
Chapter 2
Fundamentals

Abstract In this chapter, we firstly introduce the application of optical technology in
cellular imaging. Then, we will introduce the fundamentals about analysis and clas-
sification of HEp-2 cell images. Our works focus on the efficient feature extraction
for staining pattern classification of HEp-2 cells. There are countless features existed
for image classification. Firstly we refer some widely used features for describing
staining patterns, then we will introduce some fundamental classifiers for staining
patterns classification.

2.1 Optical Systems for Cellular Imaging

This section introduces application of optical technology in cell imaging, highlight-
ing the basic principle and main features of a list of microscopic techniques, includ-
ing laser scanning confocal microscope, multi-photon fluorescence imaging, total
internal reflection fluorescence microscopy, near-field scanning optical microscopy
imaging, and optical coherence tomography. To an extent, these optical imaging
techniques have demonstrated characteristics of non-invasive, non-ionizing radia-
tion, and various operating modes, providing a variety of real-time quantification of
cellular properties and playing a decisive role in the life science research. Applica-
tions of optical imaging technology in life science have a history of over two hundred
years, and microscopic analysis has been playing an important role in the biomed-
ical field. Recent progress in laser technology has made remarkable achievements
in tissue optics, spectroscopy, imaging technology, optical diagnostics and treatment
technology. In many of state-of-the-art biomedical systems in nano-science, such as
microarray biochips and one-drop blood diagnosis, optical imaging is a core part that
plays a pivotal role in analysis. A new discipline-biomedical photonics has formed,
focusing on optical technology in biomedicine.
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16 2 Fundamentals

2.1.1 Laser Scanning Confocal Microscope

Optical scanning confocal microscope has gained decades of continuous improve-
ment for its high resolution and penetration capability into tissues. In 1957, Marvin
Minsky clarified the basic principles of scanning confocal microscopy techniques for
the first time. But it did not really become available in scientific research until 1985
with the rapid development of computer, laser and image processing technology.Wij-
naedts Van Resaint first succeeded in obtaining a cross-section of the optical probe
with a fluorescent labeled biological material, demonstrating confocal fluorescence
microscopy has an ability to reject defocused light to obtain three-dimensional image
of biological samples. Within the next two years, Oxfordshire company, which was
acquired by Bio-Rad Laboratories later, produced the first commercial laser scan-
ning confocal microscopy, which became widely used in many fields. With high
resolution, it implemented observation of biological processes within living tissue.
Confocal microscopy has the ability to make chromatography, obtaining fluores-
cence image of internal fine structure of cells, or observing physiological signals and
changes in cell morphology Ca2+, pH value, the membrane potential at the subcellu-
lar level, etc. These advantages make laser scanning confocal microscope a powerful
tool for clinical diagnosis, biomedical biochemistry, cell biology, reproductive biol-
ogy and neurology [11, 19, 21, 23, 24, 34, 37, 42, 46, 50, 57, 60].

2.1.1.1 Fluorescent Probe and Laser Scanning Confocal Microscopy
Imaging Techniques

Confocal laser scanning microscopy is a powerful tool for in situ observation and
analysis in cell biological research involving fluorescent probes. There is a class of
dyes in biological stain that can be excited by ultraviolet or blue-violet light and
other short-wavelength light and emit fluorescence, which is called fluorescent dyes,
also known as fluorescent pigment. Now some applied dyes can also be excited by
longer wavelength light and produce longer wavelength fluorescence, these fluores-
cent dyes are often referred to as fluorescent probes. Fluorescent staining has the
most significant advantages of high sensitivity in observation. The concentration of
non-fluorescent dye usually needs to be 1% or higher to make the cells to carry
with visible color. Fluorescent dyes, such as fluorescent yellow stained with a con-
centration of 10−5M, can stimulate visible fluorescence with ultraviolet excitation.
Fluorescent dyes can produce a desired dyeing effect with concentration of from
10−4M to 10−5M.

Fluorescent dyes may be divided into three categories according to their chemical
reactivity of fluorescent probes: (1) Alkalinity fluorescent dye, which contains alka-
line chromophore ionized in acidic solution, with fluorescent color being cationic
ions. Acridine dyes such as acridine yellow can stain cells by binding to DNA and
RNA, mainly through embedded in the DNA double helix structure. Ethidium bro-
mide stains by embedding in DNA, emitting red fluorescence under irradiation of
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ultraviolet light. (2) Acid fluorescent dyes that contain acidic chromophore, ionized
in alkaline solution, while fluorescent color ions being anions. (3) Neutral fluorescent
dye, a compound dye that is a mixture of acidic and alkalinity fluorescent dye.

Depending on different applications, the fluorescent probes can further be divided
into many categories, including cell active probes, probe organelles, membrane flu-
orescence shoving needles, accounting probe, the membrane potential probes, ion
probe, pH probe, reactive oxygen probes, immunofluorescence probes, probe caged
compound, cytoskeletal protein fluorescence probes. It is essentially important to
choose a fluorescent probe according to requirements of analysis and application
conditions.

On the other hand, there has been a new nano-material called “quantum dots”,
which have gradually become the latest fluorescent probes for their remarkable opti-
cal efficiency and exhibited a unique advantage in the field of cellular imaging tech-
nology. Study scope of quantum dots involves multiple disciplines. Even its name
varies in different field of research, For example, colloid chemists attributed it to
the colloidal particles (colloid particle), and material scientist named it nanocrys-
tals (nanocrystal); while the solid-state physicists named it quantum dots due to
confinement of electrons in a region of tens nanometer scale. Common semiconduc-
tor quantum dots are divided into quantum dots of iv Group (Si, Ge), iii–v Group
(lnAs, GaSb), and Group II–VI (ZnTe, CdSe, CdS, Zn0). iv Group and iii–v Group
quantum dots are fabricated using photolithography, selective epitaxial growth and
self-assembly method. Group ii vi diselenide, e.g. CdSe, has excellent fluorescence
properties because of its wide bandgap and direct band gap characteristics. Fluores-
cent probe label plays an important role in cell microscopic imaging, as such, ii–vi
Group quantum dots have attracted wide attention in this field [4, 7, 9, 22, 33, 35,
36, 38, 49, 52, 58].

Group ii–vi quantum dots have remarkable advantages over conventional organic
fluorescent dyes on the following aspects: (1) as a multi-electron system, absorption
coefficient of the quantum dots is much higher than that of a single molecule, with
a magnitude of absorption coefficient reaching 105 L * mol−1 * cm−1 under visible
light or ultraviolet light excitation, which makes its fluorescence emission intensity
much higher than the organic dye; (2) by changing the material ratio and size of
the quantum dot, the fluorescence emission wavelength can cover a wide spectral
range from 400nm to 2µm; (3) in contrast to organic dye molecules that have a
narrow excitation spectrum, quantum dots have a wide and continuous excitation
spectrum and there is a quantum confinement emission peak (the longest wavelength
can excite quantum dot to emit fluorescent light), any light whose wavelength is
shorter than the quantum confinement peak can efficiently excite the quantum dots,
so it is possible to use a single wavelength light source to excite quantum dot with
different composition and sizes,making thememit different colors of fluorescence for
simultaneous monitoring or distinguishing bio-processes; (4) fluorescence emission
peak of quantum dots in an organic dye has a narrow and symmetrical peak, with
a half-width of only 1/3 of that of fluorescent dyes, and has no tail in long-wave
side; (5) the fluorescence lifetime is longer (about several hundred nanoseconds),
fluorescence bleaching rate is only 1/100 of rhodamine 6G (a popular red fluorescent
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dye), therefore it can be used for a long lifetime fluorescencemicroscopy experiments
with a great potential to substitute conventional organic dyes as a new biological
fluorescent probe.

Two papers by Alivisatos and Nie respectively published in the same issue of
Science in 1998 debuted the application of quantum dots in the biomedical fields,
firstly reporting quantum dots in cell imaging as a fluorescent probes instead of con-
ventional dyes [9]. The usage of quantum dots for highly sensitive cellular imaging
has found major advances over the past decade [51]. The improved photostability of
quantum dots, for example, allows the acquisition of many consecutive focal-plane
images that can be reconstructed into a high-resolution three-dimensional image [59].
Another application that takes advantage of the extraordinary photostability of quan-
tum dot probes is the real-time tracking of molecules and cells over extended periods
of time [13]. Antibodies, streptavidin [27], peptides [3], DNA [18], nucleic acid
aptamers [16], or small-molecule ligands [33] can be used to target quantum dots to
specific proteins on cells. Researchers were able to observe quantum dots in lymph
nodes of mice for more than 4months [6].

Semiconductor quantum dots have also been employed for in vitro imaging of
pre-labeled cells. The ability to image single-cell migration in real time is expected
to be important to several research areas such as embryogenesis, cancer metastasis,
stem cell therapeutics, and lymphocyte immunology.

2.1.1.2 Fundamentals of Confocal Laser Scanning Microscopy

Figure2.1 shows a description of the basic principles of confocal laser scanning
microscope imaging. The excitation light goes through illumination pinhole and form
a point light source, reflected by a beam splitter by means of exciting filter, focused
by the microscope objective into the three-dimensional sample. By scanning in the
direction perpendicular to the optical axis in the xy plane (focal plane), fluorescence
emitting from illuminated region on the focal plane and on the top and bottom of
the focal plane is collected by objective with the beam splitter and emission filter.
There is a confocal pinhole in front of the detector, the illumination pinhole and
confocal pinhole is conjugate with respect to the focal plane of the objective lens, so
that only the fluorescence emitted from the focal plane can be focused to a confocal
pinhole and goes through the pinhole and reaches the detector either PMT or CCD.
Points above or below the focal plane cannot be imaged into the detect pinhole,
the light emitted outside of the focal plane is blocked by the pinhole, it contributed
very little to confocal images. Thus the confocal images substantially only obtain
light information from the focal plane, namely acquired a 2D image sampled by
the focal plane. If gradually adjusting the position of the longitudinal axis of the
sample, multiple tomographic image of the sample can be generated and each cross-
sectional image of cell or tissue can be clearly displayed. This imaging method is
called a confocal scanning microscope tomography. With three-dimensional image
reconstruction technique, a high resolution three-dimensional image of the sample
can be provided, as in many commercial instruments.
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Fig. 2.1 Imaging principle
of confocal laser scanning
microscopy

2.1.1.3 Characteristics of Confocal Laser Scanning Microscope

If the pinhole is removed from a laser scanning confocal microscope imaging sys-
tem, the defocused light (light from off focal planes) can reach the detector, the
resolution in the depth direction will be greatly reduced, then the non-confocal opti-
cal microscope would be no much different from an ordinary microscope. So the
most fundamental difference between confocal laser scanning microscope and the
ordinary microscope is that there is a pair of conjugate pinholes to limit received
light rays only from focal plane, thus largely eliminating the blur effect of defocused
light. Another remarkable difference lies on the fact that laser scanning system can
acquire an extremely low aberration as the whole optical imaging system needs
only to deal with point-to-point imaging, instead of a complete field of view, which
requires a sophisticated optical aberration reduction for system design. Compared
with a general-purpose optical microscope, a confocal laser scanning microscope
has the following characteristics:

(1) Scattering background of confocal laser scanning microscope is lower than nor-
mal optical microscope, resulting in a high image contrast and detection sensi-
tivity.

(2) Three-dimensional imaging can be reconstructed from layer to layer image
data, forming a light-ray tomography through line by line, point by point three-
dimensional scanning, completely different fromcomputed tomographymethod.
Image data stored in the computer allows display any two-dimensional cross-
sectional or perspective view of three-dimensional tomography.
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(3) Utilization of laser light source provides a small size and high brightness illumi-
nation light spot on focal place.Monochromatic laser light essentially eliminates
chromatic aberration of the system.With advances in laser technology, more and
more types of lasers have been fully able tomeet the needs of biomedical research
sample.

Commercialization of laser scanning confocal microscope are usually equipped
with powerful image processing software, realizing functions of positioning of mul-
tiple fluorescent labeling, optical sectioning, 3D reconstruction, time series scanning
and other quantitative analysis.

2.1.1.4 Application of Confocal Laser Scanning Microscope

Being equipped with advanced data acquisition, recording and processing algorithm,
laser scanning confocalmicroscope is becoming one of themost importantmolecular
cell biology analytical instrumentation in life sciences research, including observing
the structure of living cells and specific molecules, ions of biological histologi-
cal changes, quantitative analysis, and real-time quantitative determination of bio-
systems, which has derived a number of new technologies and new methods such
as adherent cell sorting, laser cell microsurgical techniques, fluorescence recovery
after photo-bleaching technique, intercellular communication, cell membrane fluid-
ity measuring technology and photo-activation.

Laser scanning confocal microscopy has been widely used in the fields of biol-
ogy, biochemistry, physiology, pharmacology, pathology, genetics and immunology
and embryology science, environmental medicine and nutritional science. Some of
examples include: investigation of internal element of the insect digestive tract, the
enteric valve of Apicotermitinae [26], and quantum dots labeled three-dimension
imaging of nanofibrous structure [5].

2.1.2 Multi-photon Fluorescence Imaging

Conventional fluorescencemicroscopy techniques are based on single-photon excita-
tion fluorescence, in which a fluorescent molecule absorbs a photon, transiting from
the ground state to an excited state, followedwith emission of a longwavelength pho-
ton by transiting to the ground state after the energy relaxation. The photon energy
of excitation light used here must be higher than that of the emitted fluorescence
wavelength for energy conservation. If long-wavelength photons to excite the fluo-
rescent molecule, it will not produce fluorescence. In 1931, Maria Goppert-Mayer
predicted that if one photon does not have enough energy to excite the fluorescent
molecule, but in a short time to encounter a second or more photons, the same mole-
cule can simultaneously absorb two ormore photons, each of the absorption produces
the molecule excitement with an equivalent energy of the absorbed photon. Conse-
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quently, the fluorescent molecule, after gaining sufficient photon energy, will also
fluoresce after relaxation. This multiphoton excitation process, was not observed
until the 1960s when two-photon excited fluorescence was first discovered in CaF2:
Eu3+ by Kaiser and Garret [34], there-photon excited fluorescence was observed and
the three-photon absorption cross section for naphthalene crystals was estimated by
Singh and Bradley [35].

As shown in Fig. 2.2,multiphoton fluorescence involves the absorption ofmultiple
photons to an excited electronic state followed by the relaxation of the molecule to
the ground electronic state through the emission of a single photon. The wavelength
of the emitted photon is approximately equal to the excitation wavelength divided
by the number of photons absorbed.

Two-photon excitation wavelength is twice single-photon excitation wavelength.
For example, to excite the fluorescent probe Indo-l with Ar+ laser, we use 351nm
laser, while two-photon excitation is necessary to use 700nm laser. Despite there
is a difference between single-photon and multi-photon excitation process, the flu-
orescence emission spectra are identical. That is, the multi-photon technology can
detect ultraviolet fluorescent probe without the use of an ultraviolet light source.
But to achieve multi-photon excitation, it usually requires ultra-fast femtosecond
laser pulses to produce a high density of photons focused on suitable fluorescent
medium, and induce multi-photon transition with a sufficiently high probability, due
to the fact that the probability that more than one photon can be absorbed simulta-
neously scales with intensity raised to the nth power where n is equal to the number
of photons absorbed. Thus the multi-photon excitation has high spatial local char-
acteristics, only samples in the center area of focus can absorb enough photons to
give off fluorescence, which naturally reduces size of emission spots on sample upon
laser illumination. Based on this principle, multi-photon excitation can obtain clearer
three-dimensional fluorescence image than the single-photon confocal (Figs. 2.3 and
2.4).

In addition, multi-photon fluorescence excitation uses red or infrared light, which
minimizes scattering in the tissue. Further the background signal is strongly sup-
pressed. Both effects lead to an increased penetration depth for these microscopes,
typically 5–20 times deeper than other types of fluorescent microscopes. Two-photon

Fig. 2.2 Single photon
versus multi-photon
excitation
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Fig. 2.3 (a shark choroid plexus stained with fluorescein) provide a comparison of confocal and
two-photon microscopy imaging quality [41]

excitation can be a superior alternative to confocalmicroscopy due to its deeper tissue
penetration, efficient light detection, and that not only greatly reduces the phototox-
icity of cells, but also extends the observation time of living organisms [8, 15, 20,
45, 55].

Single-molecule biophysical approaches to live-cell studies based on fluorescence
imaging have greatly enriched our knowledge on the behavior of single biomolecules
in their native environments and their roles in cellular processes [61].And it can detect
a variety of small molecules in vitro and allow imaging of the dynamic changes and
cell-to-cell variation in the intracellular levels [43] (Fig. 2.5).

2.1.3 Total Internal Reflection Fluorescence Microscope

2.1.3.1 The Principle of Total Internal Reflection

According to the principle of geometrical optics, when light in a medium with a
higher refractive index reaches a boundary with a medium of lower refractive index,
the wave will in general be partially reflected at the boundary surface, and partially
refracted. With the increase of the angle of incidence, the intensity of the reflected
light gradually increases and the intensity of the refracted light decreases. When
the incident angle increases to angle θc, the refraction angle is 90◦. Then refraction
of light passing the boundary between two media and the intensity closes to zero.
When the incident angle θ1 > θc, refracted light no longer exists, the incident light is
totally reflected. This phenomenon is called “total internal reflection” (TIR). When



2.1 Optical Systems for Cellular Imaging 23

Fig. 2.4 Comparison of images acquired by 2-photon process with that by 1-photon process under
multiple color conditions [42]

Fig. 2.5 Fluorophore
excitation near surface by
total internal reflection
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refraction angle is 90◦, the angle of incidence θc called the “critical angle” or“total
internal reflection angle.”

In the case of TIR, most of the light is reflected along the direction of the reflected
light. Only a small portion of the reflected light propagates through a parallel interface
of the surface and forms the electromagnetic field near the interface of the medium.
This field is called the evanescent field, which decays exponentially with the increase
of propagation distance, so in a very short distance (about a few hundred nanometers)
the evanescent field will disappear. It is precisely that the energy can only excite the
fluorescent probes close to the interface thanks to the nature of evanescent field, thus
realizing the detection of single fluorescent molecule and researching on molecular
interactions. This is very beneficial to the study of the characteristics of the cell
membrane and other membrane structure.

2.1.3.2 Total Internal Reflection Fluorescence Microscopy (TIRFM)

Generally it is not difficult to realize the excitation of fluorescence probe molecules
on the sample surface by using the evanescent field based on TIR, and there are many
ways to choose. At the beginning of the studies of the, there has been widespread
using prism or hemisphere combined with parabolic reflector to realize the TIR. This
makes the instrument structure relatively complex, and prism quality and calibration
requirement is high. Improved designs paid attention to the objective lens of the
microscope in the process of seeking a new implementation method. Through con-
stant improvement in design, the objective lens of total internal reflectionmicroscopy
that can be installed directly on the general fluorescence microscope appeared in the
year 2000, making it extremely convenient to obtain total internal reflection fluores-
cence images. Its working principle is shown in Fig. 2.6. In addition to the difference
of the light on the transmission between the other objective lens, its numerical aper-
ture is greater than 1.38. The experimental results show that the greater the numerical
aperture, the higher the image quality.

2.1.3.3 The Application of TIRFM

TIRFMonly excites the fluorescent probemolecules near the interface, and themole-
cular away from the interface cannot obtain enough energy to generate fluorescence
radiation. Figure2.7 compares the different images of the same sample observed by
TIRFM and ordinary fluorescence microscope. The fluorescence image obtained by
TIRFM has a higher image contrast, suitable for the analysis of emitting mechanism.
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Fig. 2.6 Schematic of total internal reflection fluorescence microscope

Fig. 2.7 Comparison of images by TIRFM and ordinary fluorescence microscope [52]

2.1.4 Near-Field Scanning Optical Microscopy Imaging
Technology

Near-field scanning optical microscope (also known as NSOM/SNOM) currently
has the highest optical resolution. The literature reported its resolution can reach
10nm and normally the resolution can be better than 50nm. And previous optical
microscope, even the confocal laser scanning microscope, the general spatial reso-
lution of which can only up to 250nm due to Ernst Abbe diffraction limit, namely
d = 0.61/n sin θ , where d is the smallest scale that an ordinary microscope can
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distinguish, λ0 is the wavelength of light, n is the refraction index of medium, and θ
is convergent angle of light beam [14, 17, 53, 54].

2.1.4.1 Working Principle of the Near Field

In regard to a sample surface, its optical information can be roughly divided into
near field information (less than a light wavelength range) and the far field infor-
mation (more than a light wavelength range). Near field information contains more
of the high frequency components than that in the far field, which can reveal more
fine surface structure. But the near field information decays exponentially with the
increase of propagation distance, it is difficult to obtain this information by using the
general methods. Near-field optical microscope is a tool to collect the high frequency
information. Although the near-field scanning opticalmicroscope is an opticalmicro-
scope, it does not have a lens system. It uses an extremely sharp beam probe to collect
optical information on the surface of the sample. Usually we use a microscope to
obverse samples in a distance at least several wavelengths (Fig. 2.8a), which can only
see the image of the far field. If we decrease the distance between collect lighting
and the sample on the surface (�λ), it is possible to acquire an image with high
frequency information, namely high resolution (Fig. 2.8b).

Back in 1928, Synge proposed that if there is a hole in an opaque plate with
backward lighting, with the hole scale being far less than wavelength, then the scale
of the light through the plate depends on the size of the hole. If the plate is closely near
the surface, the light through the hole can implement imaging of the sample surface,
so as to realize the breakthrough of the image resolution restricted by diffraction
limit. But at that time the hole production, lighting and sample controlling problems
are hard to verify his idea, until 1972Ash andNichols usingmicrowave confirmed his

Fig. 2.8 Comparison of
focusing beam spread in
imaging process: a far-field,
b near-field
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prediction. Since then, Winfried Denk, inspired by scanning tunneling microscope
(STM), realized the sub-wavelength visible light detection in IBM laboratory at
Zurich in 1982 for the first time. Aaron Lewis from Cornell University also realized
near-field detection independently by using laser and a probe drawn by glass capillary
to propagate light signals. By keeping the distance between the probe and the sample
on the scale of a few nanometers, he scanned the sample surface point by point to
recover the optical image of the sample. These creative work of near-field scanning
optical microscope provided possibility in the application of scientific research and
started a widely research of near-field scanning optical microscope since then.

Studies found that several conditions must be met in order to obtain satisfactory
near-field optical images. First, using a laser as light source to supply sufficient
incoming light intensity, as the near field optical signal is so weak that it is easy to
drown in the background noise. For this reason, oftentimes lock-in amplification is
utilized to resolve signal out of noise, too. Second, the scale of the probe needs to be
at the nanometer level to effectively detect near-field optical signal, otherwise it is
difficult to guarantee a high resolution exploration. Third, the distance between the
probe and the sample should be controlled within a few nanometers.

2.1.4.2 The Characteristics and Classification of Near-Field Scanning
Optical Microscope

Near-field optic not only retains the advantages of ordinarymicroscopes, but also sig-
nificantly increases resolution; some of these advantages can be simply summarized
as the following:

(1) the non-invasive, non-destructive scanning of sample surface, particularly suit-
able for biological sample, in-situ detection can be realized;

(2) a wealth of method to improve or adjust image contrast by placing the sam-
ples through light absorption, reflection, scattering, polarization, phase and the
spectral selection, allowing a full range of rich information for the researchers.

(3) detection sensitivity can reach as high as 1photon/sec;
(4) capable of achieving 10nm optical resolution;
(5) able to detect spectral information as well as lifetime of a single fluorescence

molecule;
(6) By point by point scanning near-field scanning optical microscope can obtain

the morphology image of the sample along with 2D optical image at the same
time.

Near-field opticalmicroscopy is able to break through the diffraction limit through
using a nanoscale optical probe to disturb the evanescent wave close to sample sur-
face, which turns the evanescent wave into detectable propagation wave, so as to
improve the resolution of the image. According to the type of probes used, near-field
optical microscopes can be divided into two kinds: the probe allows transmitting light
signals, and is connected to a light source or detector, usually made by stretching
optical fiber or glass capillary into a conical tip, coated with a thin reflective metal
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layer, often aluminum. The end of the fiber is an uncoated small pinhole through
which an evanescent light wave can pass. The diameter of the hole is often 50–100
nm. The transmission decreases very rapidly with diameter (approximately the 6th
power), in industry this type of optical fiber based probe is also named as SNOM
probe (scanning near-field optical microscope probe), usually fabricated by stretch-
ing an optical fiber under electric coil heating. Another kind probe is an opaque
conical needle without optical aperture, only perturbing the near field with its sharp
tip. During scan, intensity change in reflected irradiation laser beam is picked up and
computer processed to produce image; those probes are mostly made of semicon-
ductor (e.g. silicon) or metal, and often used with AFM simultaneously. Figure2.9
shows the imaging schemes using two types of probes.

As for near-field scanningopticalmicroscopeswith light-guidedprobes are further
classified into two configurations that light source and detector are located: one kind
is reflective near-field scanning optical microscope, the light source and detector are
on the same side of the sample, and the probe can be either light source or detection
device. It is suitable for the research of metal, thicker, opaque or samples of the
insulation, while the other is a transmission near-field scanning optical microscope:
the light source and detector on the opposite side of the sample. Probes are only used
for illumination, suitable for transparent thin samples, where transmitted near-field
signals are collected.

Recently near-field scanning optical microscopes have seen some new hybrids in
practical applications, such as the combination of scanning near-field optical micro-
scope with an atomic force microscope (AFM) to become a multifunctional system
whose resolution reached 35nm, and a near-field scanning optical microscope on
which a sensitive polarization detector is installed to detect local magneto-optic
effect with a high lateral resolution.

Fig. 2.9 Two near-field imaging schemes: a solid metal tip probe, b SNOM probe
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2.1.4.3 The Application of Near-Field Scanning Optical Microscope

With the improvement of resolution and image quality of the near-field scanning
optical microscope, the scope of its application is becoming more and more widely,
from the single molecule fluorescence spectrum detection to the film and materials
research, especially attracted the attention of people in thefield of biologicalmedicine
and bio-chemistry.

The connections of near field scanning opticalmicroscopewithmonochromator or
opticalmultichannel spectrumanalysis instrument produce amulti-functional system
with spatial resolution and time resolution, provides possibilities for studying inho-
mogeneity of nanoscale samples through realizing the detection of spectrum from
micro region of the sample. This trend of continuous improvement of the near-field
scanning optical microscopy receives a strong attention in biology research. Com-
bined Near field scanning optical microscopy together with fluorescence resonance
energy transfer (FRET) not only provides high spatial resolution of sample topogra-
phy and fluorescence image, but also increases longitudinal sensitivity for dynamic
measurement at a single point by utilizing distance dependence FRET techniques;
The use of ultrafast lasers tomake the near-field scanning optical microscope to study
ultrafast two-photon induced single molecule fluorescence; The combination of near
field scanning optical microscopy and CLSM (confocal laser scanning microscope)
can study the nucleus, DNA, the cell membrane and membrane protein fluorescence
images, accurately determine the cell and the location of the organelles within the
structure of proteins. This method also enables in-situ detection of samples in the
liquid environment, imaging the myofibril with the fluorescent tag in the physiolog-
ical saline. The structure of z-line protein of myofibril with antibody markers is easy
to recognize in the near field fluorescence images. Successful observations include
tobacco Mosaic virus, the salmonella flagella filaments in the water, bacteria and LB
film [14, 17, 28, 29, 53, 54].

Despite that the near-field scanning optical microscope (NSOM) has achieved
outstanding results in many field, various technical indicators are still under constant
improvement, making it gradually become a powerful tool for life science research.
A new form of aperture-type NSOM was proposed whose resolution was not deter-
mined by the resolution of the recovered image but the sharpness of the corners of
the rectangular aperture and the step size of the scan, this feature of DNSOM (dif-
ferential near-field scanning optical microscope) makes it potentially advantageous
for nanometer-level imaging, especially when resolution and light throughput are at
a premium [41].

2.1.5 Optical Coherence Tomography Technology

SinceHuang et al. from theMassachusetts institute of technology at theUnited States
published an article titled “technology of optical coherence Tomography (OCT)” on
Science in 1991, OCT technology has been an active field of scientific research. OCT
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can obtain high-resolution cross-sectional imaging of tissue microstructure. Similar
to ultrasonic imaging, OCT uses infrared light waves to replace sound waves to focus
beam into the tissue to measure at different axial and lateral position repeatedly,
which obtain image information to get the two-dimensional backward scattering
field or reflection images. OCT image reflects the structure of the tissue and cellular
structure [1, 25, 30, 48, 63].

OCT technology combines the confocal, low coherence, optical heterodyne and
scanning tomography and other technical advantages, which can realize real-time,
non-invasive and in vivo detection. It has a high detection sensitivity and resolution:
lateral resolution can reach 4–2 m, the longitudinal resolution can reach 10 µm,
far greater than the resolution of the X-ray photography. In the clinical imaging,
OCT integrated with catheter or endoscopic can get high resolution imaging of the
internal organs microstructure. Applications in medical include: imaging of articular
cartilage, cardiovascular imaging, imaging of the esophagus, cervix imaging, retinal
imaging, etc. It also can be used tomeasure the characteristic parameters of biological
tissue and fluid velocity.

Based on low-coherence interferometry, Optical coherence tomography is typi-
cally employing near-infrared light, which allows penetration into tissue to collect
scattering light from layers with different depths. OCT is coherent field tomography
technology, its interference conditions are: (1) the frequency of the two beams is the
same or very close to, namely light frequency difference is much smaller than the
frequency of light used; (2) phase difference of two beams of light is a constant; (3)
light polarization direction is not perpendicular to each other.

The center part of the OCT is a Michelson interferometer, as shown in Fig. 2.10.
A coherent light source is fed into a 2 × 2 optical fiber coupler, which connects
to reference side (a mirror) and the signal side (sample to be tested), respectively.
Mirror reflected light (the reference light) interferes with light backscattered from the
sample (signal light) through the fiber coupler to produce interference signal, which
is received by a detector. The intensity of the signal reflects the scattering (reflection)

Fig. 2.10 System schematic of OCT
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strength of the sample, only the scattering signal from a particular sample depth is
coherent with the reference beam due to a short coherent length of the light utilized,
thus a high layer selectivity, or depth resolution is obtained. Tomographic resolution
is directly determined by the coherence length of the light source, the shorter the
coherence length, the higher the depth resolution. But the shorter the coherence
length of the light source, the weaker its interference signal. In choosing a light
source, one should consider a balance among the resolution, the optical properties of
the sample, and appropriate light source coherence. To achieve the lateral resolution,
output light beam needs to be focused down to micrometer size for 2D scanning.
The performance of OCT imaging capability also depends on sensitive heterodyne
detections and discrimination of scattered light from off-focal planes. By use of a
PS-OCT system with an integrated retinal tracker, analysis of optimum conditions
for depolarization imaging, data processing, and segmentation of depolarizing tissue
in the human retina was realized [56].

2.2 Feature Extraction

Feature extraction is a very important issue in pattern recognition and classification.
Suitable and discriminative features can efficiently present different contents in the
image and offer strong supports for final classification. A large number of features
have been proposed, however, we introduce some important and effective features
applied for representing the staining patterns in this section. Roughly, we introduce
the features from two aspects, i.e., low-level features and mid-level features.

2.2.1 Low-Level Features

We define the features describe image content from the primitive level as low-level
features. It is a relative concept to the mid-level features obtained by using Bag-of-
Words (BoW) framework.

2.2.1.1 Local Binary Patterns

LBP [39] is initially proposed to describe textural features for a local region. It can be
obtained by thresholding the gray value of the circularly symmetric neighbor pixels
with that of the center pixel. The neighbors whose difference is positive are set as
‘1’ while others are set as ‘0’. Then, these binary values are converted to a decimal
number.

Let I be a grayscale image and I(x, y) be a gray value at location (x, y) in I. Then
LBP at location (x, y) is defined as
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LBPP,R(x, y) =
P−1∑

i=0

2isign(I(xi, yi) − I(x, y)), (2.1)

sign(x) =
{
1, if x ≥ 0
0, otherwise.

(2.2)

where I(xi, yi) is the gray value of P equal spaced pixels on a circle of radius R
around center pixel (x, y) and (xi, yi) is the location of neighbors given by (xi, yi) =
(x + R cos(2π i/P), y + R sin(2π i/P))). If the neighbors do not fall in the center
of pixels, their gray values should be estimated by interpolation [40]. Figure2.11
illustrates the procedure to obtain LBPP,R value with different (P,R).

The LBPP,R produces 2P different output values, therefore we can calculate the
LBPP,R value for each pixel of an image and build a histogram with 2P bins as the
image descriptor. The original LBPP,R achieves invariance against any monotonic
transformation and the scaling of the gray-scale.

To achieve rotation invariance, a unique identifier is assigned to each rotation
invariant LBP [40], which is formulated by

LBPri
P,R(x, y) = min{ROR(LBPP,R(x, y), s)|s = 0, 1, . . . ,P − 1}, (2.3)
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Fig. 2.11 Local binary patterns with different (P,R)s: (4, 1), (8, 1) and (16, 2)



2.2 Feature Extraction 33

where ROR(x, s) performs circle-right-shift on the binary number x s times. For
example,LBPP,R values 10000100b, 00100001b and01000010b allmap to theunique
value 00100001b.

Another extension of original LBP called “uniform” patterns [40]. A uniformity
measure U(LBPP,R) is introduced to denote the times of spatial transitions (bitwise
0/1 changes) in the LBPs. For instance, pattern 00000010b and 00111000b have
U(LBPP,R) value of 2; pattern 01100010b have U(LBPP,R) value of 4. Uniform
LBP assigns different label to each “uniform” pattern and gives a unique number
to all the “non-uniform” patterns. The uniform LBP has P(P − 1) + 3 different
values. Figure2.12 shows 58 different “uniform” patterns of (8,R) neighborhood.
Each “uniform” pattern has an unique label from 1 to 58 and all “non-uniform”
patterns (there are 198 patterns are “non-uniform”) are assigned the same label 59.
Let UP(i, j) be the label for a “uniform” pattern, where i is the number of ‘1’ in the
pattern (row number in Fig. 2.12) and j is the rotation degree (column number in
Fig. 2.12) The uniform LBP can be formulated as

LBPu2
P,R(x, y) =

{
UP(i, j), if U(LBPP,R) ≤ 2
P × (P − 1) + 3, otherwise.

(2.4)

UP(i, j) =
⎧
⎨

⎩

1, i = j = 0,
(i − 1) × P + j + 2, 1 ≤ i ≤ P, 0 ≤ j ≤ P − 1,
P × (P − 1) + 3, i = P, j = 0.

(2.5)

The “uniform” patterns provide stronger ability of discrimination in comparison to
including all patterns, because they have different statistical properties [40, 44].Most
of the LBPs in natural images are uniform. The proportion of “non-uniform” patterns
is so small, therefore the estimation of their probabilities is unreliable. Meanwhile,
“uniform” patterns are more stable and only considering “uniform” patterns makes
the distribution estimation more reliable.

To improve the capability of rotation invariance and elevate the discrimination,
some rotation invariant patternswith low occurrence frequencies, i.e., “non-uniform”
patterns of rotation invariant LBPs, are eliminate. The improved rotation invariant
texture feature can be defined as [40]

LBPriu2
P,R (x, y) =

{∑P−1
i=0 sign(I(xi, yi) − I(x, y)), if U(LBPP,R) ≤ 2

P + 1, otherwise.
(2.6)

Each rotation invariant “uniform” pattern is assigned a unique label equal to the
number of ‘1’ in the pattern, while all the “non-uniform” patterns are labeled by
P + 1. Therefore, there are P + 2 different values for LBPriu2

P,R and the final feature is
the histogram of LBPriu2

P,R accumulated over the entire image.
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Fig. 2.12 The different “uniform” patterns in the case of P = 8. The white circle denotes ‘1’ while
the dark circle denotes ‘0’

2.2.1.2 Scale Invariant Feature Transform

SIFT is a local descriptor which is invariant to image translation, scaling and rota-
tion, and partially invariant to occlusion/noise and change in illumination and view-
point [32]. Lots of algorithms have been proposed recently that successfully utilize
SIFT for image classification and object recognition [2, 10, 62, 64]. There aremainly
four stages of computation involved in the generation of the SIFT feature described
in the following sections.
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Scale-Space Extrema Detection

The first stage of computation is to identify the locations of candidate interest points
which are invariant to orientation and scale change. A continuous function of scale,
also named as scale space, is used to search stable features through all possible scales.
It is verified that the Gaussian function is the only possible scale-space kernel [31],
therefore the scale space of an image I can be generated by

L(x, y, σ ) = G(x, y, σ ) ∗ I(x, y), (2.7)

where G(x, y, σ ) = 1
2πσ 2 exp

−(x2+y2)

2σ2 is a Gaussian function and ∗ is the convolution
operation.

The locations of stable keypoints in scale space are detected by using the extrema
of the difference-of-Gaussian (DoG) function convolved with the original image. It
can be formulated by

D(x, y, σ ) = (G(x, y, rσ) − G(x, y, σ )) ∗ I(x, y)

= L(x, y, rσ) − L(x, y, σ ). (2.8)

An efficient way to generateD(x, y, σ ) is illustrated in Fig. 2.13 [32]. Each octave
of scale space is divided into t intervals (t should be an integer number) and r = 21/t

is a multiplicative constant. The Gaussian image in next octave is the one in the

Fig. 2.13 Construction of D(x, y, σ ). The scale space images are produced by convolving ini-
tial image incrementally with Gaussians. The DoG images are produced by subtracting adjacent
Gaussian images
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previous octave downsampled by a factor of 2. It is verified that we have to produce
t + 3 Gaussian images for each octave to insure that the extrema detection can cover
the complete octaves. The DoG images are generated by subtracting adjacent blurred
images.

To find the local extrema of the DoG images, each sample has to be compared
to its 26 neighbors in 3 × 3 regions of the DoG images at the current scale (eight
neighbors), above scale (nine neighbors) and below scale (nine neighbors). Samples
which are the maxima or minima among all of their neighbors are identified as the
keypoint candidates.

Keypoint Localization

After finding keypoint candidates, it is necessary to find stabile keypoints. It means
that the points with low contrast and poor localization along the edges will be
removed. It can be accomplished by using the Taylor expansion of the DoG image
and the location of the extremum, x̂, can be determined by following formula [32]:

x̂ = −∂2D−1

∂x2
∂D

∂x
, (2.9)

where D, ∂D
∂x and ∂2D

∂x2 are evaluated at the same selected point and x = (x, y, σ )�
is the offset from this point. It is worth noting that D is the Taylor expansion up to
second order of original D(x, y, σ ).

The function value at the extremum D(x̂) is calculated by

D(x̂) = D + 1

2

∂D�

∂x
x̂. (2.10)

To reject the unstable extrema with low contrast, based on the experimental results
in [32], those x̂ with D(x̂) < 0.03 is discarded.

To define the extreme points along the edges, a 2×2 Hessian matrix is utilized as

H =
[
Dxx Dxy

Dxy Dyy

]
, (2.11)

where Dxx, Dxy and Dyy is the second partial derivative of the DoG image.
To further eliminate the influence of the points localized along the edges, the

candidate keypointswhich are unable to satisfy following situationwill be eliminated:

Tr(H)2

Det(H)
<

(γ + 1)2

γ
, (2.12)

where Tr(H) and Det(H) is respectively the trace and the determinant of matrix H.
γ = 10 is the ratio between the eigenvalue of H with the largest magnitude and the
one with smaller magnitude.
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Orientation Assignment

Until now, the accurate keypoints are localized by removing the points with low
contrast or along edges. The next step is to assign an orientation to each keypoint.

The gradient magnitude and orientation of the Gaussian smoothed image L(x, y),
which is obtained by using the scale σ of the keypoint, can be calculated by

m(x, y) =
√

(L(x, y + 1) − L(x, y − 1))2 + (L(x + 1, y) − L(x − 1, y))2, (2.13)

θ(x, y) = tan−1(
L(x, y + 1) − L(x, y − 1)

L(x + 1, y) − L(x − 1, y)
). (2.14)

The orientations of sample points within a window around the keypoint are stored
in one of 36 bins covering the 360◦. Each point weighted by its gradient magnitude
within a circular window with σw = 1.5σ around the keypoint, is added to the bin
corresponding to the point’s orientation. The highest peaks in the histogram is the
dominant directions of the keypoint. Some other peaks with higher than 80% of the
highest one can also be used to create a keypoint with corresponding orientation.
At last, a parabola is fitted to the three histogram values closest to each peak for
generating the orientation with higher accuracy.

The location and orientation of keypoints in an image are shown in Fig. 2.14. By
assigning orientation to each keypoint based on local image natures, the capability
of invariance to image rotation can be obtained.

Keypoint Descriptor

The location, scale and orientation has been assigned to each keypoint of an image.
The last stage of the SIFT calculation is to create the descriptor, which should be
highly distinctive and be partial invariant under differing illumination and viewpoint.

Fig. 2.14 Keypoints
detected in an image. The
start point of arrow is the
keypoint’s location, the
direction indicates the
orientation of the local
gradient at the keypoint and
the length denotes the
magnitude of the local
gradient
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Fig. 2.15 Keypoint
descriptor

Firstly, the coordinates of the descriptor and the orientations of the local gradient
are rotated relative to the orientation of keypoint to achieve orientation invariance.
The gradient magnitude and orientation are sampled in a region of 16 × 16 pixels
around the keypoint. The magnitudes are weighted by a Gaussian window with a
σ that is 1.5 times that of the circular descriptor window. Then, the orientation
histograms over 4 × 4 sample regions are calculated by accumulating the weighted
magnitudes with nearly the same direction. Figure2.15 shows a 4 × 4 keypoint
descriptor array with 8 orientation bins covering 360◦ in each. The length of each
arrow is the sum of the gradient magnitudes of the samples near that orientation in
the corresponding region. Since there are 4 × 4 histogram arrays with 8 orientation
bins, which is verified to show the best result [32], the dimension of the feature vector
128.

At last, the feature vector is normalized to unit length and the values in the unit
feature vectors which are larger than 0.2 are changed to 0.2. Then the modified
feature vectors are normalized again. The final feature vector achieves invariant to
illumination with affine changes.

Therefore, the final SIFT features achieve orientation and scale invariance, partial
illumination invariance and be stable when noise is added into the image.

2.2.2 Mid-Level Features

BoW framework and spatial pyramid matching (SPM) are two popular examples of
mid-level features. The target of BoW framework is to embed low-level descriptors
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in a representative codebook space.We introduce the key techniques employed in the
BoWframework includingSPM.First of all, low-level descriptors arefirstly extracted
at interest points or in dense grids. Then, a pre-defined codebook B is applied to
encode each descriptor using a specific coding scheme. The code is normally a
vector with binary or continuous elements depends on coding scheme, which can
be referred as mid-level descriptor. Next, the image is divided into increasingly
finer spatial subregions. Multiple codes from each subregion are pooled together by
averaging or normalizing into a histogram. Finally, the final image representation is
generated by concatenating the histograms from all subregions together. There are
two modules in the framework, i.e., coding and pooling.

• Coding: Local features of each image can be transformed to a collection of
feature codes using a specific coding method. We compute a set of codes
C = {c1, c2, . . . , cN } ∈ R

M×N to represent the input local features X =
{x1, x2, . . . , xN } ∈ R

D×N by

min
C

N∑

i=1

‖ xi − Bci ‖2�2 +λR(xi) (2.15)

where the first term measures the approximation error and the second one serves
as a regularization term. We minimize information loss mainly by adjusting the
regularization term.

• Spatial Pooling: The pooling procedure transforms mid-level features from an
image into a final image representation. A crucial component which has great
impact on pooling is SPM. It captures spatial layout information by expressing
spatial relations at multiple levels of quantization. The codes within each spatial
subregion are summarized by using a specific statistics strategy, such as the average
of codes or their maximum.

2.3 Classification

Classification is the final and themost essential part for CAD systems. In this section,
we introduce some basic classifiers applied for positive staining pattern classification.

2.3.1 Support Vector Machine

SVM classifier is one of the latest and most successful supervised learning classifiers
and has been widely applied for image classification due to its efficiency. Using
training labeled samples, a statistical model is constructed and then new samples
can be classified according to this trained model. The linear SVM aims at searching
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for an optimal hyperplane (or hyperplanes) in feature space with a large separating
margin and a minimal misclassification rate.

For a binary linear SVMclassifier, given training data and its corresponding labels
(xi, yi), i = 1, 2, . . . , l, xi ∈ Rn, yi ∈ {−1,+1}, the concrete formulation can be
defined by

argmin
w,ξ

1

2
w�w + C

l∑

i=1

ξi, (2.16)

s.t. yi(wTxi + b) ≥ 1 − ξi, ξi ≥ 0 for i = 1, 2, . . . , l.

where C > 0 is a penalty parameter to allow some misclassification and ξi are slack
variables. The objective function aims to maximize the margin and the constraints
indicate that the training points should be correctly classified by the relaxed decision
function w�x+ b. To extend binary SVM for multi-class problems, we use the one-
vs-all approach [47]. We train a single binary SVM classifier per class by treating
the cell images of this class as positive samples and those of other classes as negative
samples. When classification is performed, all the binary classifiers are run and the
classifier with the highest confidence score is chosen.

2.3.2 Nearest Neighbor Classifier

Traditional Nearest Neighbor Classifier (NNC) is one of the most commonly used
and the simplest pattern classificationmethods yet devised [12]. It is a kind of statistic
machine learningmethods.We haveN training sample pairs (xi, yi), i = 1, 2, . . . ,N ,
where xi is a set of features and yi is class label. For a set of features x extracted froman
image, it is desired to predict label y by utilizing the information contained in the set of
training samples which are labeled correctly. A distance vectorD = d1, d2, . . . , dN is
firstly calculated by di = √

(x − xi)(x − xi)′. The l-th sample is the nearest neighbor
of x if dl = mini di. Therefore x is categorized into the class yl.

k-Nearest Neighbor algorithm (kNN) is also a simple classifier as a variant of
NNC. Based on distance vector D, k nearest neighbors of x with k smallest distances
are obtained. Let the k nearest neighbors be {(x′

1, y
′
1), . . . , (x

′
k, y

′
k)}, x is assigned to

class y according themajority voting among the labels y′
1, . . . , y

′
k . The only parameter

is k which should be chosen carefully. Generally, larger values of k reduce the effect
of noise for classification and improve the classification performance, but they make
the classes less distinct.
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