman
imaging will not only provide a cost-effective tool for the study of drug mechanisms
at the cellular level, but also be a general molecular imaging technique to be used in
many applications.
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CHAPTER 1
INTRODUCTION

1.1

Statement of the Problem
Medical research over the past several years has begun to focus more and more

on events at the cellular and molecular level [1]. Our body depends on the operation
of its cells, and the operation of cells ultimately depends on the molecular activities
that go on within them. Problems with the molecular activities in the cells are often
the cause of disease. Cancer is one such disease, which begins when cell growth
becomes out of control because of the chemical changes inside the cells.
The treatment of cancer using specific chemical agents or drugs to that are
selectively destructive to tumor cells is called chemotherapy. It has been widely used
in cancer therapy. For many drug chemicals, however, scientists and doctors do not
completely understand the basic mechanisms of how they interact with cancer cells.
We don't know how the drugs kill tumor cells, nor do we know how toxic these drugs
are to normal cells. Toxicity to normal cells is still one of the biggest problems of
anticancer drugs. Most anti-cancer drugs, while deadly to cancerous cells, are also
toxic to normal cells, so that some drugs can make a person even sicker. To identify a
candidate drug that has a low toxicity to normal cells generally requires an
understanding of the unique biochemical differences between normal and cancerous
cells. This difference could allow us to develop drug that attacks a molecular target
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that is unique to tumor cells, and thus less toxic to normal cells. To develop such a
drug requires a cost-effective method of understanding how a drug works in the
molecular level inside a cell.
The recent implementation of rational drug design, combinatorial chemistry
techniques, and high throughput screening have led to the development of a large
number of new drug candidates. Because the lack of cost-effective approaches to
compare how these potential drugs work at the cellular level, pharmaceutical
companies often spend millions of dollars in animal studies in order to assess a
candidate drug. A cost-effective way of understanding drug mechanism, comparing
drug efficacy, and investigating drug toxicity is seriously needed for drug
development.
One way to understand the drug mechanism is to know where a drug is
distributed in cells. The drug distribution makes it possible to visualize which cell
organelle the drug is concentrated in, thus informing us of the molecular target the
drug might be attacking. Therefore, the drug mechanism can be studied. The drug
distribution can also provide quantitative estimation of drug uptake by the cells so
that the efficacy of different drugs can be compared. The comparison of the drug
distribution in tumor and normal cells can also be used to study drug toxicity.
Moreover, the tracking of the changes in drug distribution can be used to investigate
the cellular pharmacokinetics of a drug. In a word, the visualization of drug
distribution in cells can provide various types of information for drug development.
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The invention of the microscope has allowed us to visualize and study the cell
structures for centuries. However, the conventional microscope does not show where
a drug is in a cell. This is because a drug is often clear, without a specific shape and
therefore transparent to us. Only a molecular imaging microscope can show the
chemical distribution.
The fluorescent microscope has been widely used to study molecular
distribution and activities in numerous biomedical applications. However, since the
auto-fluorescence of most chemicals is weak and unspecific (broad bandwidth),
certain fluorophores need to be tagged to interest molecules as markers before they
can be visualized. The need of external markers is one of the major restrictions on the
use of the fluorescent microscope in drug research. Using a relatively large
fluorophore molecule as a tag on a (often smaller) drug molecule can change the
behavior of the drug in tumor cells.
Another imaging modality popularly used in molecular visualization is isotope
radiation technology. This technology first requires the drug to be labeled with
isotopes. The labeling process is quite expensive. The major disadvantage of this
imaging technology is the long recording time (overnight in most studies). In
addition, very thin sample slice is needed to increase the imaging resolution. These
disadvantages make the tracking of drug distribution in living cells difficult.
1.2

Objective of the Research
The objective of this research is to develop Raman imaging, a new molecular

imaging technology for the study of drug distributions in living tumor cells. The
3

feasibility of Raman imaging in drug research will be demonstrated by using an
anticancer drug with known therapeutic mechanism. The objectives will be met by
accomplishing the following specific aims:
•

Establish the advanced Raman imaging techniques for biomedical studies.

•

Demonstrate the feasibility of using Raman imaging to visualize drugs in
living tumor cells.

•

Develop state-of-art image processing and analysis techniques for Raman
images.

This innovative new approach, if successful, should prove invaluable in accelerating
the development of new drugs, thereby potentially benefiting thousands of cancer
patients.
Chapter 2 provides a background review of the relevant microscope techniques.
The Raman spectroscopy and imaging techniques are introduced and compared with
other microscopic techniques. The applications of Raman techniques in biomedical
researches, especially in drug research are reviewed. Chapter 3 discusses Raman
instrumentation and its optical characteristics. Chapter 4 develops image processing
and analysis methods for Raman images. Chapter 5 presents the methods of applying
Raman imaging techniques to visualize drug distributions in living cells. Chapter 6
presents the results and discussions. Finally, conclusions and future work is provided
in Chapter 7.
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CHAPTER 2
BACKGROUND

2.1

The Development of Molecular Imaging Microscopy
As early as 1670 people have been able to see the structures of bacteria and red

blood cells using conventional optical microscopy. The invention of electron
microscopy in 1940 allowed scientists to visualize sub-cellular objects such as DNA
for the first time. However, to visualize DNA and other internal structures of a cell,
the specimen must be sectioned into thin slices. This invasive and destructive
procedure makes it impossible to obtain information from living cells.
The development of laser scanning confocal microscopy (LSCM) provides a
superior imaging capability called optical sectioning [2]. Optical sectioning is a way
to obtain two-dimensional (2-D) images, noninvasively, from a very thin section
within a cell by rejecting any out-of-focus light using a confocal pinhole. By stacking
a series of these 2-D images along the optical axis, a three-dimensional (3-D) image
of the entire cell can be obtained, the internal structures of the cell can be visualized.
A major limitation in conventional LSCM is that chemical composition and activities
in the cell still can not be obtained.
The invention of fluorescence LSCM provides exploits the presence of
fluorescent molecules (referred to as the fluorophores) in cells. However, most
biological molecules are not natural fluorophores, their auto-fluorescence are not only
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weak but also unspecific, which has wide bandwidth. It is often difficult to identify
specific molecules in cells using auto-fluorescence. In other words, the amount of
chemical information obtained from the auto-fluorescence is relatively low.
Therefore, synthetic fluorophores are often used as markers to tag the molecules to be
visualized. The distribution of these markers determines the distribution of molecules
that are tagged onto the markers.
If a proper marker is found, fluorescent imaging is a quite sensitive technology.
It is often possible to measure fluorescence at molecular concentrations in the 10-8 M
range. Therefore, fluorescence LSCM has been routinely used for molecular analysis
for many years. For example, fluorescent indicator [3] was developed to bind to the
Ca2+ and to visualize the changes of intracellular Ca2+ concentrations. Fluorescent
probe was used to label the tubulin molecules – the construction elements of
microtubules, to visualize the dynamics of the microtubules during cell mitosis. [4].
Fluorescent imaging has also been applied to anticancer drug researches.
However, most studies are limited to the anticancer drugs, such as doxorubicin, which
have strong auto-fluorescence, [5-9]. This is because the use of fluorescent markers
for drug visualization has several limitations. First, fluorophore markers are often big
molecules, if they are tagged to a (often-smaller) drug molecule, the drug activities or
mechanisms in attacking tumor cells might change [10]. Second, the fluorescent
markers used in a cell may cause undesirable pharmacological or toxicological
effects. Third, developing suitable markers for different drugs are not trivial tasks,
thus, making a quick drug analysis impossible. Forth, the labeling process takes time.
6

If the rate-limiting step is the chemical-labeling reaction, no useful dynamics of the
drugs can be deduced [11]. Fifth, quantification of drug concentration cannot be
guaranteed because the labeling reaction between the markers and the drug molecules
are rarely 100% efficient. In addition, the relatively short wavelength used in
fluorescence LSCM can easily cause photo-damage to the biological specimen. And,
the fundamental problems of fluorophore photon bleaching during measurement also
severely limits the use of fluorescence LSCM.
Autoradiography is another technique to visualize molecules in cells.
Radioactive isotopes like 3H, 14C, 32P, 35S and

131

I are used to label the molecules to

be visualized. These isotopes replace their stable counterparts in the molecules so that
the labeled molecules can be traced by the radiation due to the isotope decay. The
radiation is recorded on a thin film to show the distribution of the molecules.
Autoradiography has been widely used to trace and assay molecules inside cells. For
example, radioactive isotopes were used to trace chemical pathway of carbon during
photosynthesis [12]. Radioactive isotopes were also used to study drug distributions
in cells [13, 14]. The autoradiography is popular for two reasons: 1) The labeled
molecules do not change their chemical properties because the isotopes have the same
number of electrons as their stable counterparts. 2) The autoradiography is extremely
sensitive: in favorable circumstances, it can detect fewer than 1000 copies of a
molecule in a sample. However, the autoradiography also suffers from several
problems. The samples have to be fixed before the image can be taken. The exposure
time is usually long, usually overnight and sometimes requiring even several days.
7

These problems make it difficult to be used to trace chemicals in living cells. The
radiation pollution and the high cost in making a special radioactive compound are
also problems for the autoradiographic method.
Infrared microscopy is another chemical imaging technique that can provide
molecular-specific images. An infrared image of a sample is obtained by imaging the
transmitted or scattered infrared radiation. Molecular selectivity is obtained by tuning
the wavelength to a vibrational energy level of a selected molecule in the sample.
Since infrared imaging is derived from a material’s intrinsic vibrational energy level,
no external markers, dyes, or labels are required to contract the infrared image.
However, the spatial resolution of the image is usually several times the wavelength
of infrared radiation. This is usually 10 – 20 µm, which is too large to resolve
structures at the subcellular level. In addition, water has such a high absorbance
throughout the infrared region, many samples of biological interest are opaque in the
infrared due to the presence of water. Consequently, it is often difficult, and
sometimes impossible to obtain images of many biological molecules by infrared
microscopy. The main advantage of Raman images, as described in the following
section, is that measurements can be carried out in aqueous solution.
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2.2

Raman Spectroscopy and Raman Imaging

2.2.1 Raman Scattering
The Raman effect was discovered by C.V. Raman in 1928 [15]. When
monochromatic light, e.g., a laser beam, illuminates a substance, scattering arises
when electrons in the molecules oscillate with the incident electromagnetic wave. The
oscillating molecules are raised to a high energy level, at which the molecules are not
stable and quickly lose the energy through scattering light. The major portion of the
re-radiated light is Rayleigh scattered light, which has the same frequency as the
incident light. A much smaller portion of the re-radiated light, however, shifts away
from the incident frequency due to the transfer of some incident light energy to the
molecules (or vice versa) during the electron oscillation. Figure 2.1 illustrates the
Rayleigh scattering and Raman scattering from a simple diatomic molecule after
excited by a laser beam with wavelength (λ0). The photon energy (E0) of the laser
beam is defined as:
E0 = hv0 = h

c

λ0

.

(2.1)

Where v0 is the frequency of the laser beam, h is the Planck's constant (6.62 × 10-27
erg⋅s), and c is the velocity of light (3×108 m/s).
When part of the photon energy transfers to the molecule's vibrational energy
(hvv) or vice versa, the re-radiating light loses or gains the amount of energy ∆E,
which is defined as:
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∆E = E v = hvv = h

c

λv

= hcv~ ,

(2.2)

where v~ is called the wavenumber, which is usually used to indicate the Raman
frequency shift. The unit of the wavenumber is cm-1.

Electronic
excited state
E1

V1
V0
v0
v0
v0

photon
v0

v0 - vv

v0 + vv

v0 - vv

electronic
transition Ee
vibrational
transition Ev
V2

v0

V1
V0
Rayleigh Stokes Anti-Stokes Resonance
Scattering Raman Raman
Raman

Electronic
ground state
E0

Figure 2.1: Raleigh scattering, Raman Stokes scattering, Raman antiStokes scattering, and Resonance Raman in term of simple diatomic
molecule’s energy levels. The diatomic molecule has electronic
transition energy Ee and vibrational transition energy Ev.

Raman scattering is classified as Stokes shift when the re-radiated light loses
energy to the molecules, or Anti-Stokes shift vise versa. The Stokes Raman scattering
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usually has higher intensity than the anti-Stokes as illustrated in Figure 2.2.
Therefore, the Stokes Raman scattering is often used in measurements.

RAYLEIGH

RAMAN
(Stokes)
Frequency (Hz)
Wavenumber (cm-1)

RAMAN
(Anti-Stokes)

v0 - vv
- v~

v0
0

v0 + vv
v~

Figure 2.2: Raman and Rayleigh scattering of excitation at frequency v0.
The abscissa scale is expressed in both frequency and wavenumber.

2.2.2 Raman Intensity and enhancement techniques
The intensity (I) of a Raman signal can be described as follows:
I = I 0 ⋅ A(ν ) ⋅ J (ν ) ⋅ ν 4 ⋅ C ,

(2.3)

where I0 is the intensity of the incident light, A(ν) is the self-absorption of the
molecule, J(ν) is a molar scattering parameter, ν (=ν0±νv) is the frequency of the
scattered light, and C is the concentration of the sample. From this expression, the
Raman signal is proportional to the excitation light intensity as well as to the
molecular concentration. A higher frequency or shorter wavelength is also preferred
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to obtain a stronger Raman signal. The Raman scattering parameter J(ν) is
proportional to the changes of the molecular polarity during vibration. Since the
scattering parameter is very small, Raman signals are inherently weak compared to
the strength of the Rayleigh and fluorescent signals. For example, for every one
million photons scattered back from a substance, 999,000 result from Rayleigh
scattering, 999 from fluorescence, and only one photon contributes to the Raman
scattering [16]. As a result, Raman spectroscopy was not practical until the
development of robust laser sources and holographic notch filters to filter the strong
Rayleigh scattering. Special Raman techniques were also developed to reduce the
fluorescence background and to enhance the Raman signal.
Resonance Raman (RR) Scattering
The resonance Raman effect was observed by Shorygin in 1953 [17]. This
technique is often used to enhance the Raman signal. When excitation light source
(usually with UV or visible wavelength) matches the energy corresponds to the
electric transition of a particular chromophoric group in a molecule (refer to Figure
2.1), the intensities of Raman bands originating in this chromophore are selectively
enhanced by a factor of 103 to 105. In other words, when the excitation source is tuned
into the absorption bands of a material, A(ν) in Equation 2.3 is increased
considerably, so that the Raman signal is greatly enhanced. This enhancement is due
to the large change in polarizability during the electronic transition of molecules. The
application of resonance Raman technique is limited by the availability of
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chromophoric group in the material. In the case of weak absorption material, strong
fluorescence background is a disadvantage for visible excitation of Raman
spectroscopy. Another problem associated with the visible and UV excitation may be
the cause of photo-damage to the biological specimen.
Fourier Transform (FT) Raman Scattering
Fourier Transform Raman scattering is a technique for reducing fluorescence
interference. Conventional Raman spectroscopy measures intensity versus frequency.
The FT-Raman, on the other hand, uses a Michelson interferometer to measure the
intensity of many wavelengths simultaneously. This time-domain spectrum is then
converted to a conventional frequency-domain spectrum by Fourier transform using a
computer program. This technique primarily uses 1064 nm near-infrared light from a
Nd:YAG laser as the excitation source. Therefore, the background fluorescence is
almost completely eliminated. However, because of the Raman intensity follows a
1/λ4 relationship, this technique suffers low sensitivity. More over, the InGaAs
detector used in the FT-Raman exhibit substantial noise. Thus FT-Raman usually
requires long data collection times (typically 30 min) making it difficult to be used in
tracking chemical changes in live cells.
Coherent Anti-Stokes Raman Scattering (CARS)
Coherent anti-Stokes Raman scattering is another special techniques to avoid
the fluorescence background [18]. When two high-energy laser beams, with
frequencies ν1 and ν2 (ν1 > ν2), collinearly irradiate a sample, these two beams
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interact each other coherently to produce a strong scattered light of frequency 2ν1 ν2. If ν2 is tuned such that ν1 - ν2 = νv, where νv is a frequency of Raman band, then a
strong light of ν1 + νv is emitted. Since this emitted light is higher than ν1 or ν2, it is
on the anti-Stoke side of the excitation source, whereas the fluorescence is on the
Stoke side, thus the spectrum separates from the fluorescence. However, to obtain
CARS signal from a sample requires high reproducibility of laser intensity for
wavelength scanning, and high stability of pulse-to-pulse intensity, thus, the cost of a
CARS instrument is high. The current CARS instrument still suffers lower spectral
resolution than the conventional Raman spectroscopy.
Surface-enhanced Raman Scattering (SERS)
Discoveries in the late 1970s indicated that the Raman scattering efficiency can
be enhanced by factors of up to 106 when a molecule is adsorbed on or near a
spherical metal surface. Colloidal gold or silver particles, with sizes on the order of
tens of nanometers, have been demonstrated as a high sensitive substrate for SERS
[19, 20]. Although the mechanism of the SERS is not understood completely, the
current development of nanotechnology will make this technique extensively
available.

2.2.3

Raman Spectroscopy
Raman scattering light from a complex molecule consists of a series of Raman

shifts (or bands) corresponding to the characteristic frequencies of different
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vibrational modes of the molecule. The intensities of these shifts are displayed as a
function of their frequency changes to form Raman spectrum. The Raman shifts can
be identified as the peaks on the Raman spectrum. Figure 2.3 shows the Raman
spectrum of a typical solvent: 200 proof ethanol.
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Figure 2.3: Raman spectrum of a typical solvent: 200 proof ethyl alcohol. The
spectrum was taken with the 60X W/IR lens and an exposure time of 30
seconds. The ethyl alcohol was contained in a gold-coated petri dish to
eliminate the background Raman signal (explained in Chapter 5).
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Figure 2.4: Schematic diagram of a CCD-based dispersive Raman
spectroscopy system. The CCD detector records the Raman spectrum of the
sample at the focus point.
Figure 2.4 illustrates the schematic diagram of a CCD-based dispersive Raman
spectroscopy system. The holographic notch filter in the figure blocks the Rayleigh
scattering and only allows the Raman scattering frequencies to pass through. The high
throughput grating system disperses the Raman scattering light to form the Raman
spectrum that projects onto the CCD detector. The low-noise CCD detector provides
the ability to acquire a broad spectrum simultaneously. The development of CCD
detectors makes it possible to record wavelengths in the near-IR region between 700
to 900 nm. Studies [21, 22] have indicated that an excitation wavelength around the
800 nm range greatly reduces the fluorescence background while best taking the
advantage of low-noise CCD detector. In addition, the near-infrared excitation has a
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number of advantages for biological systems, such as producing less photo-thermal
degradation, and allowing better perspective depth (>1 mm) into a sample [23, 24].
The Raman spectrum, with its unique combination of the shifted frequencies
and their relative intensities, depends on the vibrational mode or chemical structure of
a particular molecule. For example, the most significant Raman peak shown in Figure
2.3 is at 883 cm-1 due to C-C-O stretching vibrations of the ethanol molecule.
Therefore, the Raman spectrum can be used as a fingerprint signal to identify and
trace the molecules without other labeling. In general, Raman shifts have relatively
narrow bands, typically 10-20 cm-1 in width. Thus, the Raman spectrum has higher
specificity than fluorescence and infrared spectra.
2.2.4

Raman Imaging
A Raman spectrum only yields information about the local composition of a

sample. Raman imaging, however, could provide an overview of the spatial
distribution of a particular molecule within a heterogeneous specimen. In other
words, Raman imaging could provide the spatial distribution of structural and
chemical information that is not available in regular optical imaging. The distinct
advantage of Raman imaging is that it can provide chemical distribution without
external markers, dyes, or labels that are usually required in radio-isotope and
fluorescent imaging [25]. In addition, it is suitable for imaging biomolecules in
aqueous solution.
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There are usually three different methods to generate a Raman image classified
by the illumination schemes. The simplest is the point illumination scheme. This
illumination scheme has the same setup as the recording of Raman spectroscopy.
Only one point on the sample is illuminated at a time by the laser beam and the
spectrum corresponding to this point is recorded. Then, either the motorized sample
stage moves the sample under immobile laser beam or the turning mirrors change the
position of the laser beam on the sample to the next point to be investigated. This
method is also called spectral imaging. The advantage of this method is that all
spectral features can be used to analyze the chemical distribution within the sample.
The main disadvantage of the method is the very low speed of image acquisition.
Because the Raman signal is weak and takes a relatively long time to obtain the
spectrum for each pixel, the scanning time for an entire image is considerable. A
100x100 pixel image may take overnight, therefore it is not suitable for living cell
studies. Another disadvantage of the scanning method is the low image fidelity [26].
The spatial resolution of the image is limited by the size of the laser spot on the
sample and by the rastering mechanism. Despite these limitations, spectral Raman
imaging is a mature technique with numerous applications.
The second imaging scheme is the line illumination method. This method makes
it possible to record one dimension of signal and many types of spectral data
simultaneously. Moving the sample in a direction perpendicular to the laser line using
a motorized stage can record the signal in the other dimension. This scheme provides
much faster recording speed than the point illumination scheme, but it still cannot
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compare to the global illumination scheme. In addition, the spatial resolution is still
limited by the scanning device.
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Figure 2.5: Schematic diagram of a CCD-based direct Raman imaging
system. The CCD detector records the 2-D distribution of a specific type of
molecules in a sample (at the focus plane). Here the pseudo-color is used to
indicate the signal intensity. The red area has higher intensity, indicating
the specific molecule has higher concentration there. The dark blue area has
low intensity, indicating there is less such molecule located there.

Global illumination is achieved by expanding the laser beam to cover the
sample area (Figure 2.5). The global illuminating Raman imaging technique is also
called direct Raman imaging, in contrast to scanning Raman imaging. Another name
for global illuminating Raman imaging is wild-field Raman imaging, in contrast to
confocal Raman imaging. In direct Raman imaging, the photons scattering from the
whole focused plane are filtered simultaneously to remove the Rayleigh component.
A second spectral (bandpass) filter then selects a fingerprint Raman mode that
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represents the molecule to be imaged. The filtered signal projects its intensity onto a
CCD detector, resulting in a two-dimensional image of specific molecular distribution
in the sample. The intensity of the signal is related to the concentration of the
molecules at the location. The time needed to record a direct Raman image is
equivalent to the scanning time for one pixel in the point illumination method,
therefore direct imaging is more suitable for imaging molecules in a living sample. In
addition, direct imaging can achieve super-resolution in both the lateral and axial
directions through sophisticated data processing (discussed in Chapter 4). The spatial
resolution of a processed image can approach the diffraction limit imposed by the
objective lens and the excitation wavelength. For example, a 782 nm illumination
laser is able to record a image with spatial resolution as small as 0.53 µm (under the
assumption that the numerical aperture of the objective lens is 0.9). Therefore, direct
Raman imaging has the potential to provide an efficient way of obtaining highdefinition Raman images. In this research, direct Raman imaging will be developed to
visualize drug distributions in living tumor cells.
There are several problems in direct Raman imaging that need to be considered.
The expanded laser beam obtained by slightly defocusing the laser spot is not uniform
but usually Gaussian distributed. This drawback can be overcome by overfilling the
field of view with the laser radiation. This approach will reduce the illumination
density at the sample. In order to illuminate each position of a sample with the
maximum allowable power, a high-power laser is required. The recent development
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of argon-pumped Ti:Sapphire laser systems can meet this requirement. This laser
system can generate up to 1W of power at near infrared of 782 nm.
The other problem is that only one Raman mode can be obtained at a given
time. Access to other wavelengths requires additional acquisition at different settings
of the spectral filter. For the dielectric filter that is available in most of the current
direct imaging devices, the change of settings is not very efficient due to the
necessary mechanical adjustment. However, the advent of acousto-optic tunable
filters (AOTF) and liquid crystal tunable filters (LCTF) [27, 28] provides an effective
way of recording multiple spectral information with direct imaging. The AOTF and
LCTF are also able to record spectral information selectively to avoid the redundancy
in the spectrum. I believe that direct Raman imaging will become leading molecular
imaging scheme. Therefore, in this study I will concentrate our development in the
direct imaging scheme.
2.3

Raman Spectroscopy and Raman Imaging in Biomedical Applications
Raman signals can be used as fingerprint signals to identify and trace molecules

without other labels; Raman signals represent specific molecular structures; Raman
signals are not interfered with by water scattering and are suitable for studying
aqueous solutions; Raman technology can exploit near-infrared laser as excitation
wavelength. These unique characteristics make the Raman technique an attractive
alternative for biomedical analysis. As a result, biomedical applications of Raman
technology have increased explosively in recent years. Its area of application are
varied; protein and DNA structure, chemical activities at cellular and tissue levels,
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cancer diagnosis, and drug research. A number of review articles [29-34] have
already provided comprehensive coverage of this field. This section will demonstrate
its utilities using selective examples.
Protein and DNA
One of the largest uses of Raman spectroscopy in the biomedical field has been
the proteomics, that is, the study of proteins. The function, kinetics, and structure of
proteins can be elucidated by Raman techniques. Kwok [35] measured Raman
spectrum of small molecules and molecular groups inside proteins. Champion [36]
used Raman spectroscopy to study the kinetic of myoglobin structure and dynamics.
The change of Raman bands corresponding to the secondary structure of the protein
has been studied by Berjot, Chikishev et al. [37, 38]. Raman spectroscopy is also used
to probe the details of protein structure and dynamics in complex biological
assemblies, such as virus [39].
The binding of two molecules results in a shift in Raman bands and/or a change
of band intensity. Callender [40] developed difference Raman spectroscopy which
can be used to study the protein structure and folding, enzymatic catalysis and ligand
binding. Chen [41] found the pH-dependent conformational changes in Escherichia
coli dihydrofolate reductase with Raman difference spectroscopy. Torreggiani [42,
43] investigated interaction between biotin derivatives and avidin and showed the
importance of the side chains of the biotin molecules.
Raman spectroscopy was also used to study the structure and functions of DNA
molecules. Otto [44] and Kneipp [45] detected and identified DNA base molecules
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adenine, guanine, cytosine and thymine using Raman spectroscopy. Puppels [46]
performed a Raman microspectroscopic study of low-pH-induced changes in DNA
structure of polytene chromosomes. Benevides [47] investigated the function of helixturn-helix structure in DNA recognition by Raman spectroscopy. Zhao [48] reported
significant differences in ultraviolet resonance Raman spectra of DNA samples from
normal and cancerous ovarian tissues.
Cellular studies
The study of a single cell by Raman spectroscopy is a well-established
technique. Puppels is one of the earliest researchers to apply Raman spectroscopy in
studying single living cells [49]. He recorded the spectra of nuclei and cytoplasmic
regions of neutrophilic, eosinophilic, and basophilic three living human granulocytes.
The spectra of nuclei are identical, they yield information about DNA and protein
secondary structure and DNA-protein ratio. The cytoplasmic Raman spectra of the
three cell types are very different mainly due to the abundant presence of peroxidases
in the cytoplasmic granules of neutrophilic granulocytes [50].
Molecular contents can be detected and even quantified in a cell. Raman
microspectroscopy has been used to study the intracellular amounts of carotenoids in
lymphocytes of lung cancer patients and of healthy individuals [51]. The results
indicate a significant decrease of carotenoids in lung carcinoma patients compared
with healthy individuals, particularly in adenocarcinoma patients. This result proved
the protective role of carotenoids against cancer. Another active area of using Raman
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imaging techniques is to determine spatial mapping or distribution of drugs in living
cells, as discussed below.
Tissues
The analysis of tissue samples both in situ and in vivo has been one of the major
applications of Raman spectroscopy [16, 34]. Using Raman spectroscopy, Siebinga
and Smeets [52, 53] studied the protein structure of the lens of human eyes and the
change of protein conformation with aging. Wentrup-Byrne "[54] studied the
molecular components of human teeth. Caspers [55] investigated the biochemical
changes that occur in the skin because of skin disease. Dippel [56] studied the
composition, constitution, and interaction of bone with hydroxyapatite coatings. One
active area of using Raman spectroscopy is to determine the molecular composition
of artery walls and to localize and quantify cholesterol and calcium salts in
atherosclerotic arteries [57-61]. Treado's group using direct Raman imaging to study
the histopathology of human breast tissue [26, 62, 63].
Cancer diagnosis
The potential of Raman spectroscopy for probing chemical changes in precancerous, and cancerous tissues has also been investigated [64]. Ultraviolet
resonance Raman spectroscopy was used for detection of colon cancer [65]. Raman
spectroscopy was used to compare the chemical difference of normal and diseased
human breast tissues [66]. Near-infrared Fourier transform Raman spectroscopy was
used to study the molecular alterations in the most common skin cancer, the basal cell
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carcinoma [67]. Raman spectroscopy was also used in the diagnosis and prognosis of
tissue pathologies of human thyroid tumors [68].
Drug Researches
The interaction of therapeutic drugs and their target biomolecules is of great
interest both to academic and pharmaceutical researchers. As early as 1980,
researchers have started to use shifts in Raman bands and changes in band intensity to
study the kinetics and mechanisms of drug-target interactions. Durig [69] studied the
binding of methotrexate (MTX), an anti-cancer agent, to L. casei dihydrofolate
reductase with Raman spectroscopy. The study supported the hypothesis of
significant conformational changes in the L. casei dihydrofolate reductase upon the
formation of methotrexate-dihydrofolate reductase complex. The resonance Raman
data obtained by Ozaki [70] revealed that MTX binds with its pteridine ring
protonated. The rearrangement of the pteridine electrons accompanying protonation
may account in part for the high affinity of MTX for the enzyme.
Using resonance Raman spectroscopy and surface enhancement Raman
spectroscopy, Butler, Chourpa et al. [71] [72] studied Amsacrine (m-AMSA), a drug
used to treat leukemia, to elucidate the interaction mechanism with its target DNA.
Another example of drug-target interactions was reported by Feofanov [73]. It was
found that the DNA targeted anticancer drugs camptothecin (CPT) and its derivative
7-ethyl-10-[4-(1-piperidino)-1-piperidino]carbonyloxycamptothecin (CPT11) interact
differently with their target DNA topoisomerase I.
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Raman spectroscopy was also used to study drug toxicity. Dimethylcrocetin
(DMCRT), known to exhibit lower toxicity but still retains the same effectiveness in
chemotherapy, was investigated with respect to its binding mechanism [74]. It was
found that the DMCRT bound to the DNA in HL60 cancer cell line but not the DNA
of K562 cell line. The former possesses the retinoic acid nuclear receptor (RAR), the
later does not.
Since the Raman imaging microscope became available in the early 1990s,
people have used the technology in drug research. Manfait's group has used Raman
spectral imaging combined with surface enhancement techniques to study antitumor
drug (doxorubicin and mitoxantrone) interacting with living cancer cells [75, 76].
Freeman et al. used spectral Raman imaging to map the location of photosensitize in
single cells, which provide detailed information of how the photodynamic therapy
works in the cellular lever [77]. Direct Raman imaging has also been used to study
the distribution of the non-fluorescent photodynamic therapy agent cobaltoctacarboxy phthalocyanine [CoOCP] inside the K562 leukemia cells [78, 79].
Recently, the use of optical fiber has extend the Raman imaging to in situ and in vivo
applications. [80, 81].
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CHAPTER 3
INSTRUMENTATION

3.1

Raman Microscope
The Renishaw Model 2000 Raman system (Gloucestershire, UK, 1993), as

illustrated in Figure 3.1, was used in the study.

Laser Sources
Monochromator

CCD

Laser Power Supply
Figure 3.1: The Renishaw Model 2000 Raman system (Gloucestershire,
UK). The system contains an Olympus BH2-UMA microscope, a
monochromator, a motorized stage, a Sony video camera, a thermo-electric
cooling CCD camera, and a computer control system. An argon-ion
pumped Ti:Sapphire laser (782 nm) as excitation source. The Raman
system is settled on an air-suspension vibration controlled table (Kinetic
System, Inc., Boston, USA).
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This Raman system is one of the most advanced Raman imaging systems
presently available.

It is capable of taking Raman spectra, scanning dot-by-dot

Raman images with a precisely controlled sample stage, and performing fast direct
Raman imaging with the expanded laser beam. The schematic diagram of the Raman
system is illustrated in Figure 3.2. The system has two optical paths. One is the
diffraction grating light path, and the other is the tunable filter light path. The
diffraction grating light path is used to record the Raman spectra and the dot-mapping
images. It provides a spectral resolution of 1 cm-1. The tunable filter light path is
used to take direct images at a specific Raman band. The tunable bandpass filter has a
bandwidth of 10 – 20 cm-1.
Monochromator
Eye Piece and
Video camera Beam splitter &
Holographic notch
filter

Spatial
filter

Diffraction
Grating
CCD
Camera
Isosceles
triangular mirror

Objective
Tunable
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Sample
Stage

Beam
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Figure 3.2: The schematic diagram of the Raman system. The system
has two optical paths. The diffraction grating path is used to record the
Raman spectra and the dot-mapping images. The tunable filter path is
used to take the direct images at single Raman band.
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The computer controlled XYZ sample stage permits the laser beam to focus at
any position of a sample with a resolution of 0.2 µm. This stage can also be
configured to scan automatically over a sample and form a dot-map Raman image.
The Raman system is put in a dark room to eliminate ambient light during
imaging and also to provide better isolation from noise and dust. In addition, the
system is settled on a vibration-controlled table – the Vibraplane Air Suspension
System (Kinetic System, Inc., Boston, USA). This setup provides a better imaging
environment.

3.2

Laser Excitation Source
The Renishaw Raman system is originally equipped with a 30 mW diode laser.

This laser source is suitable for Raman spectroscopy on biological samples.
However, when the laser is used for direct imaging, the beam must be expanded and
spread over thousands of pixels. In such applications, it provides inadequate
illumination power. In addition, the diode laser source has the line-shape beam so that
the imaging area suffers severe non-uniform illumination. For example, the laser
power 5µm away from the beam center is less than half of the power of the beam
center. This non-uniform illumination severely limited the useful field of view
(FOV). The increase of laser power as well as the improvement in the beam shape is
necessary for enhancing direct Raman imaging.
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The recent development of near-infrared Ti:Sapphire lasers provides higher
power with Gaussian beam shape. The Ti:Sapphire laser system (Lexel Laser Inc.,
California), as illustrated in Figure 3.3, consists of an argon-ion (7 W) pump laser
(Lexel 95-7) and a tunable Ti:Sapphire laser-head (Lexel 710). The Argon-ion laser
delivers blue laser light (at 488 nm, 523 nm, and etc.) up to 7 W to excite the
Ti:Sapphire laser head. The excited Ti:Sapphire head emits near-infrared wavelength
between 770 nm to 790 nm, with the maximum deliverable power of 1 W. In this
study the laser was tuned to 782 nm to match the holographic notch filter in the
Raman system.

Beam Steering
Mirror

Argon-ion pump
laser (7W)
Ti:Sapphire
Head

Figure 3.3: The near-infrared laser system consists of an Argon-ion
pump laser and a Ti:Sapphire head. Two mirrors are used to deliver the
pump laser to the Ti:Sapphire head.
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Because the laser system is too large to be placed on the same optical plane as
the Raman system, an optical fiber is used to couple the beam output from the
Ti:Sapphire head to the Raman system. The most critical components in this
arrangement are the optical fiber and the fiber positioner, which are used to direct the
free laser beam into the acceptance optics of the Raman system as shown in Figure
3.4.

Argon Ion Pumping Laser

Ti:Sapphire Head

Raman
Spectrometer

Optical Fiber
Positioner

Optical Fiber Cable
Beam Collimator
Narrow-band
interference filter

Figure 3.4: Optical coupling between the Ti:Sapphire laser and Raman
system.

The single-mode optical fiber used in the present case is designed to preserve
the Transverse Electric Magnetic (TEM) modes of the excitation laser as a radically
symmetric beam through the fiber (i.e., TEM00). This mode is desirable because it can
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preserve the Gaussian beam shape of the laser. However, a single mode optical fiber
has to be used which has a core diameter of only 5 µm. To correctly focus and align
the free-standing laser beam onto the end of the fiber requires a very precise fiber
positioner. Using the positioner called PAF fiberport (Optical Fiber Research, ), as
shown in Figure 3.5, 60% of the laser power was able to be delivered to the other end
of the fiber.

PAF
Fiber Positioner

Figure 3.5: PAF fiber positioner was used to couple the free-standing
laser beam into the 5µm core single fiber.
Finally, additional refinements to the spectral quality of the laser system were
necessary to match the performance criteria of the Raman spectrometer. In particular,
the bandwidth of the laser line (782 nm) was broader than the acceptable limits of the
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spectrometer, and the argon-ion pumping laser also “contaminated” the Raman
spectrum with unwanted spectral features. To correct these deficiencies, a very
narrow (0.2 nm), multi-layer interference bandpass filter was selected and custom
manufactured to the required specifications.
3.3

Objective Lens
The objective lens is one of the most important components of the microscope.

The resolved detail, the contrast at which this detail is presented, the depth through
the object from which useful information can be derived, and the diameter of the
useful field are all limited by the performance of the objective.
In this study, a 60x Olympus water immersion, high IR transmission objective
(1-UM571 LUMPLFL 60x W/IR, Olympus, Japan) was used to obtain living cells
cultured in aqueous solution. This lens is also specially designed for use at near
infrared wavelengths. The transmission coefficient of the lens at the 782 nm
excitation wavelength is about 71%.
This lens has a numerical aperture (NA) of 0.90. The diffraction-limited optical
resolution of this lens can be calculated by Abbe’s equation:
s=

0.61λ
.
NA

(3.1)

When using λ = 782 nm and NA = 0.9, the calculated diffraction-limited resolution of
the lens is about 0.53 µm. Besides the diffraction-limited resolution, the resolution of
the recorded image is also determined by the magnification of the microscope, the
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pixel size of the CCD camera, and the Nyquist sampling criteria as discussed in
Section 3.4.
This lens has a depth of field (DOF) of 1.2 µm. The DOF is the depth through
which the objective can be focused without any appreciable change in the sharpness
of the image. In other words, all the features within the DOF will be sharply in focus
in the recorded image. The recorded image, however, also contains blurred features
originating from the out-of-focus plane outside the DOF. This parameter is important
for designing a deconvolution method to remove the blurred data from 2D images.
Form this parameter we also understand that the axial resolution of the microscope
cannot be greater than 1.2 µm. Thus a proper Nyquest sampling interval in the axial
direction is 0.5 µm.
This lens has a working distance of 2.0 mm. The working distance is the
distance between the focus plane and the lowest structural element of the objective.
With 2.0 mm working distance there is plenty of room to adjust the focal plane at any
position of a living cell (usually about 20 µm thick) without touching the cell.
3.4

CCD Camera
The CCD camera of the Raman system uses a thermo-electric cooling system,

thus no water or liquid nitrogen is needed. The CCD camera operates at a temperature
of -70 °C to reduce thermal noise. The CCD is sensitive in the near-infrared region
up to 900 nm. It is low noise, 15-bit dynamic range, and extreme low-light sensitive.
The CCD camera has a size of 576 × 384 pixels. The area of each pixel is 12 × 12
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µm2. When using a 60X lens, each 1 × 1 µm2 on the sample will map to 4 × 4 pixels
on the CCD camera. Thus each pixel represents approximate 0.25 × 0.25 µm2 area.
According to the Nyquist criteria, 2.3 pixels are necessary to discriminate the smallest
details in the 2D image. Therefore, the spatial resolution of the image recorded by
the system will be poorer than the diffraction limited resolution 0.53 µm.
3.5

The Capability of the Raman System
The Renishaw Raman microscope has two imaging modes. One scans dot-by-

dot Raman images using a precisely controlled sample stage, and the other performs
direct Raman imaging using global illumination. When the Raman microscope is
imaging in the scanning mode, the exposure time is relatively long (10 seconds or
longer) to record a pixel (for comparison, the fluorescent microscope takes only about
0.02 seconds for one pixel). This is because the Raman signal is very weak. If we
were to take a 128 x 128 pixel Raman image using the scanning method, the total
measurement time would be about 45 hours, which is far too long for measuring a
living cell. Thus, the direct imaging (also called wide-field imaging) method will be
used in this study.
Global illumination in direct imaging is realized by expanding the laser beam to
cover a broad area on a specimen. For the current setup of the Raman system, a 32x32
µm2 imaging area (or corresponds to 128x128 pixels) was selected after balancing the
imaging area and the uniformity of the illumination. The larger the imaging area, the
less illumination falls on the peripheral of the imaging area.
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Polystyrene microspheres (Ployscience, Inc., Warrington, PA 18976, USA)
were used to study the imaging capability of the Raman system. The microsphere
images were also used to develop image-processing algorithms for Raman images.
3.5.1 Raman Spectrum of Polystyrene Molecules
The measurement of Raman spectrum is the integral element of Raman
imaging. To visualize the distribution of a specific type of molecules using direct
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Figure 3.6: Raman spectrum of the polystyrene molecules. The
strongest Raman peak is shown at the 1000 cm-1 due to the carboncarbon stretching vibration.
Raman imaging, the selection of fingerprint Raman bands from the Raman spectrum
of that molecule is the first step. Figure 3.6 illustrates the Raman spectra of the
polystyrene microsphere.

The spectrum shows very strong Raman peaks at the
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carbon-carbon stretching mode (1000 cm-1) and the carbon-carbon bending mode
(619 cm-1) of the polystyrene molecules.
3.5.2 Raman image of 1-µm diameter microspheres
The 1 µm diameter microspheres (certified size variance, CV < 1.5%) were used
to test the resolution of the microscope. Figure 3.7 (a) and (b) illustrate the white light
and Raman images of several groups of 1-µm microspheres. It is interesting to see
that a gold-coating defect at position 2 is very strong in the Raman image compared
to that in the white light image. The strong Raman signal is due to the expose of
polystyrene of the petri dish. This indicates that a Raman image makes molecules
visible that sometimes we cannot see under white light illumination. However,
compare to white light images, the Raman signal is very weak so that the noise,
background signal and non-uniform illumination significantly affect the image
quality. The microspheres at position 4 are difficult to identify because of nonuniform illumination. Figure 3.7(c) is the zoomed microspheres at position 3. The
intensity distribution at the microspheres illustrates the spherical nature of the
microsphere as well as the light spreading nature due to diffraction. The diffracted
light blurred the image and reduced the resolution. The background on the image is
from the fluorescence of the water. In this case the fluorescent background is uniform
because of the homogeneity of the water. If we imagine that the microspheres were in
a cell, surrounded by the proteins and DNAs that distribute heterogeneously, then the
fluorescence background will not be uniform. This non-uniform background will
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make the Raman signal even harder to be distinguished. In Chapter 4, image
processing algorithms will be developed to reduce noise, eliminate background,
correct non-uniform illumination, and sharpen the image. These algorithms are
necessary to extract the correct information from Raman images.
3.5.3 Raman image of a 25-µm diameter microsphere
A 25-µm diameter microsphere was used to test the field of view of Raman
imaging due to its similar size to that of a living cell. Figure 3.8 (a) and (b) illustrate
the white light image and Raman image, respectively. The shape of the microsphere
is distorted in the Raman image obviously due to non-uniform illumination caused by
the slightly tilted laser beam. The non-uniform illumination is also illustrated by the
Raman image of the water background in Figure 3.8 (c). This illumination defect is
difficult to be corrected by hardware adjustment due to the complex alignment in the
Raman system. My solution to this problem is 1) to compensate in post-imaging
processing, and 2) to place the sample close to the more uniform left side of the
imaging area.
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Figure 3.7: (a) White light image of 1-µm polystyrene microspheres that lie
on the bottom of a gold-coated petri dish that filled with water. (Gold
coating is used to block the exposure of polystyrene molecules in the petri
dish itself). The microspheres at four positions (labeled as 1,3,4,5) are within
the field of view (red-box) of Raman imaging. The spot at position 2 is not a
microsphere but a spot that lost its gold coating. The unit of the ruler is µm.
(b) Raman image (32x32 µm2, or 128x128 pixels) corresponding to the redbox area in (a) at the Raman mode of 1000 cm-1, using 60XW/IR lens, and
the exposure time was 300 seconds. (c) Zoomed area (4x4 µm2 or 16x16
pixels) contains the microspheres at position 3. The color bar indicates the
relative Raman signal intensity increasing from bottom to top.
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(a)

(b)
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Figure 3.8: (a) White light image of a 25-µm polystyrene microsphere.
The ruler unit is µm. (b) Raman image (32x32 µm2, or 128x128 pixels)
corresponding to the red-box area in (a), at the Raman mode of 1000 cm-1,
using 60XW/IR lens, and the exposure time was 10 seconds. (c) Nonuniform illumination measured by the Raman image of water background,
exposure time was 300 seconds. The color bar indicates the relative
Raman signal intensity increasing from bottom to top.
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3.6

Optical Transfer Function of the Microscope System
Direct Raman imaging has the same capability to obtain three-dimensional

information of a sample as does conventional light microscopy. Three-dimensional
images are collected by recording a set of wild-field images taken at sequential focal
planes throughout the sample. By analogy with physical sectioning techniques, this
method is called optical sectioning. However, each recorded image represents the
sum of in-focus information from the focal plane and out-of-focus information from
the neighborhood plane due to the finite recording aperture and the limited depth of
focus of the imaging system. This three-dimensional image forming property is best
understood in terms of the microscope’s point spread function (PSF) or its Fourier
transform, the optical transfer function (OTF).
3.6.1 PSF and OTF of an optical system
Both PSF and OTF seek to describe how the image of an ideal point object is
spread out in three dimensions by passing through a microscope or any optical
systems. As illustrated in Figure 3.9, a point light source will spread out to form a
smeared point image when passing through an optical system. If the point source is
described by the delta function δ(x,y,z), the operation of the optical system is
indicated by Ω, and the smeared image is described by the point spread function
h(x,y,z), then the response of the optical system to the point source can then be
represented as:

h( x, y , z ) = Ω[δ ( x, y , z )].
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(3.2)

An object f(x,y,z) can be regarded as an integration of the point sources, that is:
f ( x, y , z ) = ∫∫ f (α , β , γ ) ⋅ δ ( x − α , y − β , z − γ ) ⋅ dα dβ dγ .

δ(x,y,z)

An optical
system such as a
microscope
Ω

(3.3)

h(x,y,z)

Figure 3.9: The point spread function h(x,y,z) is the image of a
point source δ(x,y,z) passing through an optical system.
If the optical system is a linear and shift-invariant system, the image g(x,y,z) of the
object can be derived as follows:

[

]

g ( x, y , z ) = Ω[ f ( x, y , z )] = Ω ∫∫ f (α , β , γ ) ⋅ δ ( x − α , y − β , z − γ ) ⋅ dαdβdγ ,
g ( x, y , z ) = ∫∫ f (α , β , γ ) ⋅ Ω[δ ( x − α , y − β , z − λ )] ⋅ dαdβdγ ,

(linearity)

g ( x, y , z ) = ∫∫ f (α , β , γ ) ⋅ h( x − α , y − β , z − γ ) ⋅ dαdβdγ , (shift-invariance)
g ( x, y , z ) = h( x, y , z ) ∗ f ( x, y , z ) ,

(3.4)

where ∗ indicates the convolution operation. In the frequency domain, we can write
the above relationship as:
G ( u, v , w) = H ( u, v , w) ⋅ F ( u , v , w) ,

(3.5)

where G(u,v,w), H(u,v,w), and F(u,v,w) are the 3-D Fourier transforms of g(x,y,z),
h(x,y,z), and f(x,y,z), respectively. H(u,v,w) is called the optical transfer function
(OTF) of the optical system. The OTF can be represented in the phasor form:
H ( u, v , w ) = M ( u, v , w ) ⋅ e φ ( u , v , w ) ,
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where M(u,v,w) is the magnitude of the transfer function. It is often called the
modulation transfer function (MTF) in optics. Φ(u,v,w) is the phase of the OTF
which is 0 because a image usually does not change the relative positions of the real
objects. Thus the OTF indicated MTF in the following paragraphs.
From the above derivation, we know that the PSF or OTF completely
determines the overall performance of a linear and shift-invariant optical system.
Estimation of the OTF of the microscope in use is necessary in order to predict and
correct the distortion during the image formation.
3.6.2 The PSF and OTF of the Raman imaging Microscope
The three-dimensional OTF of a light microscope has been theoretically
determined for the case of diffraction-limited, aberration-free microscope system [8284]. Unfortunately, real optical systems suffer a variety of aberrations, especially
when using high-NA immersion lenses. In addition, the Raman microscope is an epiillumination microscope, in which the illumination reaches a sample through the
objective lens. In such cases the illumination intensity changes with the amount of
defocus, where the assumption of illumination independent of focal position breaks
down for theoretical estimation of OTF. Therefore, theoretical PSFs are typically
significant different from the measured PSFs [85]. The alternative method to
determine the OTF is to measure the PSF for a microscope. The estimation of the PSF
for a wide-filed and confocal fluorescent microscope have been demonstrated in the
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literature [85, 86]. The PSF of the Raman imaging microscope used in this study was
estimated as follows.
Small polystyrene microspheres (0.2 µm in diameter) were used as the point
light source. For the measurement of PSF, it is very important to use a point source
smaller than the diffraction limit, that is 0.53 µm in this case. Otherwise, the
measured data will instead correspond to the convolution of the PSF with the
microspheres’ shape. The microspheres were immersed in phosphate-buffered salt
saline (PBS) solution and allowed to stabilize overnight. PBS is routinely used during
the imaging of living cells. It is important to determine the PSF in conditions as close
to routine usage as possible. Three-dimensional images of a single microsphere were
recorded on the CCD as a set of 13 images from z = -3.0 to +3.0 µm, with the axial
sampling interval of 0.5 µm. Each image was exposed for 10 minutes to increase the
signal level. In order to further improve the signal-to-noise ratio, two images were
taken at each focal position and ensemble averaged afterwards. The non-uniform
illumination was corrected using a flat field image. Anisotropic diffusion filters were
used to smooth the background while preserve the sharp point images. Finally the
background was subtracted from all the point images. The background was
determined by the base intensity (away from the bead) of all point images. The image
processing methods used above will be discussed in Chapter 4 in detail.
Figure 3.10 shows the point images obtained for the water-immersion lens.
These figures show that light gradually spread out with the increase of defocus, and at
the same time while intensity get lower. The spread out of intensity indicates the
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increase of attenuation of high frequency components in frequency domain. This
suggests that the out-of-focus blurs come from the neighborhood planes are more
low-frequency components than high-frequency components.
z = -3.0

z = -2.5

z = -2.0

z = -1.5

z = -1.0

z = -0.5

z = 0.0
y

8 µm

x
8 µm

z = 0.5

z = 1.0

z = 1.5

z = 2.0

z = 2.5

z = 3.0

y = 0.0
3.0
-3.0

z
x

Figure 3.10: The three-dimensional PSF for the Raman imaging
system with the water immersion lens described in Section 3.3.
The PSF is displayed by the point images (in the x-y lateral
planes) at various defocus amounts (on z axial direction). The
image size is 8x8 µm or 32x32 pixels. Negative z values
correspond to the objective lens moving towards the specimen.
The PSF is also displayed by the x-z cross-section from z = -3.0 to
3.0 µm; the in-focus plane is marked by an arrow. The color bar
indicates the relative intensity increasing from bottom to top.
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Figure 3.11: The falloff of PSF intensity in both lateral (a) and axial
(b) directions. The dash lines show the full-width half-amplitude
(FWHA) positions.
The falloff of intensity in the PSF can be used to estimate the resolution of the
Raman image system. Figure 3.11 illustrates the falloff of intensity in both lateral and
axial directions. I use full-width half-amplitude (FWHA) to measure the system
resolution. In the lateral (x-y) direction, the spatial resolution is approximately 0.75
µm. This value agrees with our discussion in Section 3.3 and 3.4. In the axial (z)
direction, the spatial resolution is about 2.6 µm. In other words, the Raman imaging
system can distinguish two point sources 0.75 µm apart in x-y plane and 2.6 µm apart
in z plane without any post-processing. The use of post-deconvolution methods
discussed in Chapter 4 will increase both the lateral and axial resolutions.
The asymmetric of the point images shown in Figure 3.10 suggests the existence
of optical aberrations in the system. This information is usually not given in the
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theoretical estimated PSF. I neglected the aberrations and used the radially averaged
PSF to calculate the three-dimensional OTF, which is shown in Figure 3.12.

(a)

(b)

(c)

(d)

Figure 3.12: The three-dimensional OTF for the Raman imaging
system with the water immersion lens described in Section 3.3. The
OTF ─ H(u,v,w) is displayed at (a) w = 0 µm-1, (b) w = 0.125 µm-1,
(c) w = 0.25 µm-1. The H(u,v,w) is also displayed by the cross-section
at H(0,v,w).
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Figure 3.13: The cut-off frequency of the three-dimensional OTF. (a)
The lateral cut-off frequency is illustrated by the falloff of H(u,0,0).
The OTF in u and v direction are symmetric. (b) The axial cut-off
frequency is illustrated by the falloff of H(0,0,w).
Figure 3.12 (a), (b) and (c) illustrate that with the increase of spatial frequency
in any of three coordinates u, v, or w, the magnitude decreases. The low-pass nature
of the OTF causes blurring of the three-dimensional image. From Figure 3.13, the
spatial cut-off frequency at half-magnitude (or at 3 dB attenuation) is 0.57 µm-1 in the
lateral direction and 0.15 µm-1 in the axial direction. The cross-section of OTF in
Figure 3.12(d) illustrates the approximate conical appearance reminiscent of the
missing cone effect studied in theoretical three-dimensional OTFs [87, 88]. The
missing cone of frequencies, owing to the limited aperture of the microscopic system,
causes blurring of the three-dimensional images. Three-dimensional reconstruction
algorithms, which seek to “fill” the missing cone and de-blur the images, will be
discussed in next chapter.
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CHAPTER 4
RAMAN IMAGE PROCESSING

As illustrated in Chapter 3, the recorded direct Raman images suffer from the
following problems which make it difficult to identify the drug distribution: severe
noise, blurring by the microscope system, non-uniform illumination effects caused by
the laser system, and background fluorescence of the cells. In order to restore the
degraded images into an image truly reflecting the drug distribution, a model was
established based on the physics of Raman scattering as well as the imaging system.
4.1

Raman Image Model

Assume a laser beam illuminates location (x,y,z) with a point intensity of i(x,y,z)
photons per second. The Raman scattering coefficient over a heterogeneous area is
K1(x,y,z), which is proportional to the concentration of specific chemical bonds to be
imaged. Then the Raman signal f(x,y,z) can be modeled as:

f ( x , y , z ) = K1 ( x , y , z ) ⋅ i ( x , y , z ) ⋅ t ,

(4.1)

where t is the exposure time. Usually the intensity of the illumination i(x,y,z) depends
on (x,y,z) because of imperfections in the laser expanding system. This lack of
homogeneity of the illumination causes a non-uniform illumination effect in the
recorded images.
If the image formation system is assumed to be linear and time-invariant with
point spread function (PSF) h(x,y,z), then the image g1(x,y,z) can be represented as:
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g1 ( x, y, z ) = h(x, y, z ) ∗ f (x, y, z ) , or

(4.2)

g1 ( x, y, z ) = [h( x, y, z ) ∗ K1 ( x, y, z )] ⋅ i ( x, y, z ) ⋅ t

(4.3)

where * is the linear convolution operator. The Raman signal f(x,y,z) was blurred by
the three-dimensional PSF of the microscopic system as discussed in Chapter 3.
There is usually another component contributing to the recorded Raman image,
that is the auto fluorescent signal, which can also be described as

g 0 ( x, y, z ) = [h ( x, y , z ) ∗ K 0 ( x, y, z )] ⋅ i ( x, y , z ) ⋅ t

(4.4)

where K0(x,y,z) is the fluorescent coefficient. Combining the two components in
Equation 4.3 and 4.4 with the degradation by the additive noise from the CCD
detector, we obtain the model of a recorded image:
g( x, y, z) = {[K1 ( x, y, z ) + K0 ( x, y, z)]∗ h( x, y, z)}⋅ i( x, y, z) ⋅ t + n( x, y, z) ,

(4.5)

where n(x,y,z) is the additive noise that occurs during image recording.
The purpose of the Raman image processing is to determine the Raman
scattering coefficient K1(x,y,z) of the image area from the recorded image g(x,y,z). In
order to determine K1(x,y,z), it is necessary to reduce the noise n(x,y,z) from the
image g(x,y,z), to correct the non-uniform illumination i(x,y,z)t, and to deconvolve
with the point-spread function h(x,y,z), and to subtract the fluorescence signal
K0(x,y,z).
4.1.1 Raman Signal Model
As discussed in Chapter 2, a Raman image is a molecular image, which displays
the distribution of a certain molecules. Since the molecules are usually limited within
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certain areas, a molecular image can often divided into several regions. Regions with
high molecular concentrations appear bright and regions with low molecular
concentrations appear dark. The intensity within a region changes gradually while
the average intensities between the different regions are quite dissimilar. For such a
image, we can use a piecewise smooth model to describe it. A piecewise image
f(x,y,z) with n regions may be written as
n

f ( x, y , z ) = ∑ si ( x, y , z ) ,

(4.6)

i

where the si(x,y,z) indicates a smooth region of f(x,y,z).
We created a 128x128x64-pixel phantom according the Raman image model.
This phantom, illustrated in Figure 4.1, represents the three-dimensional molecular
distribution in a cell. Figure 4.2 illustrates three layers of two-dimensional images at z
= 33, 34, and 35, respectively. These images show the relative locations of the five
smooth regions: the background, the cytoplasm, the nucleus, the mitochondria, and
the endoplasmic reticulum (ER). In the phantom I assume that the interest molecules
are distributed within the cell nucleus, mitochondria, and ER regions, but not in the
cytoplasm region. The concentration of the molecules in the nucleus region is
Gaussian distributed. The concentration of the molecules in the ER region is
distributed as linear, with the highest concentration at the right end. The concentration
of the molecules in the mitochondria region is uniform. The images contain nonuniform fluorescent background both inside (strong) and outside (weak) the cell.
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Figure 4.1. Two profiles of a phantom represent the three-dimensional
molecular distribution in a cell.

Endoplasmic reticulum (ER)

Background region Mitochondria region

Nucleus region

Cytoplasm region

Figure 4.2. Three layers of images at z = 33 (left), 34 (middle),
and 35 (right), respectively, showing the change of the
distributions in the lateral and axial directions of the phantom.
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4.1.2 Noise Models
Noise interference is significant for Raman imaging because of the weak Raman
signal. Eliminating or reducing the noise is, in most cases, the first important task in
Raman image processing.
There are at least five different types of noise that occur in Raman imaging.
These noises are generated from different sources, as discussed in the following.
Thermal Noise (also called Johnson noise)
Thermal noise arises from the thermal motion of charge carriers within the
materials of the CCD camera. Thermal noise exists even in the absence of a signal.
Thermal noise can be modeled as:

n j ( x, y ) = (4kBTG) ⋅ n0 ( x, y ) ,
12

(4.7)

where k is the Boltzman’s constant (1.38×10-23 Joules/Kelvin), B is the bandwidth of
the measurement, T is the temperature (Kelvin), G is the conductance of the material,
and n0(x,y) is the zero-mean Gaussian white noise. When the CCD camera is cooled
down, -70°C for example, the thermal noise will be greatly reduced.
Shot Noise
Shot noise is due to the quantum nature of charge carriers and results in a
statistical variation in the amplitude of the measured current. The shot noise can be
modeled as:

n s (x, y ) = [2 ⋅ q ⋅ B ⋅ f ( x, y )]1 2⋅ n0 ( x, y ) ,
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(4.8)

where q is the charge of the electrons, B is the bandwidth of the measurement, f(x,y)
is the detected signal intensity, and n0(x,y) is zero-mean Gaussian white noise.
G-R (Generation-Recombination) Noise
G-R noise is generated during the photon-conversion process, and is due to
fluctuations in the rates of thermal generation and recombination of charge carriers,
giving rise to a fluctuation in the average carrier concentration. G-R noise can be
modeled as:
12

τ


n gr ( x, y ) = 
⋅ f ( x , y )
2 2
1+ ω τ


⋅ n0 ( x , y ) ,

(4.9)

where f(x,y) is the detected signal intensity, τ is the lifetime constant of the minority
carrier, ω is the angular frequency of the signal, and n0(x,y) is zero-mean Gaussian
white noise.
1/f Flicker Noise
The power of 1/f flicker noise varies more or less inversely with the frequency
of signals. However, an exact analytical form does not exist. A common approximate
model for the flicker noise current is:

 K ⋅ B ⋅ f ( x, y ) 
n f ( x, y ) = 

ω



12

⋅ n0 ( x , y ) ,

(4.10)

where K is a constant, f(x,y) is the detected signal intensity, B is the bandwidth of the
measurement, ω is the frequency of the signal, and n0(x,y) is zero-mean Gaussian
white noise. This model is not suitable for the DC signal frequency since the flicker
noise cannot be infinite.
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Speckle Noise
Speckle noise occurs whenever the surface roughness of the object being
imaged is of the same order as the wavelength of the coherent excitation light. In
Raman imaging, especially imaging from the water immersion lens, the coherence of
the scattering light greatly reduced due to the diffusion process. Thus, speckle noise
in Raman imaging is not significant.
Equations 4.7 to 4.10 show that these noise types are signal-dependent except
for the thermal noise. Combining the individual noise model, the total noise model
can be represented as:

n( x, y ) = ns ( x, y ) + n gr ( x, y ) + n f (x, y ) + n j ( x, y ) , or

(4.11)

n (x, y ) = (k1 f (x, y ) + k 2 ) ⋅ n0 ( x, y ) ,

(4.12)

where k1 and k2 are constants that determine the standard deviation of the noise, and
n0(x,y) is a zero-mean, unit variances Gaussian white noise process. f(x,y) is the signal
intensity received by the CCD camera. From this model the noise in Raman image is
additive, signal-dependent, white, and Gaussian.

4.1.3 The Measurement of Raman Signal and Noise
To confirm the models of Raman signal and noise, the following measurements
were performed.
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Thermal Noise Measurement
Seven Raman images were taken with all the light sources being turned off. The
exposure times were 10, 30, 60, 120, 180, 240, and 300 seconds, respectively.
Without the light sources, I assumed that only thermal noise was recorded on the
images.
The Raman imaging band was at 1000 cm-1, which is approximately at the
center of a typical Raman fingerprint region. Therefore, the noise measurement shall
reflect the typical noise level in Raman images.
Figure 4.3(a) illustrates the 128×128-pixel thermal noise image g(x,y) with an
exposure time of 120 seconds. Figure 4.3(b) is the histogram of the g(x,y). It shows
that the noise intensity is approximately Gaussian distributed. Figures 4.3(c) and (d),
the power spectra of the image, show that the noise had a wide frequency band.
Table 4.1 lists the mean, standard deviation (STD), and the minimum (Min) and
maximum (Max) intensity of the thermal noise images, showing that the thermal
noise (energy) is independent of the exposure time and that the mean value of the
noise is close to zero. This result confirms the thermal noise model described in
Equation 4.7, which assumed that thermal noise is a zero mean Gaussian white noise
process. The thermal noise model can be represented as:
n j = 2.33 ⋅ n0 ( x, y )

(4.13)

The statistics in Table 4.1 also tells us that even the Raman intensity at a pixel is
6.99 photon counts (three times of noise STD), this value could still be caused by
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pure thermal noise with zero signal intensity. This knowledge is important when
designing methods to compensate for the non-uniform illumination discussed in
Section 4.4, and to avoid over-compensation for the noise.
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Figure 4.3: (a) Thermal noise image with 120 seconds exposure
time. (b) The intensity histogram of (a). (c) The logarithm power
spectra of the thermal noise image. (d) The perspective view of
the logarithm power spectra.
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Table 4.1: Statistics of the thermal noise images vs. exposure time
(The images contain only thermal noise)
Statistics
Mean
STD
Min
Max
Exposure Time
10 Seconds

-0.16

2.29

-8.63

8.24

30 Seconds

0.99

2.35

-8.63

9.02

60 Seconds

0.10

2.31

-7.65

9.02

120 Seconds

0.51

2.30

-8.63

10.20

180 Seconds

0.26

2.33

-8.63

14.30

240 Seconds

-0.37

2.36

-9.80

19.61

300 Seconds

1.45

2.39

-7.65

19.60

Average

0.40

2.33

-8.52

11.57

Signal and Noise Measurement
Seven Raman images were taken with the laser beam focused on a gold-coated
petri dish filled with water. The exposure times of the seven images were 10, 30, 60,
120, 180, 240, and 300 seconds, respectively. The gold coating surface generates no
Raman signals, however, the intensity of broad band fluorescent signals from the
water will be recorded on the images. These images can be considered as the Raman
images of a uniform surface.
Figure 4.4(a) illustrates the 128×128-pixel Raman image g(x,y) with an
exposure time of 120 seconds. Figure 4.4(b) is the histogram of the g(x,y). It shows
that the intensity is approximately Gaussian distributed. Figures 4.4(c) and (d), the
logarithmic power spectra of the image, show that the noise had a wide frequency
band. In addition, the figures illustrate that the zero spatial frequency (DC) level,
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which indicates the mean photon counts of the background signal. The obvious nonuniform illumination effect is present on the images. The non-uniform illumination
causes the asymmetric intensity on the left and right edges of the image. This jump of
intensity at the edges results in the so-called edge artifact (the horizontal bright line)
on the power spectra.
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Figure 4.4: (a) Raman image of water background with 120
seconds exposure time. (b) The intensity histogram of (a). (c)
The logarithmic power spectra of the Raman image. (d) The
perspective view of the logarithmic power spectra.
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Table 4.2 lists the statistics of the images, showing that the mean photon counts
increased approximately linearly to the exposure time (Figure 4.5). As pointed out
above, the mean photon counts or the DC level of the images are actually the
contribution of the signals. In other words, the Raman signal is linearly related to the
exposure time. This result confirmed the Raman signal model described in Equations
4.3.

Table 4.2: Statistics of the Raman images of water vs. exposure time
(The images contain both signal and noise)
Statistics
Mean
STD
Min
Max
Exposure Time
10 Seconds

2.17

2.64

-7.65

12.43

30 Seconds

6.85

4.30

-6.86

25.29

60 Seconds

13.96

7.60

-5.61

42.43

120 Seconds

28.28

13.75

-3.73

71.57

180 Seconds

40.86

20.06

-1.22

103.65

240 Seconds

54.62

26.51

3.33

138.67

300 Seconds

67.04

32.68

6.47

164.59

In order to estimate the noise model, we shall first attempt to eliminate the
unevenly distributed intensities from the images. The uneven intensity distribution
caused by non-uniform illumination manifests as a gradual change of intensity in the
images. Thus, within a sufficiently small area, it can be assumed that the intensity
variation caused by non-uniform illumination is negligible. Subtracting a mean value
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computed from the neighborhood of each pixel will then reduce the nonuniform
illumination effect.
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Figure 4.5: Raman signal increases linearly with the exposure time.

Figure 4.6(a) shows the noise image extracted from the water Raman image
with 120 seconds exposure time. Figure 4.6(b) is the histogram of the noise image.
This shows that the intensity is approximately Gaussian distributed. Figures 4.4(c)
and (d) illustrate the logarithmic power spectra of the image, showing the wide
frequency band of the noise. These figures suggest the noise is still white and
Gaussian distributed. The circular patterns in the center of the Figures 4.4(c) and (d)
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are errors generated by subtracting the DC signal. These errors should not noticably
affect the overall statistical model.
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Figure 4.6: (a) Noise image extracted from the Raman image of
water background with 120 seconds exposure time. (b) The
intensity histogram of (a). (c) The logarithmic power spectra of
the Raman image. (d) The perspective view of the logarithmic
power spectra.

Table 4.3 lists the statistics of the noise images extracted from the water Raman
images, showing that the standard deviation of the noise increased with the exposure
time or the Raman signal intensity. To estimate the dependency of the noise power to
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the signal intensity, the noise standard deviation is plotted against the average signal
intensity, shown in Table 4.2, and the square root of the signal intensity in Figures 4.7
and 4.8, respectively. The result show that the relationship between the noise power
and the signal intensity are closer to the linear case than to the square root case as
predicted in Equation 4.12. This is probably because the signal intensities are limited
to a small range. However, it is the signal range that we obtained from most of our
current experiments, therefore, the linear relationship is more proper in this study.
Based on linear regression, the noise model is estimated as
(4.14)

n( x, y ) = [0.04 ⋅ f ( x, y ) + 2.36] ⋅ n0 ( x, y )

where n0(x,y) is a zero-mean, unit variances Gaussian white noise processes, and
f(x,y) is the signal intensity. It is interesting to see that the signal independent part of
the noise is mostly contributed by the thermal noise as estimated in Equation 4.13.
Table 4.3: Statistics of the Noise images (extracted from the water Raman
images) vs. exposure time
(The images contain only noise components)
Statistics
Mean
STD
Min
Max
Exposure Time
10 Seconds

0.00

2.39

-8.66

8.56

30 Seconds

0.02

2.61

-9.38

12.10

60 Seconds

0.01

2.90

-10.57

12.94

120 Seconds

0.00

3.44

-12.31

16.42

180 Seconds

0.01

3.94

-16.16

21.53

240 Seconds

0.01

4.40

-17.65

20.64

300 Seconds

0.02

4.84

-18.40

31.60
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Figure 4.7: Plot of the standard deviation of the noise against the
Raman signal intensity.

6

Noise Standard Deviation

5

4

3

2

1

0
1

2

3

4

5

6

7

8

Square Root of Signal Intensity (Photon Counts 1/2)

Figure 4.8: Plot of the standard deviation of the noise against the
square root of the Raman signal intensity.
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4.2

Noise Reduction Using Anisotropic Median-Diffusion Filter

The anisotropic diffusion filter, first proposed by Perona and Malik [89] is a
nonlinear filter which can smooth a noisy image without blurring the edges in the
image. The diffusion equation for image f is given by

∂f
= div [c(∇f ) ⋅ ∇f ] ,
∂t

(4.15)

where∇f is a local image gradient and c(∇f) is the diffusion coefficient which is a
function of the local gradient. The anisotropic diffusion filter has been broadly used
for edge detection [90], image segmentation [91, 92], and noise smoothing [93-101].
A study [102] also shows that anisotropic diffusion filters achieve better noise
smoothing than the average, median and Lee's filters.
The idea behind the anisotropic diffusion filter is to evolve from a noisy image
g(x, y) a family of increasingly smooth images f(x,y,t) to estimate the original image.
The diffusion coefficient c(∇f) in Equation 4.15 is sometimes called the “edgestopping” function, which plays a central role in anisotropic diffusion. The diffusion
coefficient is set up such that the Equation 4.15 diffuses more in smooth areas and
less near the edges. The edges are detected in the diffusion coefficient according to
their local gradient. However, when the gradient generated by noise is equivalent to
or greater than that of edges, the diffusion function cannot distinguish if they are the
edges or the noise spikes. Therefore, using the traditional anisotropic diffusion filter
to reduce noise in low signal-to-noise ratio (SNR) images is often not satisfied. The
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filtered images either contain noise spikes and spots or leave the edges blurred
significantly [99, 103].
4.2.1 Problems with Traditional Anisotropic Diffusion
A discrete form of the anisotropic diffusion filter described in Equation 4.15 is
as follows:
f i ,( nj +1) = f i ,( nj ) + λ ⋅ [c N ⋅ ∇ N f + c S ⋅ ∇ S f +c E ⋅ ∇ E f + cW ⋅ ∇W f ]i , j ,
4
(n)

(4.16)

where n is the number of iteration, and λ ∈ [0,1] controls the rate of the diffusion.
The letters N,S,E,W are mnemonics for North, South, East and West; they describe
the direction of the local gradient. The local gradient is calculated by the nearestneighbor differences:

∇ N f i , j = f i −1, j − f i , j
∇ S f i , j = f i +1, j − f i , j

(4.17)

∇ E f i , j = f i , j +1 − f i , j
∇W f i , j = f i , j −1 − f i , j

Research on anisotropic diffusion filters has been oriented towards understanding the
characteristics of the diffusion coefficient c(∇f) and improving the performance of
diffusion filters [104-107]. In this dissertation, I use the Tukey biweight norm as the
diffusion coefficient proposed by Black et al. [107]. The normalized (magnitude)
Tukey biweight diffusion coefficient is defined as:

(

 25 

1 − ∇f
c(∇f , K ) = 16 K 

0

)

2
5K 


2

∇f ≤ 5K
otherwise
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(4.18)

where K is a constant which is tuned for a particular application. This constant is the
threshold of the local gradients. This threshold determines if a local edge is detected.
The flux function φ(∇f) is defined as:

φ (∇f , K ) = c(∇f , K ) ⋅ ∇f .

(4.19)

The diffusion coefficient and the flux functions are plotted in Figure 4.9. This figure
together with the Equations 4.16 and 4.17 suggest that when the local gradient
between a current pixel and its neighborhood pixel is smaller than the threshold K, the
neighborhood pixel is classified as in the same smooth region as the current pixel.
Therefore, the neighborhood pixel is actively involved in smoothing of the current
pixel. However, when the local gradient is greater than the K but less than 5 K , the
neighborhood pixel is considered to be distant from the current smooth region,
therefore, this neighborhood pixel contributes less towards smoothing of the current
pixel. When the local gradient is greater than

5K ,

the neighborhood pixel is

determined as a pixel in another region. Involvement of this neighborhood pixel in the
smoothing is completely inhibited to avoid blurring of the edges. Determining the
appropriate value of K for a noisy image is critical for the performance of traditional
anisotropic diffusion filters.
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Figure 4.9: The diffusion function (a) and the normalized flux
function (b) with K = 0.1.

Perona and Malik suggested using Canny's "noise estimator" [108] to determine
K. Torkamani-Azar and Tait [99] used the mean of the absolute gradient as the K.
Black et al. [107] determined K from the median absolute deviation. All of these
methods intend to separate the gradient generated by the noise from the gradient
generated by the edges.

However, in low SNR images, the average gradient

generated by the noise is comparable to or even larger than the gradient of the edges.
68

Under this condition, to determine a proper K to smooth the noise but to keep the
edges is difficult.
Experiments were carried out on a two-dimensional image (Figure 4.10) from
the cell phantom established in Section 4.1. The intensity of the phantom image was
normalized to the range [0,1] and then zero mean Gaussian noise was added to create
a specific signal-to-noise ratio (SNR). The SNR formula is
SNR = 20 log10

σ [ f ( x, y )]
σ [n ( x, y )]

(4.20)

where σ[f(x,y)] and σ[n(x,y)] indicate the standard deviations of the original image
f(x,y) and noise n(x,y), respectively.

Figure 4.10. Original image from the cell phantom used for
denoising experiment.
Figures 4.11(a) to 4.11(d) compare the denoising capability with traditional
anisotropic diffusion filters with different gradient thresholds K. The degraded image
is shown in Figure 4.11(a) with the SNR of 5 dB. Figure 4.12 shows the histogram of
the gradient throughout the image in 4.11(a). As expected, there is no way to separate
the gradient of the edges from the gradient of the noise. The standard deviation of the
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gradient is 0.19. In Figure 4.11(b) K is set at 0.09, which is approximately half of the
standard deviation of the gradient. This filtered image shows both impulsive noise
spikes and large “noise spots,” which are due to improper smoothing of the impulsive
noise. In Figure 4.11(c) K is set at 0.19, the same as the standard deviation of the
gradient. The filtered image removed most of the impulsive noise spikes but not the
large “noise spots.” In addition, edge blurring becomes evident. When K equals 0.38,
which is twice of the standard deviation of the gradient, edge blurring becomes
significant. Large “noise spots” still remain in the filtered result. This example
suggests that a small K will leave the filtered images containing noise spikes as well
as “noise spots.” A relatively large value of K will not help to remove the “noise
spots,” but it will result in more severely blurred edges. Clearly, traditional
anisotropic diffusion filtering does not deliver adequate results in low-SNR images
such as these.
4.2.2 Anisotropic Median-Diffusion Filter
A (noiseless) piecewise smooth image is usually insensitive to a median filter.
This is because a median filter eliminates only the sharp-intensity spikes but not the
sustained edges. In addition, a median filter will not change the intensity of a pixel in
a smooth region because the intensity of the pixel itself is often the median value of
its neighbors. Figure 4.13 shows the result of filtering the piecewise image shown in
Figure 4.10 with a 3x3 median filter. Except at the corners of the ER region, the
median filter corrupted few features in this piecewise image. Furthermore, iterative
median filtering of the image will not produce further noticeable degradation.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.11: Low SNR image denoising using different anisotropic
diffusion filters. (a) is the phantom shown in Figure 4.10 degraded
to the SNR of 5 dB. (b), (c) and (d) are the filtered images using the
traditional anisotropic diffusion filter with K set to 0.09, 0.19, and
0.38, respectively. (e) is the filtered image using the anisotropic
open-close diffusion filter with a 3x3 window. K is set to 0.03. (f)
is the filtered image using the anisotropic median-diffusion filter
with a 3x3 window. K is still set to 0.03. All the filters run 100
iterations in the diffusion.
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Figure 4.12: Histogram of the gradient throughout the noisy
image shown in Figure 4.11(a).

Figure 4.13: The result of image in Figure 4.10 filtered by a
3x3 median filter.

Here I propose to use a median filter in combination with a small K in diffusion
process. In other words, after diffusion with Equation 4.16, a median operation
(defined as follows) will be used to remove large noise spikes.

f i ,( nj +1) = Median ( f i ,( nj +1) , W )
where W is the window for the median operator. A 3x3 window is usually used.
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(4.21)

This modified anisotropic diffusion filter we call the anisotropic mediandiffusion filter. With each diffusion step, areas having small gradient are smoothed,
while areas with large gradient (from edges or noise spikes) relative to surrounding
areas are left unchanged. If the large gradients are generated by large noise spikes,
these spikes will be effectively removed by the subsequent median filter. However, if
the large gradients are generated by edges, the median filter will not affect them. With
each iteration step, low-level noise is smoothed by diffusion, while impulsive noise is
removed by the median filter. This process is demonstrated in Figure 4.14. A constant
image with unit variance Gaussian noise was created to illustrate the change of the
image histogram (or equivalent to noise histogram in this case) with the diffusion
steps. The noise histogram (dotted line) after an anisotropic diffusion step indicates
that the low-level noise increases and the median-level noise decreases, while the
high-level noise remains the same. While the diffusion process smoothes relatively
low-level noise, at the same time it causes the relatively high-level noise to further
“stand out” from the surroundings and is thus easily removed by the subsequent
median filter. The noise histogram (dashed line) after the subsequent median filter
shows that all the relatively high-level noise (than surroundings) was substantially
eliminated. In a word, the anisotropic diffusion process and the median filter work in
a complementary way to gradually eliminate the overall noise element without
blurring the edges.
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Figure 4.14: Histogram change of a Gaussian noise image (with unit
variance) during anisotropic median-diffusion. Solid line: the original
histogram of the Gaussian noise image. Dotted line: the histogram after
the first anisotropic diffusion step. Dashed line: the histogram after the
subsequent median filter.
The open-close and close-open filters were suggested by Acton [103] to be used
in a way similar to the median filter proposed here. These two morphological filters
have the similar function of removing noise spikes. However, they do not perform as
well as the median filter in this application. The image obtained by applying the
anisotropic open-close-diffusion filter in Figure 4.11(e) shows an obvious
illumination distortion relative to the original image. In addition, several “noise
spots” still remain on the filtered image.
The degraded image in Figure 4.11(a) was filtered by the anisotropic mediandiffusion with K = 0.03 (This value is much smaller than the standard deviation of the
gradient. The result in Figure 4.11(f) shows an excellent estimate of Figure 4.10.
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The quality of the denoised images was compared quantitatively by an universal
image quality index (Q) proposed by Wang and Bovik [109]. This index has been
demonstrated to have a very high degree of correlation with subjective evaluation of
image quality; far superior to the mean-square-error (MSE). The index Q between the
∧

estimated image f and the original image f is defined as:
Q = Q1 ⋅ Q 2 ⋅ Q 3 , and
Q1 =

σ

∧

, Q2 =

f f

σ fσ

2µ f µ ∧
f

(µ )

2

∧

f

f

+  µ ∧ 
 f

, Q3 =
2

(4.22)
2σ f σ ∧
f

σ f +σ
2

2

,

(4.23)

∧

f

where the µf and µ ∧f are the means and the σf2 , σ f 2 , and σf f are the variances and
∧

∧

∧

covariance of f and f , respectively. The first item Q1 measures the degree of linear
∧

correlation between the f and f ; the second item Q2 measures the similarity of the
∧

mean luminance between the f and f ; and the third item Q3 measures the resemblance
of the contrasts between the two the images. The three components of Q provide a
complete profile of the quality of a denoising filter. The dynamic range of the Q lies
∧

between [-1, 1]. The best value of 1 is achieved only when f = f.
The quality indexes achieved by the different filters are compared in Table 4.4.
Figures 4.15 and 4.16 illustrate the trend of quality indexes Q, Q1, Q2, and Q3 versus
iteration number for the anisotropic open-close-diffusion and median-diffusion filters,
respectively. The plot of Q2 in Figure 4.15 obviously illustrates that the mean
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illumination become worse after using the open-close/close-open diffusion filter. In
contrast, Figure 4.16 for the anisotropic median-diffusion filter shows that all three
quality measurements: correlation, mean luminance and contrast are gradually
improved with the progress of the iterations.
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Figure 4.15: Quality indexes Q (a), Q1 (b), Q2 (c), and Q3 (d)
versus the iterations during the smooth of the image in Figure
4.11(a) with the anisotropic open-close diffusion filter.
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Figure 4.16: Quality indexes Q (a), Q1 (b), Q2 (c), and Q3 (d)
versus the iterations during the smooth of the image in Figure
4.11(a) with the anisotropic median-diffusion filter.
The anisotropic median-diffusion filter was tested again on the image in Figure
4.17 that was degraded to SNR = 0 dB. Because of the large noise variation in this
image, the standard deviation of the gradient is 0.34, larger than that of the 5 dB SNR
image. However, the same value of K (0.03) was used to smooth the image when
using the anisotropic median-diffusion filter. The results shown in Figure 4.17
illustrate improved performance of the anisotropic median-diffusion filter relative to
the traditional algorithm. This example also suggests that selection of the threshold K
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is fairly robust, with the filter performance not being very sensitive to changes in K.
The robustness of the selection of K implies the possibility of simpler automatic
image denoising.

(a)

(b)

(c)

(d)

Figure 4.17: (a) Original image shown in Figure 4.10
degraded to SNR = 0 dB. (b), (c) filtered images using
traditional anisotropic diffusion filter with K = 0.17, 0.34,
respectively. (d) filtered image using the anisotropic mediandiffusion filter with a 3x3 window, where K = 0.03. All the
filters run 200 iterations in the diffusion.

The anisotropic median-diffusion filter was also tested on a piecewise-smooth
natural image as shown in Figure 4.18(a). This egg image was degraded to the SNR
of 0 dB by adding zero mean Gaussian noise as illustrated in Figure 4.18(b). The
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result of applying a traditional anisotropic diffusion filter (K = 0.2) is shown in Figure
4.18(c). It also displays “noise spots” as in the phantom case. The filtered image
using the new filter is much better at noise suppression, as illustrated in Figure
4.18(d).

(a)

(b)

(c)

(d)

Figure 4.18. (a) natural piecewise smooth image of eggs. (b)
image in (a) degraded to 0 dB SNR. (c) filtered image using
traditional anisotropic diffusion filter with K = 0.2. (d) filtered
image using anisotropic median-diffusion filter with a 3x3
window and K = 0.03. The filters run 100 iterations in the
diffusion.
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Table 4.4: Quality Index Q of the filtered images after using different filters
Noisy

Filters

K

Images

Phantom
Image

Iterations

Noisy

Filtered

Image

Image

Q Index*

Q Index*

Traditional anisotropic diffusion

0.09

100

0.18

0.25

Traditional anisotropic diffusion

0.19

100

0.18

0.38

Traditional anisotropic diffusion

0.38

100

0.18

0.34

Anisotropic open-close-diffusion

0.03

100

0.18

0.29

Anisotropic median-diffusion

0.03

100

0.18

0.68

Traditional anisotropic diffusion

0.17

200

0.11

0.17

Traditional anisotropic diffusion

0.34

200

0.11

0.30

Anisotropic open-close-diffusion

0.03

200

0.11

0.13

Anisotropic median-diffusion

0.03

200

0.11

0.52

Traditional anisotropic diffusion

0.20

100

0.12

0.53

Anisotropic median-diffusion

0.03

100

0.12

0.66

SNR = 5
dB

Phantom
Image
SNR = 0
dB
Egg Image
SNR = 0
dB

* The index Q was calculated relative to the original images.

Finally, we applied the anisotropic median-diffusion filter on Raman images of
microspheres. Figure 4.19(a) is the Raman image of 1-µm microspheres, the same
image as shown in Figure 3.7(b). Figure 4.19(b) is the denoised image by the
anisotropic median-diffusion filter. Figure 4.19(c) is the Raman image of a 25-µm
microsphere, the same image as shown in Figure 3.8(b). Figure 4.19(d) is the
denoised image by anisotropic median-diffusion filter.
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(a)

(b)

(c)

(d)

Figure 4.19. (a) Recorded Raman image of 1-µm microspheres. (b)
Denoised images of (a) using anisotropic median-diffusion filter,
with K = half of the standard deviation of the image gradient, 2x2
median filter window, and only two iterations. (c) Recorded Raman
image of a 25-µm microsphere. (d) Denoised images of (c) using
anisotropic median-diffusion filter, with K = half of the standard
deviation of the image gradient, 3x3 median filter window, and
three iterations.

4.3

Correction of Non-uniform Illumination

After reducing the noise, the non-uniform illumination i(x,y,z)t needs to be
corrected (see Equation 4.5). Since the difference of illumination in the axial direction
has been included in the OTF (Chapter 3), only the non-uniform illumination in the
lateral plane will be considered here. A flat field image is used as a reference image
to correct the lateral non-uniform illumination.
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According to the image model, the recorded flat-field reference image can be
expressed as:

r (x , y , z ) = [ h (x, y , z ) * K ] ⋅ i ( x, y , z ) ⋅ t ,

(4.24)

where K is a constant here. The noise is first removed from this image. If we assume
the optical transfer function of the microscope system is a low-pass filter over the
bandwidth, Equation 4.24 became:

r (x, y , z ) = K ⋅ i (x, y , z ) ⋅ t

(4.25)

Then the reference image is normalized by its own median value to give the
compensating image c(x,y,z):
c (x, y , z ) =

r ( x, y , z )
i ( x, y , z )
=
.
Median[ r ( x, y , z )] Median[i ( x, y , z )]

(4.26)

Dividing c(x,y,z) by the recorded Raman image g1(x,y,z), we get the compensated
image:
g c ( x, y , z ) =

g1 ( x , y , z )
= [h( x, y, z ) ∗ K1 ( x, y , z )] ⋅ Median[i ( x, y, z )] ⋅ t . (4.27)
c( x, y , z )

The above compensation algorithm keeps the median intensity of the image
unchanged. However, this algorithm is based on two assumptions. One assumes that
the Raman scattering coefficient is linearly related to the exposure time. The other
assumes a linear sensitivity of the CCD detector. However, these assumptions may
not exist when the signal is very weak or very strong. Before compensation, the
images need to be smoothed to avoid the artifacts caused by noise.
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Figure 4.20(a) and (b) illustrate the non-uniform illumination corrected
microsphere images in Figure 4.19 (b) and (d), respectively. Two 1-µm microspheres
at position 4 (see Figure 3.7) re-appear from the background after this correction.
Figure 4.20(c) shows the compensation image estimated from the Raman images of
water discussed in Section 4.1.3.

(b)

(a)

(c)
Figure 4.20. (a) Non-uniform illumination corrected Raman image
of 1-µm microspheres shown in Figure 4.19(b). (b) Non-uniform
illumination corrected Raman image of the 25-µm microsphere
shown in Figure 4.19(d). (c) The illumination compensation image.
The color bar indicates the relative Raman signal intensity
increasing from bottom to top.
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4.4

Three-dimensional Image Deconvolution

As discussed in Chapter 3, when a wide-field optical microscope is focused on a
particular plane of an object (Figure 4.21), the formed images are composed of the
superimposition of the image in the in-focus plane and the blurred images from focal
planes above and below the current focus setting. The blur of an image is described
by the PSF (or OTF) of a microscope. That is:
g ( x, y , z ) = h ( x, y, z ) ∗ f ( x, y , z ) + n ( x, y , z ) or

(4.28)

G ( u, v , w) = H ( u, v , w) ⋅ F ( u, v , w) + N ( u , v , w)

(4.29)

where g(x,y,z) is the blurred image of the point source f(x,y,z); n(x,y,z) is the noise;
and h(x,y,z) is the PSF of the microscope. G(u,v,w), F(u,v,w), N(u,v,w) and H(u,v,w)
are the corresponding Fourier transforms. The goal of the three-dimensional
deconvolution is to restore the object f(x,y,z) from its image g(x,y,z) and PSF.
z
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y’

Objective lens
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Figure 4.21: Three-dimensional optical sectioning.
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4.4.1 Algorithm Review
Inverse and Wiener filter
The traditional way to perform the deconvolution is via the inverse filter
(Equation 4.30) and Wiener filter (Equation 4.31):
F ( u, v , w) =

F ( u, v , w) =

1
⋅ G ( u , v , w)
H ( u, v , w)

H ( u , v , w)
H ( u , v , w) + 1

(4.30)

⋅ G ( u, v , w)

2

(4.31)

SNR

The SNR is usually set between 0.5 and 100. As discussed in Section 3.6, the threedimensional OTF has a biconic region of missing frequencies. These two
deconvolution algorithms will not be able to recover the lost information in the
biconic region [88]. In addition, these methods require sampling in the axial direction
regularly and closely spaced throughout the sample, which results in long data
acquisition times. Thus these two algorithms are not often used in practice.
Nearest-Neighbor and No-Neighbor Deconvolution
The Nearest-Neighbor deblurring algorithm is proposed by Castleman [84], and
later developed by Agard, et al. [110, 111]. As shown in Equation 4.32, this method
requires only two neighboring planes to restore the image in focus plane.

f k ( x, y ) ≈ [g k ( x, y ) − c ⋅ ( g k −1 ( x, y ) ∗ h−1 + g k +1 ( x, y ) ∗ h1 ] ∗ h0 . (4.32)
−1

Here the subscripts k, k±1 refer to the z plane numbers as show in Figure 4.21. The
subscripts on the two-dimensional PSF h refer to the number of interplane-spaces (∆z)
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away from focus plane. c is a constant about 0.45. The in-focus inverse filter h0-1 can
use the two-dimensional Wiener filter, that is
FFT ( h0−1 ) =

H 0 ( u , v , w)
H 0 ( u , v , w) + 1

(4.33)

.

2

SNR

The assumption in this algorithm is fk±1(x,y) ≅ gk±1(x,y).
An additional simplification to the No-Neighbors algorithm [112] is
f k ( x, y ) ≈ [g k ( x, y ) − 2c ⋅ ( g k ( x, y ) ∗ h1 ] ∗ h0 ,
−1

(4.34)

in which, it is assumed that gk±1(x,y) ≅ gk(x,y).
Like the inverse and Wiener filters, the Neighbors and No-Neighbors algorithms
are not capable of recovering the missing cone frequencies because of their linear
nature. With the development of nonlinear constrain methods, three-dimensional
deconvolution algorithms have shown [113-115] the capability of (partially) “filling”
the missing cone frequencies and achieving the so-called superresolution property.
The superresolution means that the restored image can approach the resolution only
limited by the optical diffraction.

Constrained Iterative Deconvolution
One of the most widely used commercially available algorithms is proposed by
Jannson-van Cittert (JVC) and later modifications by Agard et al. [111]. The
constrained iterative method is described as:
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[

]

f ( n +1) ( x , y , z ) = f ( n ) ( x, y , z ) + γ ( n ) g ( x , y , z ) − h ( x, y , z ) ∗ f ( n ) ( x , y , z ) and,

(4.35)

f ( n +1) ( x, y , z ) ≥ 0 ,

where g(x,y,z) is the recorded sectioning images, f

(n)

(x,y,z) is the restored images at

nth iteration, and γ (n) is a relaxation factor given by:

γ ( n ) = 1 − [h ( x, y, z ) ∗ f ( n ) ( x, y , z ) − A] / A2 .
2

(4.36)

The constant A is set to the maximum value of g(x,y,z)/2. The constraint here is to
prevent negative pixel values in the estimated image. That is, at each iteration, any
negative value is force to be zero. The constrained iterative method converges
quickly. However, the disadvantages of this method are the limited capabilities in
superresolution and very sensitive to noise.

Expectation-Maximization Maximum-Likelihood (EM-ML) Deconvolution
The most popular constrained deconvolution algorithms are derived from the
Bayesian theory with Poisson noise model. From the statistical point of view, a best
estimate of f(x,y,z) from g(x,y,z) in Equation 4.28 is obtained by maximizing the a
posterior probability (MAP) p(f|g). From Bayes’ rule, the posterior probability is
given by:
p( f | g ) =

p ( g | f ) ⋅ p( f )
,
p( g )

(4.37)

where p(g) is constant, p(g|f) is the conditional probability, and p(f) is the a priori
probability. In maximum likelihood (ML) estimation, the a priori probability p(f) is
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set to constant 1, that is to assume f is a uniform distribution. The MAP is equivalent
to maximize the conditional probability p(g|f).
If the measured image is the photon counting process, then each pixel is
properly described as a Poisson model. That is:
M

p( g | f ) = ∏
i

µ i N exp( − µ i )
i

Ni!

.

(4.38)

Here M is the number of pixels on the image, and the subscript i indicates each single
pixel. The mean of the Poisson model at each pixel is µi, which is equal to
[h(x,y,z)*f(x,y,z)] i. The number of photons at each pixel is Ni, which is equivalent to
the measured image [g(x,y,z)] i. Taking the negative logarithm of Equation 4.38 yields
the negative log-likelihood function:
L( f ) = − ln p( g | f ) = ∑ [h ∗ f − g ⋅ ln( h ∗ f )].

(4.39)

The choice of the conditional probability depends on both the imaging model and the
model for the noise. An iterative algorithm to minimize the log-likelihood function
was originally developed by Richardson [116] and Lucy [117], was used by Shepp
and Vardi [118] in emission tomography, and was later applied by Holmes in
microscopy [113, 114]. This algorithm is described as follow:


g ( x, y , z )
f ( n +1) ( x, y, z ) = 
∗ h ( x , y , z )  ⋅ f ( n ) ( x, y , z ) ,
(n)
 h ( x , y , z ) ∗ f ( x, y , z )


and, f

( n +1)

(4.40)

( x, y, z ) ≥ 0 .

Again, the non-negative constraint is also applied on the image at each iteration.
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There are other nonlinear methods derived from Bayesian theory with different
noise models and constrains on the image [115], for example, the iterative constrained
Tikhonov-Miller (ICTM) algorithm [119] and the Carrington algorithm [120]. These
algorithms are not discussed here because the performance of EM-ML method is
superior, as shown in the previous study [121].

4.4.2 Deconvolution of Raman Images
There are two problems that need be solved in practice when using the
deconvolution algorithms. First, there are often only a few images that can be
recorded at different defocus planes within a limited time. Especially in the case of
Raman imaging of living cells, we may only get one image (at a specific focal plane)
to represent the drug distributions with the current instrumentation. This is again due
to the relatively long exposure time required for Raman imaging. Secondly, noise is
inherent to the recorded images, especially for Raman images. Under this condition,
the noise may bias the deconvolved image away from the true object. For
deconvolution algorithms like JVC and EM-ML, the noise increases with iteration
number, hence a large number of iterations is not always possible. Without many
iterations, the capability of superresolution or band extrapolation is reduced [113115]. In this section different deconvolution algorithms are tested under the Raman
imaging conditions. The best algorithm will be selected afterwards.
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Deconvolution With Many Clean Axial Samples (ideal case)
The three-dimensional phantom (128x128x64 pixels) developed in 4.1.1 was
used as the original object for the Raman imaging. The optical transfer function
(OTF) determined in Chapter 3 was convolved with the object to simulate the blurred
record images. Figures 4.22(a) to 4.22(c) illustrate three original layers (out from 64
total layers) at focal plane 33, 34, 35, respectively. The simulated recorded images at
these focal planes are shown in Figures 4.22(d) to 4.22(f). According to the
measurement of OTF, the pixel-to-pixel distance on the transverse plane is 0.25 µm,
and the distance between two axial planes is 0.5 µm.
Figures 4.22(d) to 4.22(f) show that the recorded images are blurred
significantly, the ER and the mitochondria regions (see Section 4.1.1) are difficult to
be distinguished. The axial resolution between neighboring planes is lost completely.
There are no differences observed between the images recorded at 0.5 µm apart.
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(a)

(b)

(d)

(e)

(c)

(f)

Figure 4.22: (a) – (c): Original object at z = 33, 34, and 35,
respectively. (d) – (f): Recorded images corresponding to (a) – (c).
The inverse filter described in Equation 4.30 was used to deblur the recorded
images. All 64 images at different focal planes were involved in the deconvolution.
The results are illustrated in Figures 4.23(a) to 4.23(c). The endoplasmic reticulum
and mitochondria regions re-appear on the restored images. In addition, the resolution
is gained in the axial resolution. For example, the ER region appears brightest on the
left and gradually dims to the right; the mitochondria region appears brightest on the
right and gradually dims to the left. The intensity changes in these two regions match
the location of the original object (Figures 4.22(a) to 4.22(c)). The inverse filter
performed well under the ideal imaging condition: many axial samples are recorded
without noise.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

Figure 4.23: Restored images from the Figures 4.22(d) to 4.22(f)
using inverse filter: (a) to (c); Nearest-Neighbor deconvolution: (d) to
(f); Constrained iterative deconvolution: (g) to (i); and EM-ML
deconvolution: (j) to (l).
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Figures 4.23(d) to 4.23(f) show the restored images using the Nearest-Neighbor
deconvolution algorithm described in Equation 4.32. Only the restoring image plus
the two nearest neighbor images were involved in deconvolution. For example, when
restoring the image at focal plane 33, the images at z = 32, 33, and 34 were used. The
restored image gained lateral resolution. However, the gain of axial resolution is not
distinguishable due to the limited ability to “fill” the missing cone.
Figures 4.23(g) to 4.23(i) illustrate the restored images using the constrained
iterative deconvolution described in Equations 4.35 and 4.36. The initial image
f(0)(x,y,z) for the iteration is a constant unit-valued image. The number of iterations is
200. The results from this algorithm are comparable to the results from the inverse
filter.
Figures 4.23(j) to 4.23(k) illustrate the restored images using the EM-ML
deconvolution described in Equations 4.40. A constant unit-valued image was also
used as the initial image. The number of iterations was also 200. However, the
restored images are of lower quality than the results from the constrained algorithm.
This is due to the fact that the convergence speed in EM-ML is much slower than in
the constrained iterative algorithm. More iterations in the EM-ML are required to
generate comparable results to the constrained iterative method.
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Deconvolution With Single Axial Sample and No Noise
Now we assume only one image at focal plane z = 34 was recorded (Figure
4.24(a)), no other information were available except the measured OTF. With only
one image at the axial direction, using a three-dimensional inverse filter in Equation
4.30 is infeasible. Figure 4.24 (b) shows the restored image using the NoNeighborhood deconvolution method in Equation 4.34. There are not many
differences between this result and the result in Figure 4.23(e). This is probably
because the neighborhood images (Figures 4.23(a) to 4.23(c)) are very similar so that
the conditions for Nearest-Neighbor and No-Neighborhood are almost equivalent.
Figures 4.24(c) and 4.24(d) illustrate the restored images using constrained
iterative and EM-ML deconvolutions, respectively. Constant unit-valued images were
used as initial images f(0)(x,y,z)in both algorithms. The recorded images g(x,y,z) used
in Equations 4.35 and 4.40 were constructed by replicating the image of Figure
4.24(a) in the neighborhood along the axial axis. In other words, the neighborhood
images are assumed to be the same as the recorded images.
The iteration number in both algorithms was 200. The result of constrained
iterative deconvolution in this condition shows minor quality degradation compare to
the result in Figure 4.23(h). The result using EM-ML appears even better than in
Figure 4.23(k). This is probably due to the relative higher convergence speed under
this condition than in the case of Figure 4.23(k).
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(a)

(b)

(c)

(d)

Figure 4.24: (a): Recorded image at z = 34. (b): Restored image
of (a) using No-Neighbor deconvolution. (c): Restored image of
(a) using constrained iterative deconvolution. (d): Restored
image of (a) using EM-ML deconvolution.

Deconvolution with Single Axial Sample with Noise
Now the deconvolution algorithms were tested on a recorded image with noise.
The recorded image in Figure 4.24(a) was further degraded by the additive zero-mean
Gaussian noise using the model in Equation 4.14. This noisy image is shown in
Figure 4.25(a). The restored image using the No-Neighbor deconvolution is
illustrated in Figure 4.25(b), which shows much lower quality than the result in
Figure 4.24(b). The ER and mitochondria regions are still difficult to distinguish. The
constrained iterative deconvolution under noisy conditions is even worse. Figure
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4.25(c) (with 40 iterations) and 4.25(d) (with 200 iterations) show that the noise is
amplified with the number of the iterations, causing masking of the available
information.
The performance of EM-ML deconvolution is a little better due to the inherent
characteristics of the algorithm itself, which takes the noise statistics into
consideration. Figure 4.25(e) shows the result using 40 iterations, which is better than
the result (Figure 4.25(b)) using the No-neighbor deconvolution method. However,
the further increase of iteration again causes noise amplification which degrades the
image. Figure 4.25(f) shows the result of 200 iterations of EM-ML deconvolution.
This result suggests that an early termination is required when using the EM-ML
algorithm under noisy conditions.
Deconvolution with Pre-smoothed Single Axial Sample
Finally the algorithms were tested on the recorded images smoothed with
anisotropic median diffusion filters developed in Section 4.2. Figure 4.26(a) is the
smoothed image using the gradient threshold of 0.6 (tenth of the standard deviation of
the image gradient), the 3x3 median filter window, and 100 iterations. This image is
close to the image before the noise degradation (Figure 4.24(a)). However, “step”
artifacts are observed in this smoothed image. Figure 4.26(b) is the result using NoNeighbor deconvolution, which shows fewer noise-induced artifacts than did 4.25(b).
Figure 4.26(c) is the result after constrained iterative deconvolution with ten
iterations. The deconvolution enhances the “step” artifact but not the weak signal in
ER and mitochondria regions. More iterations again causes disruption of the image.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.25: (a): Recorded noisy image at z = 34. (b): image (a)
after No-Neighbor deconvolution. (c): image (a) after constrained
iterative deconvolution with ten iterations. (d): image (a) after
constrained iterative deconvolution with 200 iterations. (e) image
(a) after EM-ML deconvolution with ten iterations. (f) image (a)
after EM-ML deconvolution with 200 iterations.
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(a)

(b)

(c)

(d)

Figure 4.26: (a): Smoothed recorded image at z = 34 using the
anisotropic median-diffusion filter. (b): image (a) after NoNeighbor deconvolution. (c): image (a) after constrained iterative
deconvolution with ten iterations. (d): image (a) after EM-ML
deconvolution with 60 iterations.

Figure 4.26(d) is the result after EM-ML deconvolution with 60 iterations.
Small improvement (less oscillation) was observed compared with the image in
Figure 4.25(e). The allowance on the number of iteration was increased from 40 to
60. In principle, the Poisson assumption used to derive the EM algorithm does not
hold after pre-smoothing. However, in practice the breakdown of the Poisson
assumption has little effect on the usage of EM-ML algorithm as observed from this
study as well as the study in [122].
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Although the combination of pre-smoothing and EM-ML achieved relatively
better results compared to the other algorithms under noisy conditions, the results are
not satisfying. Significantly, the ER and especially the mitochondria region were not
recovered. The less satisfied results were also contributed to the existence of the
strong cell fluorescent background. Studies [123, 124] have shown that the
background intensity has critical influence on the performance of the EM-ML
deconvolution. This is because the existence of the constant background makes the
nonnegative constraint ineffective. Therefore, it is very important to eliminate the
constant background prior to performing the deconvolution. Figure 4.27(a) is the
degraded (blurred and noisy) cell image with the constant background eliminated.
The degraded image was processed the same way as the image in Figure 4.26(d). The
restored image in Figure 4.27(b) partially recovered the ER and the mitochondria
region.

(a)

(b)

Figure 4.27: (a): Degraded cell image with background
eliminated. (b): Restored cell image after smoothing with
anisotropic median-diffusion filter and then deconvolving using
EM-ML algorithm
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4.5

Elimination of Fluorescence Signal

After deconvolution, Equation 4.5 became:

g ( x , y , z ) = K1 ( x , y , z ) + K 0 ( x , y , z ) .
The next processing step is to subtract the fluorescent signal K0(x,y,z). The estimation
of the fluorescent signal is done according to the properties of a Raman spectrum.
The Raman signal rides on the fluorescent baseline (Figure 4.28). If a Raman image is
taken at the Raman peak at fa, it contains both the Raman signal and fluorescent
signal. If another image is taken at a neighborhood frequency fa, however, it only
contains the fluorescent signal. As the fluorescence is broad band signal compare to
the Raman signal, the fluorescent background on these two neighborhood images are
similar. This neighborhood image can go through the same processing as discussed in
Section 4.2 to 4.4 to get the fluorescent signal K0(x,y,z), which can then be directly
subtracted from the Raman image.

Raman Signal

fa

fb
Fluorescence Signal

Raman Shift
Figure 4.28: An example of Raman spectrum used to explain the
method of eliminating fluorescent signal.
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To summarize this chapter, the post-processing of Raman images should include
the following sequential steps:
1) Reduce the noise using the anisotropic median-diffusion filter,
2) Correct the non-uniform illumination using a flat-field image
3) Subtract the background and deconvolve with EM-ML algorithms based on the
measured OTF.
4) Eliminate fluorescent signal using another image recorded in the neighborhood
Raman band
The application of these processing methods to real Raman images will be discussed
in the next chapter.
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CHAPTER 5
APPLY RAMAN IMAGING
TO DRUG VISULIZATION IN LIVING CELLS

As discussed in Chapter 1, a conventional light microscope can be used to see
cell structures (Figure 5.1(a)). However, it does not show drugs absorbed by the cells.
This is because drugs are usually clear and without a specific shape. In contrast, a
Raman image of the same cell can show us the drug distributions, for example, the
pink area in Figure 5.1(b). This Raman image is taken at the drug’s characteristic
Raman band, thus it only shows the distribution and concentration of the drug. The
combination of conventional and Raman images will illustrate the drug locations in a
cell. For example, Figure 5.1(c) shows that the drug is concentrated in the cell
nucleus area, which suggests that the mechanism of this drug might be “attacking” the
cell DNA and then killing the cell.
This chapter will discuss how to apply Raman imaging techniques to visualize
the sub-cellular distributions of anticancer drugs within a living tumor cell. I will use
Taxol, an anticancer drug that has well known mechanisms and cellular distribution,
to demonstrate the feasibility of Raman imaging. I will discuss how to identify the
characteristic Raman band of an anti-cancer agent, how to prepare a cell specimen for
Raman imaging, how to acquire Raman images of living cells, and how to process the
raw data.
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(a)

(b)

(c)
Figure 5.1: Drawings to demonstrate the method of visualizing
drug distribution in a cell. (a) Conventional light image of a
cell. (b) Raman image of the same cell taken at the Raman
band of a drug. (c) The combination of conventional and
Raman images show the drug distribution in the cell.

5.1

Anticancer Drug - Taxol and Its Characteristic Raman Band

Taxol (or the genetic name paclitaxel) is an anticancer drug often used to treat
breast cancer, ovarian cancer, and non-small cell lung cancer. Paclitaxel is a
compound originally isolated from the bark of the Pacific yew tree. The antitumor
activity of paclitaxel was discovered in 1963 by Drs. Wall and Wani of Research
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Triangle Institute, North Carolina, when the U.S. Forest Service sent Pacific yew tree
bark to National Cancer Institute (NCI) for screening.
Paclitaxel’s unique mechanism of anti-tumor action was identified sixteen years
later by Dr. Horwitz of the Albert Einstein College of Medicine, New York. Taxol
“attacks” a kind of cell skeleton called microtubules, which plays an important role in
cell division. With exposure to Taxol, cancer cells cannot grow and divide, but
instead go to programmed death (apoptosis).
Taxol was selected for this study for two reasons. First, the interactions between
Taxol and cellular molecules have been well studied. This knowledge will help us to
examine the results and determine the capability of the Raman imaging technology.
Second, the chemical structure of Taxol is not symmetrical and contains multiple
rings. This kind of chemical structure often emits strong Raman signals.
Figure 5.2 illustrates the chemical structure of Taxol. Figure 5.3 illustrates the
Raman spectrum of pure Taxol (99.0% neat powder from Yunnan Hande Technology
Development Co. Ltd., Kunming, China). The most significant Raman peaks of Taxol
are at 617 cm-1, 1002 cm-1, and 1601 cm-1. The Raman peak at 617 cm-1 is due to the
benzene ring deformation. The Raman peak at 1002 cm-1 is due to the sp3 hybridized
carbon-carbon (C-C) vibration. The Raman peak at 1601 cm-1 is due to the carboncarbon double bond (C=C) stretching vibration.
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Figure 5.2: Chemical structure of Taxol.
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Figure 5.3: Raman spectrum of Taxol (neat powder). The spectrum
was taken with the 20X lens. The exposure time was of 30 seconds.
The specimen was placed on a gold-coated slide to eliminate the
background Raman signal.
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3000

The biggest problem with using Taxol is that it is not soluble in water, thus it
cannot be directly used to treat cells. In addition, the suitable solvent has strong
background signals that makes it difficult to detect some of the Raman signals from
Taxol. According to the clinical formula (Bristol-Myers Squibb Company, Princeton,
NJ), Taxol needs to be first dissolved in dehydrate ethanol alcohol 49.7% (v/v) and
then stabilized with cremophor EL (polyoxyethylated castor oil). A ten-milliliter
stock solution was made according to the formula, with the Taxol concentration of
9mg/ml. Before cell treatment, the solution is further diluted to 0.3mg/ml (350 µM)
concentration with phosphate-buffered saline (PBS) solution (w/ calcium &
magnesium). A solvent-only solution, composed of dehydrates ethanol alcohol 49.7%
(v/v) and cremophor EL but without Taxol, was also made. This solvent solution will
be used to treat cells as a comparison case.
With the mix of ethanol and cremophor oil, the Raman spectrum of the Taxol
solution was affected significantly. Figures 5.4 and 5.5 illustrate the Raman spectrum
of the 0.3mg/ml Taxol solution between 750 and 1750 cm-1. The strong fluorescence
from cremophor oil (Figure 5.7) swamped most of the Raman peaks of Taxol, only
left the peak at 1002 cm-1 (shift to 1000 cm-1) barely see. The Raman peak at 1000
cm-1 is the contribution from Taxol because neither ethanol nor cremophor oil has a
Raman peak in this band (refer to Figure 5.6 and 5.7). The Raman spectrum of the
solvent-only solution shown in Figures 5.8 and 5.9 obviously does not show the 1000
cm-1 peak.
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Figure 5.4: Raman spectrum (between 750-1250 cm-1) of 0.3 mg/ml
Taxol solution, taken with the 60X W/IR lens and the exposure time of
300 seconds. The Taxol solution was contained in a gold-coated petri
dish to eliminate the background Raman signal.
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Figure 5.5: Raman spectrum (between 1250-1750 cm-1) of 0.3mg/ml
Taxol solution, taken with the 60X W/IR lens and the exposure time of
300 seconds. The Taxol solution was contained in a gold-coated petri
dish to eliminate the background Raman signal.
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Figure 5.6: Raman spectrum of dehydrate ethanol alcohol (200 proof), taken
with the 60X W/IR lens and the exposure time of 30 seconds. The ethyl alcohol
was contained in a gold-coated petri dish to eliminate the background Raman
signal.
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Figure 5.7: Raman spectrum of pure Cremophor EL, taken with the 5X lens
and the exposure time of 10 seconds. The Cremophor EL was contained in a
gold-coated petri dish to eliminate the background Raman signal.
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Figure 5.8: Raman spectrum (750-1250 cm-1) of “0.3mg/ml” solvent-only
solution, taken with the 60X W/IR lens and the exposure time of 300
seconds. The Taxol solution was contained in a gold-coated petri dish to
eliminate the background Raman signal.
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Figure 5.9: Raman spectrum (1250-1750 cm-1) of “0.3mg/ml” solventonly solution, taken with the 60X W/IR lens and the exposure time of
300 seconds. The Taxol solution was contained in a gold-coated petri
dish to eliminate the background Raman signal.
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From the Raman spectrum of the 0.3 mg/ml Taxol solution, a image can be
taken at 1000 cm-1 to represent the Taxol distribution. Another image at 1080 cm-1
can be taken to correct the contribution of Fluorescent signals on the 1000 cm-1
image. However, to detect the images in cell, Raman and fluorescent signals from cell
need to be considered as well.
5.2

Determining Raman Spectrum of Tumor Cells

The Raman spectrum of MDA-435 breast tumor cells, which will be used for
imaging, was studied. The tumor cells were plated in the gold-coated petri dish
containing PBS during the Raman spectra measurement. Figures 5.10 and 5.11
illustrate the locations (at the center of the cross hair) of the laser beam for the two
spectra of cell cytoplasm and nucleus areas, respectively. Figures 5.12 and 5.13 show
the Raman spectrum of the cytoplasm and nucleus of the MDA-435 breast tumor cell.
These two spectra suggest that the chemical components between the two areas are
similar. Unfortunately, the carbon-carbon stretching mode (indicated by 1003 cm-1
Raman peak) is also shown in the cell. This peak is very close to the 1000 cm-1
Raman band that we will use for imaging the Taxol. Fortunately, the Raman signal at
this peak from the cell is relatively weaker than that of the Taxol. One way to
distinguish the Taxol distribution from any cellular contribution is to compare the
Raman images before and after a cell is exposed to Taxol solution, and to monitor the
changes of the Raman images at the 1000 cm-1 Raman band.
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Figure 5.10: Laser located at the center of the cross hair when taking
the Raman spectrum of cytoplasm. The units of the dimensions are
µm.

Figure 5.11: Laser located at the center of the cross hair when taking
the Raman spectrum of cell nucleus. The units of the dimensions are
µm.
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Figure 5.12: Raman spectrum (750-1250 cm-1) of cytoplasm from a
MDA-435 tumor cell, taken with the 60X W/IR lens and the exposure
time of 300 seconds. The cell was in a gold-coated petri dish to eliminate
the background Raman signal.
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Figure 5.13: Raman spectrum (750-1250 cm-1) of cell nucleus from a
MDA-435 tumor cell, taken with the 60X W/IR lens and the exposure
time of 300 seconds. The cell was in a gold-coated petri dish to eliminate
the background Raman signal.
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5.3

Tumor Cell Line and Cell Preparation

As already mentioned in the last section, the human breast tumor cell line,
MDA-435, was used in this study. This cell line is maintained by the Institute for
Drug Development (IDD) in San Antonio, Texas. Approximately 105 MDA-435 cells
were cultured on a gold-coated Petri dish and allowed to stabilize for 24 hours in the
RPMI-1640 medium supplemented with fetal bovine serum. The cells adhere to the
bottom of the petri dish after this stabilizing period.
Regular petri dishes for culturing living cells are made of polystyrene plastics.
Polystyrene emits a strong Raman signal at about 1000 cm-1. In order to eliminate this
interference from polystyrene, we used gold, a material with no Raman signals, to
coat the petri dishes (illustrated in Figure 5.14). A 200-Angstrom thick gold coating
effectively blocked the polystyrene Raman signals. The petri dishes were re-sterilized
before culturing the cells.

Figure 5.14: Gold-coated petri dish for plating living cells for
Raman spectrum and imaging.
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To determine whether the gold coating was toxic to the cells and whether the
cells were able to adhere to the gold coating surface, experiments were performed to
compare the growth of cells in both regular petri dishes and gold-coated petri dishes.
After five days of cell growth, we compared cell counts, a percent of confluence (cell
growth), and cellular morphology. No significant differences were found between the
use of the two different petri dishes.
5.4

Cellular Imaging Procedures

Each imaging experiment is composed of eight steps as follows:
1) Setup and calibrate the Raman instrument,
2) Wash out nutrition medium from the cell samples and replace with PBS solution,
3) Select a cell as imaging target and adjust the focal point,
4) Take cellular images before drug treatment as the control case,
5) Replace PBS with 0.3mg/ml Taxol solution to start the drug treatment,
6) Take cellular images during the drug treatment,
7) Wash out Taxol solution with PBS and put cell back to PBS after one hour of
drug treatment,
8) Continue to take cellular images after drug treatment.
These steps are explained in detail in the following paragraphs.
In Step 1, the laser system was allowed to warm up and the illumination power
at the sample was stabilized around 10 mw. Experiments have shown that the cells
are tolerant to this power with the expanded beam. The Raman system was calibrated
before each experiment to correct the day-to-day changes on the system. Silicon has a
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strong and sharp Raman peak at 520 cm-1; it is routinely used to calibrate the
diffraction grating system before recording Raman spectra. Polystyrene microspheres
have a strong Raman peak at 1000 cm-1, which is near the imaging bands in this
study; they are usually used to calibrate the tunable bandpass filter before taking
Raman images. A flat field Raman image was taken at 1000 cm-1. This image was
used to correct the non-uniform illumination, as will be described.
In Step 2, the cells in the RPMI nutrition medium were washed (four times)
with Phosphate-buffered saline (PBS). PBS was used as the medium during imaging
to reduce the fluorescent background from the nutrition medium. The PBS
(Mediatech, Inc.) with calcium and magnesium was used in the experiments. It was
found that cells in the PBS without calcium and magnesium would detach from the
bottom of petri dish during imaging.
In Step 3, a single cell, with its size well covered by the imaging area, was
selected as the sample. The height of the cell was estimated using the vertical control
of the sample stage. Then the focal plane was set approximately at the middle layer of
the cell.
In Step 4, three cell images were taken before Taxol treatment, that is, when the
cells are in PBS. A white light image of the cell illustrates the cell structure. A
corresponding Raman image of the same cell is at the 1000 cm-1 Raman band. This
image includes the cellular contributions in this Raman band and the fluorescent
variation (signals) across the image. A second Raman image at 1080 cm-1 was taken
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which only has the contribution from fluorescent signals. These three images form a
record representing the control situation.
In Step 5, PBS was replaced by the 0.3 mg/ml Taxol solution to start the drug
treatment. The Taxol solution at this concentration was found suitable for this study
to detect Taxol in cells. The cells were exposed to Taxol for one hour.
In Step 6, several image records were obtained during the one-hour drug
treatment. Each record contains the same kind of images as described in step 4.
However, at this time the Raman image at 1000 cm-1 contains Raman signals from
Taxol as well as the background signals contributed from the solvent. The images
after post-processing will show the cellular distributions of Taxol during the drug
treatment.
In Step 7, Taxol solution was washed out using PBS after one hour of treatment,
the cells were returned to the PBS medium.
In Step 8, serials of image records were acquired after the drug treatment.
Although the drug solution was washed out, the Taxol molecules that entered the cell
remained there and continued to interact with the cell. Thus the Raman images at
1000 cm-1 continue to have signals from the Taxol and to show the drug distributions
within the cell.
One problem needs to be solved during the solution exchange in Steps 5 and 7.
Since it requires the location of the imaging sample to remain unchanged during the
solution exchange, a PBS/drug delivery system was designed as illustrated in Figure
5.15. During the solution exchange, one syringe slowly withdraws the old solution
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while the other syringe slowly injects the new solution, without allowing the solution
under the lens to completely drain. The petri dish is seated in an aluminum plate,
which prevents the petri dish from moving during the operations. In this way the cell
remains in focus by the microscope during the delivery and clearance of PBS/drug.

(a)

(b)
Figure 5.15: (a) The PBS/drug solution delivery system. (b) The
solution delivery system used during imaging to keep the
sample stay focused.
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5.5

Data Analysis

As described above, each image record contains a white light image and two
Raman images at 1000 cm-1 and 1080 cm-1, respectively. An example of such a record
is shown in Figure 5.16.

(a)

(c)

(b)

(d)

Figure 5.16: An example of the image record. (a) The white light image
of a MDA-435 breast cancer cell. (b) The Raman image of the cell taken
at 1000 cm-1 Raman band using the 60x W/IR lens. The exposure time
was 300 seconds. (c) The Raman image of the cell taken at 1080 cm-1
Raman band using the 60x W/IR lens. The exposure time was 300
seconds. (d) The difference of (b) and (c) before processing. The color
bar indicates the relative Raman signal intensity increasing from bottom
to top.

It is difficult to get useful information from the Raman image (Figure 5.16(d))
before processing because they suffer from many distortions (severe noise, nonuniform illumination, strong fluorescent background, and optical system blur) as
discussed in Chapter 4. In this section I will use the image processing algorithms
developed in Chapter 4 to explore the data step by step.
Figure 5.17(a) and (b) illustrates the Raman images after reducing the noise
using the anisotropic median-diffusion filter. The standard deviation of the image
gradient was used as the diffusion coefficient. A 3x3 window was used for the
median filter.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

Figure 5.17: Post-processing of Raman images in Figure 5.16 (b)
and 5.16(c) are illustrated in left and right columns respectively.
(a) and (b): Smoothed images; (c) and (d): non-uniform
illumination corrected images; (e) and (f) Background subtracted
images; (g) and (h) Three-dimensional blur restored images; (i)
Fluorescent signal eliminated image; (j) The overlay of the image
of (i) on the image in Figure 5.16 (a). The color bars indicate the
relative Raman signal intensity increasing from bottom to top.
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Figure 5.17 (c) and (d) shows the Raman images with the non-uniform
illumination corrected. A Raman image of a flat surface was recorded (in Step 1),
smoothed, and normalized, then used as a reference image for this correction (see
Chapter 4 for detail).
The next step is to subtract the constant fluorescent background from the Raman
images. As the majority pixel on the Raman image is the background, the mean value
is used to represent the constant background for simplification. All negative values
are set to zero after the subtraction of the mean value. This step also enhances the real
signals on the image. The Raman image in Figure 5.17(e) contains the Raman signal
at the 1000 cm-1 band as well as the fluorescent signal in this band. The image in
Figure 5.17(f), however, only contains the fluorescent signal in the 1080 cm-1 band.
As fluorescence is a broad band signal, and the 1000 and 1080 cm-1 are very close in
terms of fluorescence, their contribution to these two images are the same. The
background subtraction also makes the three-dimensional restoration more effective
in the next step (see discussion in Chapter 4).
The EM-ML three-dimensional deconvolution algorithm was used to restore the
blurring caused by the microscope system. The OTF of the system was determined in
Chapter 3 and used here for the deconvolution. The restored image is shown in
Figures 5.17(g) and (h).
Finally the Raman image at 1080 cm-1 in Figure 5.17(h) was subtracted from the
Raman image at 1000 cm-1 in Figure 5.18(g). The fluorescence-eliminated image is
shown in Figure 5.17(i), which only illustrates the Taxol distributions. The Taxol
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distribution in the cell is shown in Figure 5.17(j) by superimposing the image in
Figure 5.17(i) on the white light image in Figure 5.16(a).
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CHAPTER 6
RESULTS AND DISCUSSIONS

In Experiment I, MD-435 tumor cells were exposed to 0.3 mg/ml (350 µM)
Taxol solution for one hour. The white light images and Raman images (in the 1000
and 1080 cm-1 Raman bands) were obtained before, during, and after the Taxol
treatment. All the Raman images were taken using a 60x water immersion lens. The
exposure time was 300 seconds.
Using the post-processing methods developed in Chapters 4 and 5, the results
are shown in Figures 6.1 to 6.7, respectively. Figure 6.1 illustrates the images before
drug treatment. Figures 6.2 and 6.3 illustrate the images 10 minutes and 45 minutes
during the drug treatment, respectively. Figures 6.4, 6.5, 6.6, and 6.7 illustrate the
images 10 minutes, 1.75 hours, 4 hours, and 4.5 hours after the drug treatment (the
Taxol agent was washed out).

(a)

(b)

(c)

Figure 6.1: Experiment I: images before the MDA-435 breast cancer cell
was exposed to Taxol agent. (a): white light image of the cell shows the
cell structure. The red arrow points to the cell nucleus region. (b): Raman
image of the cell shows the intensity distribution in the 1000 cm-1 Raman
band. (c): The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from bottom to top.
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(a)

(b)

(c)

Figure 6.2: Experiment I: images 10 minutes during the MDA-435
breast cancer cell was exposed to Taxol agent. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. (b): Raman image of the cell shows the
intensity distribution in the 1000 cm-1 Raman band. (c): The
superimposition of images of (a) and (b). The color bar indicates
the relative Raman signal intensity increasing from bottom to top.

(a)

(b)

(c)

Figure 6.3: Experiment I: images 45 minutes during the MDA-435
breast cancer cell was exposed to Taxol agent. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. (b): Raman image of the cell shows the
intensity distribution in the 1000 cm-1 Raman band. (c): The
superimposition of images of (a) and (b). The color bar indicates
the relative Raman signal intensity increasing from bottom to top.
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(a)

(b)

(c)

Figure 6.4: Experiment I: images 10 minutes after the MDA-435
breast cancer cell was exposed to Taxol agent. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. (b): Raman image of the cell shows the
intensity distribution in the 1000 cm-1 Raman band. (c): The
superimposition of images of (a) and (b). The color bar indicates
the relative Raman signal intensity increasing from bottom to top.

(a)

(b)

(c)

Figure 6.5: Experiment I: images 1.75 hours after the MDA-435
breast cancer cell was exposed to Taxol agent. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. (b): Raman image of the cell shows the
intensity distribution in the 1000 cm-1 Raman band. (c): The
superimposition of images of (a) and (b). The color bar indicates
the relative Raman signal intensity increasing from bottom to top.
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(a)

(b)

(c)

Figure 6.6: Experiment I: images 4 hours after the MDA-435 breast
cancer cell was exposed to Taxol agent. (a): white light image of
the cell shows the cell structure. The red arrow points to the cell
nucleus region. The blue arrow points a bleb that is about to come
out. (b): Raman image of the cell shows the intensity distribution in
the 1000 cm-1 Raman band. (c): The superimposition of images of
(a) and (b). The color bar indicates the relative Raman signal
intensity increasing from bottom to top.

(a)

(b)

(c)

Figure 6.7: Experiment I: images 4.5 hours after the MDA-435
breast cancer cell was exposed to Taxol agent. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. The blue arrow points the growing bleb.
(b): Raman image of the cell shows the intensity distribution in the
1000 cm-1 Raman band. (c): The superimposition of images of (a)
and (b). The color bar indicates the relative Raman signal intensity
increasing from bottom to top.
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The images in Figure 6.1 show the 1000 cm-1 Raman signals contributed from
the molecules of the cell itself. The original Raman intensities inside this cell are
relatively low. The images in Figures 6.2 and 6.3 suggest that the Taxol are
accumulated outside the cell membrane, especially near the right side of the
membrane, and gradually penetrate into the cell. The relative low intensities in these
two figures are probably because the cell is not in the PBS solution but in the drug
solution, which contributes to a higher background than the PBS solution. After
subtracting a higher mean value from the image, its intensity became lower.
Figures 6.4 to 6.7 show that the Raman intensities are relatively higher in the
center area as well as near the cell membrane. However, there is no intensity in the
cell nucleus area. As we know, the Raman signal is directly related to the molecular
concentration. The higher the intensity, the higher the molecular concentration.
Therefore, these figures suggest that Taxol is retained by the cell and is more
concentrated near the center of the cell as well as near the cell membrane, but less
concentrated in the cell nucleus. At this point it is worth reviewing the known
mechanism of Taxol.
Taxol is an antimitotic drug, which stabilizes the microtubules, one type of
cytoskeleton that plays an important role in cell division. Microtubules are long and
hollow tubes of protein that grow out from a small structure near the center of the
cell, called centrosome, and extend out towards the cell periphery (Figure 6.8(a)).
Microtubules can rapidly disassemble in one location and reassemble in another.
When a cell enters mitosis (division), the microtubules disassemble and then
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reassemble into an intricate structure called the mitotic spindle (Figure 6.8(b)). The
mitotic spindle provides the machinery that will segregate the chromosomes equally
into the two daughter cells just before a cell divides [125]. The action of Taxol is to
bind tightly to the growth end of the microtubules (Figure 6.8(c)). In this way, Taxol
prevents the microtubules from losing subunits (i.e., depolymerization). Since new
subunits can still be added (i.e., polymerization), the microtubules can grow but
cannot shrink. In order for the spindle to work, the microtubules must be able not
only to assemble but also to disassemble. Thus Taxol prevents the mitotic spindle
from functioning normally, and the dividing cell is arrested in mitosis [125].
microtubules mitotic spindle

Taxol molecule

centrosome
nucleus
(a)

(b)

(c)

Figure 6.8: Distribution and functions of the cell microtubules. (a)
Microtubules grow out from the centrosome and extend to cell
membrane. (b) In the dividing cell, microtubules form a mitotic
spindle to help nucleus splitting. (c) Taxol binds to the growth end
of the microtubules.
The finding of Taxol distributions from the Raman images is well explained by
the binding characteristics of the Taxol and its molecular target – the microtubules.
The high Taxol concentration in the center area of the cell might be the location of the
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centrosome. The relatively high Taxol concentration near the cell membranes is
probably because the growth ends of the microtubules extend to the membrane. These
patterns of Taxol distribution were also observed in the other studies [10, 126].
The cell was found to start blebbing about four hours after exposure to Taxol
solution (Figure 6.6), and the blebs progressively increased in size (Figure 6.7).
Previous studies [127-133] have shown that cell blebbing often indicates the start of
cell apoptosis (programmed death of the cell). The promotion of the assembly of
microtubules after binding with Taxol might cause the cell blebbing.
A control experiment (Experiment II) was performed as a comparison to the
Experiment I. The MDA435 tumor cells were exposed to the Taxol’s solvent-only
solution. As discussed in Chapter 5, solvent-only solution was prepared in the same
way as the Taxol solution but without Taxol. The cells were exposed to the solvent
for one hour, the same exposure time as in the Experiment I.
Figure 6.9 illustrates the images before the cell exposed to the solvent. Figures
6.10 and 6.11 illustrate the images 30 minutes and 45 minutes during the solvent
treatment. Figures 6.12, 6.13, 6.14, and 6.15 illustrate the images 10 minutes, 1.25
hours, 2.3 hours, and 4 hours after the solvent treatment (the solvent was washed out
by PBS).

128

(a)

(b)

(c)

Figure 6.9: Experiment II: images before the MDA-435 breast
cancer cell was exposed to solvent-only solution. (a): white light
image of the cell shows the cell structure. The red arrow points to
the cell nucleus region. (b): Raman image of the cell shows the
intensity distribution in the 1000 cm-1 Raman band. (c): The
superimposition of images of (a) and (b). The color bar indicates
the relative Raman signal intensity increasing from bottom to top.

(a)

(b)

(c)

Figure 6.10: Experiment II: images 30 minutes during the MDA435 breast cancer cell was exposed to solvent-only solution. (a):
white light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.
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(a)

(b)

(c)

Figure 6.11: Experiment II: images 45 minutes during the MDA435 breast cancer cell was exposed to solvent-only solution. (a):
white light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.

(a)

(b)

(c)

Figure 6.12: Experiment II: images 10 minutes after the MDA-435
breast cancer cell was exposed to solvent-only solution. (a): white
light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.
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(a)

(b)

(c)

Figure 6.13: Experiment II: images 1.25 hours after the MDA-435
breast cancer cell was exposed to solvent-only solution. (a): white
light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.

(a)

(b)

(c)

Figure 6.14: Experiment II: images 2.3 hours after the MDA-435
breast cancer cell was exposed to solvent-only solution. (a): white
light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.
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(a)

(b)

(c)

Figure 6.15: Experiment II: images 4 hours after the MDA-435
breast cancer cell was exposed to solvent-only solution. (a): white
light image of the cell shows the cell structure. The red arrow
points to the cell nucleus region. (b): Raman image of the cell
shows the intensity distribution in the 1000 cm-1 Raman band. (c):
The superimposition of images of (a) and (b). The color bar
indicates the relative Raman signal intensity increasing from
bottom to top.
The images in Figure 6.9 show the 1000 cm-1 Raman signals contributed from
the molecules of the cell itself. The Raman intensities inside this cell are higher than
that of the cell in the Experiment I. The images in Figures 6.10 and 6.11 have similar
patterns to the image in Figure 6.9, which indicates that there were no significant
changes of cellular distributions (in the 1000 cm-1 Raman band) during that period.
There are no significant molecular accumulations (in the 1000 cm-1 Raman band)
outside the cell membrane as seen in Experiment I. The fact that the average
intensities in these two figures are relatively low is due to the same reason as
discussed in Experiment I.
In the Figures 6.12 to 6.15, the distribution of the 1000 cm-1 Raman signals are
different from the microtubule-patterns as discussed above. Their intensity
distributions are relatively even. This is because the signals are contributed from the
cell itself, not from the Taxol as in Experiment I. Although Figures 6.12 and 6.13 also
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show that the nucleus region has less Raman signal, the situation changed in Figures
6.14 and 6.15. However, it is interesting to see that the Raman signals from the cell
actually change with time; the reason for this is not clear at this time. It could be
related to the effect of solvent. This suggests that Raman imaging can used to monitor
chemical changes in cells. In this experiment cell blebbing was not seen, confirming
that the Taxol caused the cell blebbing in the Experiment I.
Although the concentration of the Taxol solution used in this study was much
higher (ten to thirty-fold) than the regular clinical concentration, it may not indicate
that we cannot visualize the drug at lower concentrations. In our study, the cells were
exposure to the Taxol solution only for a short period. The drug was washed out after
one hour. In the clinical situation, however, the cells are exposed to a lower
concentration of drug for a longer time. The intensity of Raman image is related to
the local molecular concentrations. If, after a period of time, the drug can be
accumulated locally (at the microtubules’ growth end), they can still be imaged even
the treatment drug concentration is low. Experiments will continue to perform on a
low drug concentration to mimic the clinical situation.
In this study, the cells were found not tolerable to the laser power more than 15
mW, even with a short imaging time. This may due to the slow heat dissipation
around the cell. If a temperature control incubator can be used during imaging to
accelerate the heat dissipation, larger excitation power may be used to increase the
Raman signal. Such a temperature incubator can also provide a constant temperature
environment and gas environment for the living cells.
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In this study, the white light images of the cells were taken by the video camera
on the Raman system, which has relatively low resolutions. The CCD camera was not
used to take the white light images due to the slow switch time between the white
light imaging mode and Raman imaging mode of the system. In addition, recalibration of the Raman tunable filter is often needed after switching back from the
white light imaging mode. This re-calibration procedure is difficult to perform while
monitoring the change of the drug distribution. The future instrumentation should
provide a different optical path to the CCD detector for the white light imaging. The
improvement of the resolutions in white light cell images will make the drug location
more clear.
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CHAPTER 7
CONCLUSIONS

In this study, we developed a novel idea of applying Raman imaging techniques
to visualize the drug distributions in living cells. Since Raman signals are inherent to
the drug molecules to be imaged, no external dyes, markers or labels are required as
in radio-isotope and fluorescent imaging. This makes the sample preparation much
simpler for the experiment. At the same time, the mechanism of the drug action is
minimally disturbed during the experiments.
To implement the idea, I reviewed extensively the Raman technology; direct
Raman imaging with global illumination was found to be the most suitable technique
at this time for this application because of the relative short recording time and higher
image fidelity. The Raman instrument was improved for this application by
incorporating a Ti:Sapphire near-infrared laser into the Raman system. The imaging
sensitivity and area of the new Raman system is ten and three times greater than the
previous system.
In addition to the weak nature of the Raman signals, a Raman image also suffers
the non-uniform illumination from the laser excitation source, blurring by the
microscope system, the influence of fluorescence signals, and disturbance by additive
signal-dependent Gaussian noise. To extract useful information from a recorded
Raman image, a model was developed to describe the degradation of Raman signals
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during imaging. Using this model, special-purpose image-processing algorithms were
developed to restore the Raman images. These algorithms were tested on the threedimensional cell phantom and the Raman image of microspheres.
The general Raman imaging and data analysis techniques were then applied to
the visualization of drug in living cells. Taxol, an important anticancer agent whose
mechanisms at the cellular level have been well studied, was used to evaluate the
capabilities of direct Raman imaging. Raman images were obtained from a MDA-435
cancer cell before, during, and after the drug treatment. The results show how the
Taxol distribution changes with time in a living tumor cell. It was also found that
Taxol does not enter the cell nucleus in this case, but is more concentrated around the
cell centrosome and near the cell membrane. This finding is well explained by the
binding characteristics of the Taxol and its molecular target – the microtubules. These
results demonstrated the feasibility of using direct Raman imaging to determine the
intracellular distribution of a drug. From the drug distribution, its mechanism, cellular
uptake, resistance, and intracellular pharmacokinetics can be studied. I believe that
the direct Raman imaging will become a cost-effective tool for evaluating potential
drugs at the cellular level.
Raman imaging techniques will not be limited to this application. The results
have suggested that it can be used to monitor the changes of chemical activities inside
cells in other situations. Raman imaging can also be extended to the tissue level. A
recent study of the chemical changes when a bone in stress also gave very interesting
results.
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7.1

Future Directions

The next step is to develop methods to quantify cellular drug uptake and
retention under different drug concentrations. Quantification of the intercellular drug
levels would be quite valuable for evaluating the intracellular pharmacokinetics of a
drug. Since the Raman signal intensity is linearly related to the concentration of the
imaging molecules, we should be able to establish the relationship between intensity
and concentration through a calibration procedure.
We will continue to develop techniques to enhance the Raman signal. For
example, the Surface enhancement Raman (SERS) technique can be applied to direct
imaging. It has shown that the Raman signals can be enhanced by factors of up to 106
when a molecule is adsorbed on or near a nanometer-size metal particle. I believe the
current development of nanotechnology will make this technique extensively
available.
We will also develop a Raman imaging system so that it can take images at
several different Raman bands simultaneously. The Raman signal from a single band
is not unique to a molecule. It is the combination of the signals from several specific
bands plus the relation of their relative intensities that is unique to a molecule. The
use of one Raman band signal at 1000 cm-1 to detect Taxol is based on the fact that
the Raman signals from the cells are relatively weak. If we can acquire multiple
images at several different bands, then the distribution of the molecules will be more
specific.
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