
Lehrstuhl für Bildverarbeitung

Institute of Imaging & Computer Vision

High Dynamic Range Microscopy for
Cytopathological Cancer Diagnosis
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High Dynamic Range Microscopy
for Cytopathological Cancer Diagnosis

André A. Bell, Member, IEEE, Johannes Brauers, Member, IEEE, Jens N. Kaftan, Member, IEEE,
Dietrich Meyer-Ebrecht, Alfred Böcking, and Til Aach, Senior Member, IEEE

Abstract—Cancer is one of the most common causes of death.
Cytopathological, i.e. cell-based, diagnosis of cancer can be
applied in screening scenarios and allows an early and highly
sensitive detection of cancer, thus increasing the chance for cure.
The detection of cancer on cells addressed in this paper is based
on bright field light microscopy. The cells are imaged with a cam-
era mounted on a microscope, allowing to measure cell properties.
However, these cameras exhibit only a limited dynamic range,
which often makes the quantification of properties difficult or
even impossible.

Consequently, to allow a computer-assisted analysis of mi-
croscopy images, the imaging has to be improved. To this
end, we show how the dynamic range can be increased by
acquiring a set of differently exposed cell images. These high
dynamic range (HDR) images allow to measure cellular features
that are otherwise difficult to capture, if at all. We show
that HDR microscopy not only increases the dynamic range,
but furthermore reduces noise and improves the acquisition of
colors. We develop HDR microscopy-based algorithms, which are
essential for cytopathological oncology and early cancer detection
and only possible with HDR microscopy imaging. We show the
detection of certain subcellular features, so-called AgNORs, in
silver (Ag) stained specimens. Furthermore, we give examples of
two further applications, namely (1) the detection of stained cells
in immunocytochemical preparations and (2) color separation for
nuclear segmentation of specimens stained with low contrast.

I. INTRODUCTION

According to the 2007 report [1] of the American Cancer
Society, the expected incidence rate of new cancers for 2007
is about 12 millions. The corresponding estimate for mortality
from cancer is 7.6 million, which is approximately 20.000
cancer deaths per day world wide. To increase the chance for
cure, cancer has to be detected as early as possible. Therefore
not only the methods of treatment, but also the diagnostic
methods have to be improved.

Most diagnostic methods investigate a suspicion for cancer
based on macroscopically detectable symptoms. These signs
are analyzed by imaging modalities such as X-ray imag-
ing, computed tomography (CT), magnetic resonance imag-
ing (MRI), and sonography, if necessary complemented by
functional organ imaging via functional MRI (fMRI), positron
emission tomography (PET), and single photon emission com-
puted tomography (SPECT). In case these imaging modalities
reveal suspicious material, the relevant area is further ana-
lyzed by microscopical investigation at tissue level. Tumors
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investigated this way have already grown to a considerable
size and are hence in an advanced stage. Moreover, such
a histopathological investigation requires a painful invasive
biopsy to obtain the tissue specimen. Depending on the type
of organ, e.g., the thyroid, up to 95% of these biopsies turn
out to be negative and thus are in retrospect unnecessary [2].

Cancer, however, starts with malignant transformations of
individual cells [3], [4]. Hence, the earliest indication of a
cancer can unquestionably be obtained at cellular level [5].
Malignant cells can be detected in smears from mucosal sur-
faces or sediments of body fluids. Specimens can be obtained
by fine needle aspiration biopsies (FNABs) or brush biopsies,
with only little or no discomfort to the patient. FNABs can
even be accurately guided by (endo-)sonographic control to
suspicious nodules nearly everywhere in the body, with little
or no risk of complications.

These cytopathological diagnostic methods can be applied
to a wide range of cancer types. Moreover, since they allow to
obtain specimens and a reliable diagnosis [6] at an early stage
and without discomfort for the patient, these methods allow to
advance from curative diagnostics to preventive diagnostics.
For preventive diagnostics, the process furthermore must be
efficient and inexpensive. Consequently, the automation of
these processes is essential.

After obtaining a cytopathological specimen it is stained
with one out of many possible stains. Each of these reveals
different diagnostically relevant cellular features. To measure
their properties, the specimen is investigated by bright field
light microscopical imaging. Furthermore, the specimens can,
under certain circumstances, be de-stained and re-stained with
another stain. Since the cells stick to their position on the slide,
they can be re-localized [7] and registered [8], allowing to fuse
information obtained and quantified from images of different
stains at cellular level into a multimodal cell analysis (MMCA)
[5], [9], [10].

All images are acquired by a digital camera mounted on
a bright field light microscope and the camera is expected to
acquire “good” images of the biological material. However, the
variety of the biological material as well as unavoidable vari-
ations in the staining process cause considerable variations in
staining intensity and contrast. In consequence, the biological
material under investigation exhibits a broad dynamic range
that has to be acquired by the camera. Additionally, for ana-
lytical tasks that are based on densitometric measurements, an
exact incremental radiometric linearity, i.e., the proportionality
between incident light and gray value output of the imaging
system after black level correction, is required. Moreover, for
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color specific analysis accurate color acquisition throughout
the material’s entire dynamic range is mandatory.

Conventional digital cameras, however, cannot acquire a
sufficient dynamic range, resulting in over- or underexposed
areas or images with low local contrast. Additionally, the
camera systems, in general, exhibit a nonlinear conversion
characteristic rather than a linear one as needed for densit-
ometric measurements. Furthermore, colors are most often
acquired with insufficient accuracy by these cameras, since
the color spectrum is sampled by only three channels. We will
also show that the limited dynamic range of the camera also
impairs the accuracy of acquired colors. These effects are well-
known to cytopathologists working with a bright field light
microscope on a daily basis. They immediately recognize the
huge difference of the dynamic range and contrast observed
by the human eye through the microscope’s eye pieces and
the images presented to them on their computer screen.

To overcome these limitations, we develop high dynamic
range (HDR) microscopy imaging of cell specimens in contrast
to conventional low dynamic range (LDR) microscopy imag-
ing. The HDR imaging process is based on a set of differently
exposed images of the same scene. These are acquired by, e.g.,
varying the exposure time of the digital camera from image
to image. After linearizing and combining the images from an
exposure set into one HDR image, the dynamic range limits
of the camera are effectively removed, i.e., in LDR imaging
otherwise over- and underexposed areas are now properly
acquired. HDR microscopy imaging thus ensures a sufficient
dynamic range for the acquisition of biological material. Since
the linearization of the camera’s nonlinearities, the so-called
camera transfer function (CTF), of the imaging system is an
essential step of HDR microscopy imaging, it also permits
precise densitometric measurements. Moreover, we will show
that the color acquisition is also improved by the HDR imaging
process.

In Section II we briefly review some of the different stains
that are commonly applied for cytopathological cancer diagno-
sis. This directly motivates the necessity of HDR microscopy
imaging, which we then describe in Section III. We therefore
first review the imaging chain in Section III-A and its noise
sources (Section III-B). We then develop the HDR imaging
technique in Section III-C followed by an analysis of the noise
improvements (Section III-D) and increased color accuracy
(Section III-E) as well as the measurement of nonlinearities
of the imaging chain in Section III-F. To demonstrate HDR
microscopy imaging we then show applications for cytopatho-
logical diagnosis in Section IV and Section V. Finally, we
conclude the paper with a discussion of the results in Sec-
tion VI.

II. CYTOPATHOLOGICAL STAINS AND MATERIAL

Native cell specimens prepared on a microscopic slide are
nearly transparent. For a diagnosis, relevant structures have
to be stained. Depending on the applied stain, different types
of information about the cells are extracted for a cytological
evaluation. Several stains are routinely applied, for instance:

Immunocytochemical markers: These are highly sensitive to,
e.g., specific proteins, which have a strong correlation with

Fig. 1. Example of immunocytochemically stained cells (20x objective lens):
For most specimens the majority of cells do not exhibit the specific protein that
is stained by the immunocytochemical marker. To be capable of also observing
these cells, a counterstain is applied. The counterstain (hematoxylin) stains
the nuclei in median-blue color and the cytoplasm is stained lightly blue.
The immunocytochemical marker applied is BerEp4 with a red color (AEC:
(3-Amino-9-ethylcarbazole)-staining reaction). Marker positive cells can be
observed in the left part of the image. Note the very dark, marker-positive
cell in the top of the image, where counterstain and marker color are nearly
indistinguishably dark.

some types of cancer. Depending on the type of immunocy-
tochemical marker, cells with the corresponding protein are
stained in colors such as red or brown in addition to the applied
counterstain (for example hematoxylin (blue)). Cells without
that specific protein consequently are stained only with one
color, the counterstain (see Fig. 1). These markers mostly have
a high negative predictive value. Hence, specimens that are
marker negative can be safely diagnosed as healthy1. Those
specimens with marker positive cells need to be investigated
further, for example with respect to their cell morphology.

Morphological stains: Stains like May-Grünwald-Giemsa
(see Fig. 2) or Papanicolaou are applied to investigate the mor-
phology of the cells and their nuclei (e.g., shape deformations
or the ratio of nuclear and cytoplasmic area).

Stoichiometric DNA stain: According to Feulgen, the DNA
content can be stained stoichiometrically. The Feulgen stain
then allows to quantify the amount of DNA within each
nucleus (see Fig. 3). Moreover, since only DNA is stained, this
stain allows to analyze the DNA distribution within the nuclei,
the so-called chromatin pattern. Finally, nuclear segmentations
are easier to obtain in images of this stain, since the cytoplasm
is not stained.

Silver nitrate: For several types of cancer, the cellular
proliferation rate is a pathognomonic aspect of cancer. An
equivalent for that can be measured with the silver nitrate
stain. So-called nucleolar organizer regions (NORs) are central
for the protein synthesis and thus the proliferation rate of the
cell. These NORs control the reproduction of DNA and are
affine to silver (Ag). Stained with silver nitrate they appear
as dark, spot-like areas within the nuclei. The size of these
active nucleolar organizer regions, the AgNORs, is a measure
for the duration of the cell cycle (see Fig. 4). The AgNORs
obey certain characteristics. They are closed, homogeneous
areas and are darker than their immediate surrounding. These

1Alternatively, some markers stain normal cells. For these cases one would
not proceed further if the material contains marker positive cells.
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Fig. 2. Samples of morphologically (May-Grünwald-Giemsa) stained cells
(63x oil-immersion objective lens). The cytoplasm is stained blue, while the
nuclei are slightly violett. In the background, some erythrocytes (red blood
cells) can be observed (gray-like color). The difference in nuclear-cytoplasmic
contrast between both images is evident. Both images are from the same
specimen of a FNAB of a pleural effusion, i.e., an excessive effusion in the
pleural cavity, which is the space surrounding the lungs.

biologically deduced characteristics, however, may remain
hidden within conventional low dynamic range images.

Many other stains are available and utilized to investigate
cell specimens of different organs with a bright field light
microscope. Images of these specimens are then analyzed with
respect to the criteria mentioned before. However, the limited
dynamic range of digital cameras makes the adequate analysis
and consequently the diagnosis based on these images difficult
or even impossible. The morphological stains May-Grünwald-
Giemsa and Papanicolaou, as well as the silver nitrate stain
vary considerably in their intensity over the slide. The images
thus are of low local contrast and strongly varying intensities
(see Fig. 16 (a) and Fig. 17 (a)). These fluctuations in general
make image analysis more complicated. Immunocytochemical
marker stains have to be analyzed with respect to their color.
However, the limited dynamic range of the digital camera can
influence the accuracy of the color acquisition, which results
in erroneous measurements. We show how these problems can
be efficiently addressed by changing the microscopical image
acquisition process, specifically by increasing its dynamic
range.

III. HDR MICROSCOPY IMAGING

A. The Imaging Chain

Light from the light source S(λ) passes through the con-
densor of the microscope, the cellular material β(λ) under

Fig. 3. Feulgen stained nuclei of cells (63x oil-immersion objective lens):
The DNA is stained in violet-blue and only the nuclei can be observed. Some
erytrocytes may be observable in gray or green. Nuclear segmentations are
most easily obtained in this stain. The texture variations within the nuclei, the
chromatin pattern, can be diagnostically evaluated too.

investigation, followed by the objective o(λ) and aperture a.
This results in a spatially-varying spectral2 irradiance E(λ)
measured in [ W

m2nm ], i.e., an amount of light energy per area
and wavelength. This spectral irradiance is then filtered by
the spectral characteristic curves τi(λ), i = 1..I of I color
filters in front of the sensor element (see Fig. 5). The spectral
irradiance incident on the sensor, denoted by Ei(λ), is then
given by

Ei(λ) = S(λ)β(λ) o(λ) a τi(λ) . (1)

The color filter in front of the sensor may be, e.g., the
R,G,B-filter of a Bayer color filter array for a single chip
camera, full frame R,G,B-filter in case of a 3-chip camera, or
one of I full frame bandpass filters in case of a multispectral
camera [13]. The incident spectral irradiance is acquired by
the sensor’s spectral sensitivity and quantum efficiency R(λ)
and integrated over the sensor area A, resulting in the spectral
radiant power φ(λ) in [ Wnm ]:

φ(λ) =
∫∫

A

Ei(λ)R(λ) dA . (2)

This amount of spectral radiant power, also known as
spectral radiant flux, corresponds to a number of photons,

2In fact all symbols also depend on spatial coordinates x, y (continuous)
or m,n (discrete). To simplify the notation, these are omitted as long as they
are not needed. The adjective spectral denotes that a radiometric quantity is
defined per wavelength, i.e., it has not been integrated over wavelength so
far [11]. Variable symbols are chosen according to [11], [12].
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Fig. 5. This figure shows a model of the imaging chain. Light from the light source, given by the spectral radiance S(λ), is filtered by the transmittance
properties β(λ) of the cellular material and the optics o(λ), passes through the aperture a and the I color filters τi(λ), i = 1..I . The resulting spectral irradiance
Ei(λ) is incident on the sensor with the spectral sensitivity R(λ) and area A. Integrated over the wavelength λ and J exposure times ∆ti,j , j = 1..J , this
results in an amount of light energy Qi,j received by the sensor and converted to electrons. The number of electrons undergoes the mostly nonlinear CTF f
of the camera and, finally, is A/D converted and quantized into a sensor output intensity value qi,j .

Fig. 4. Example images of silver nitrate stained cells (63x oil-immersion
objective lens): Nucleolar organizer regions (NORs) are parts of the chro-
mosomes with ribosomal DNA (rDNA). NORs are central for the protein
synthesis and can be demonstrated by silver (Ag) nitrate staining. These
AgNORs then appear as dark, spot-like regions within the nuclei. The nuclei
themselves are stained brown by silver nitrate. However, several other artifacts
are stained too. Note the overall texture artifacts and the intensity variations.
Some of the AgNORs are almost unobservable in the nuclei.

hitting the sensor over some exposure time ∆t, generating
electrons. In our imaging model the sensor quantum efficiency
is implicitly accounted for by the sensor’s spectral sensitivity
R(λ). Integrated over the whole wavelength range this yields
the radiant power

φi =
∫
λ

φ(λ) dλ =
∫
λ

∫∫
A

S(λ)β(λ) o(λ) a τi(λ)R(λ) dAdλ

(3)
for the filter i with the physical unit W . This radiant power
φi is a spectral sample or spectral channel of the overall
spectrum.

After the spectral integration the overall radiant energy
received is given by

Qi = φi ·∆ti , (4)

with i = 1..I being the spectral channel and ∆ti the corre-
sponding channel-individual exposure time.

Each sensor element holds the photon generated electrons
up to the full well capacity. The full well capacity corresponds
to a maximum amount of radiant energy Qmax. More light
will not change the sensor output any more, i.e., the pixel is
saturated. Sensitivity of the sensor element and the quantum
efficiency define a minimum amount of radiant energy Qmin
needed to generate a sensor output. This minimum may be
mainly determined by the noise floor of the sensor. Less
light will not generate a sensor output, i.e., the pixel is
underexposed. These two energy terms define the dynamic
range D of the sensor by

D =
Qmax
Qmin

. (5)

Note that the bit-depth of the A/D-converter has no influence
on the dynamic range of the sensor. As long as the semicon-
ductor material has the same physical properties with respect
to photon-electron conversion, varying bit depth only means
that the same dynamic range is quantized differently. Although
not physically correct, one can without loss of generality
regard the minimum radiant energy Qmin needed to obtain
a sensor output and the maximum radiant energy Qmax of
saturated pixels as the limits of the quantizer.

The charge corresponding to the acquired radiant energy Qi
is now digitized through the A/D converter of the camera and
the camera electronics. Their nonlinearities are described by
the CTF f , yielding the sensor output or intensity values

qi = f(Qi) . (6)

The CTF nonlinearities are caused by, e.g., the electronics,
nonideal A/D conversion, charge transfer loss or inefficiencies,
and the nonlinear behavior of the quantum efficiency of the
sensor when reaching the full well capacity or operating near
the noise floor.

B. Noise in the Imaging Process

So far noise in the imaging chain is not accounted for.
We ignore the spatially varying fixed pattern noise (FPN)
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Fig. 7. Example of an exposure set for HDR microscopy imaging (63x
oil-immersion objective lens). Different exposures have been acquired with
a 3CCD camera (I = 3) and J = 4 exposure times given by ∆ti,j =
[ 1
60
s, 1

125
s, 1

250
s, 1

500
s].

here, since we analyze only one sensor element. The FPN is
accounted for by dark-field and flat-field correction (shading
correction). The major noise source in this imaging chain
can then be modelled as a Gaussian3 noise n1 added before
the CTF maps the incident light energy to the sensor output
values [14]. Besides this sensor noise n1, the A/D-conversion
introduces noise n2 such as quantization noise as well. Includ-
ing these noise sources, the sensor output is given by

qi = f(Qi + n1) + n2 . (7)

The acquired image contains saturated or underexposed
parts. These correspond to physical effects of the sensor. How-
ever, as noted before they can be modeled as a quantization
overload error of the quantizer. This error increases arbitrarily
with the signal beyond the dynamic range limits. Consequently
n2 consists of two parts [15], the granular quantization noise
n2(granular) and the quantizer overload error n2(overload):

n2 = n2(granular) + n2(overload) . (8)

In saturated or underexposed areas of an image qi, the
quantizer overload error n2(overload) dominates and the signal
then is lost.

C. Calculating a HDR Spectral Channel

To overcome the limitations of the sensor dynamic range,
a set of J images qi,j , j = 1..J with different exposures
by varying exposure time ∆ti,j are acquired (see Fig. 7)
and combined into one high dynamic range image. There are
alternatives to acquire an exposure set, for instance by varying
the aperture size or controlling the light source. However,
changing for example the condensor aperture decreases the
image quality, since the illumination does no longer adhere to
the Köhler illumination, which ensures wide spectrum uniform
illumination of the specimen. Controlling the light source by
voltage or current is not an option either. We have measured
the light source spectrum with a Gretag Macbeth EyeOne
spectral photometer, showing that the spectrum changes with

3The Gaussian noise process is assumed to be the major noise source over,
e.g., the quantum noise described by a Poisson distribution.
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Fig. 8. The CTF f for a Sony XCD-SX900 camera: The solid line is the
measured CTF (integrating sphere setup, see Section III-F), while the dotted
line shows an ideal linear CTF. The dash-dotted line depicts the black level
of the camera.

voltage. Furthermore, after setting up a specific voltage, the
spectrum still changes over time until reaching a stable state.
Consequently, obtaining an exposure set by controlling the
exposure time is the most straight-forward and robust method.

To combine these images qi,j into estimates φ̂i of the
incident radiant power φi for each spectral channel, the
nonlinearities of f have to be accounted for. If the noise
samples were known, each of the acquired images would be
related to the radiant energy by

φi,j =
1

∆ti,j

(
f−1(qi,j − n2(granular))− n1

)
, (9)

with the inverse camera transfer function (ICTF) denoted
as f−1.

These φi,j , however, are only valid in the range of f
that corresponds to the dynamic range of the sensor, i.e., if
n2(overload) = 0. The ICTF f−1 is only defined in this range.
Therefore, only estimates of a part of the dynamic range of
the scene can be calculated from each individual exposure by

φ̂i,j =
1

∆ti,j

(
f−1(qi,j)

)
. (10)

Given several camera responses qi,j for I different spectral
channels and J exposures, we want to estimate the original φi
of each spectral channel. Since we can calculate an estimate
φ̂i,j by Equation (10) for each exposure setting, these estimates
are combined [16] into one estimate φ̂i (the HDR image) of
the radiant power φi by

φ̂i =

J∑
j=1

f−1(qi,j)
∆ti,j

w(qi,j)

J∑
j=1

w(qi,j)
=

J∑
j=1

φ̂i,jw(qi,j)

J∑
j=1

w(qi,j)
. (11)

All estimates are combined by a weighted sum, with a
weighting function w(·). In Equation (11), the ICTF compen-
sates camera-specific nonlinearities as well as the black level
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Fig. 6. Measured datapoints using the integrating sphere setup (see Section III-F) and fitted CTF for an AVT Dolphin F145C single chip Bayer color filter
array (10bit) camera. The color filter array has one red, two green, and one blue spectral channel. As can be observed in the plot, the differing spectral channel
sensitivities reduce the overall range of spectral radiant energy where accurate color acquisition is possible. In the case shown, the non-saturated range of the
red channel defines this limit. The interpolations are given as fitted CTFs for a commonly assumed gamma-function (Equation (13)).

of the camera. Examples of CTFs are shown in Fig. 6 and
Fig. 8 for a color and a grayscale camera, respectively.

Several different weighting functions w(·) are given in the
literature, obviously having influence on the noise reduction
through the weighted average in the calculation of a high
dynamic range image. Based on the observation that the output
of the sensor is most reliable in areas of highest slope of the
CTF and least reliable in areas where the slope of the CTF
is lowest, a weighting function has been chosen [16], [17]
to be the derivative of f . Alternatively, a triangular function,
which favors values in the center of the range of values over
the ones at the borders, suppressing saturated values has been
recommended [18]. Furthermore, a weighting function [19]
that is given by the estimated amplitude signal to noise ratio
and a more conservative Tukey window has been suggested
[20].

In practice, Equation (11) describes the weighted sum, i.e.,
the combination of a set of J camera images with different
exposures but the same spectral channel i to a single HDR
spectral channel. These HDR spectral channels exhibit a larger
dynamic range than the single images. Each one represents a
different wavelength range, since it was acquired through a
specific optical color filter τi(λ).

D. Noise Improvements by HDR Imaging

The HDR imaging effectively removes the quantization
overload error n2(overload) by the weighted average. Further-
more, this weighted average improves the signal to noise
ratio (SNR) in the image, reducing the noise n1. If all single
estimates φ̂i,j are critically placed, i.e., without overlap, over
the dynamic range of the scene, the whole estimate of φ̂i is
afflicted with the sensor noise n1. If all images, on the other
hand, are acquired with the same exposure time, Equation (11)
boils down to the computation of the mean of all J images, i.e.,

the standard deviation of the sensor noise is reduced by a factor
of 1√

J
. Hence, the sensor noise in φ̂i in case of partial overlap

decreases the sensor noise n1 approximately by a factor of 1√
k

,
with k being the number of exposures in overlap at a given
pixel position m,n [21].

The benefit of this high dynamic range image acquisition
so far is twofold. First, the dynamic range limits of the
camera are removed, i.e., we overcome the arbitrary high
quantization error in saturated or underexposed areas. That is,
the quantization overload error n2(overload) is removed. Second,
noise is reduced in areas of overlapping exposure. Moreover,
color acquisition is also improved as we show next.

E. Accurate Color Acquisition by HDR Imaging

Fig. 6 shows the CTF of a AVT Dolphin F145C single chip
Bayer color filter array camera. As can be seen from the graph,
red, both green, and the blue channel are saturated for different
amounts of incident radiant energy. Therefore, as soon as one
channel of one pixel is saturated, while the others still are
not, the color acquired will be altered. Such errors in color
acquisition are inherently removed by the high dynamic range
imaging process.

To further evaluate the color acquisition and signal to
noise ratio improvements for HDR imaging in non-saturated
areas we evaluated the colors of a GretagMacbeth Munsell
Digital ColorChecker SG chart. This chart consists of 140
color patches (see Fig. 9) which we have illuminated with
an intentional illumination gradient that causes the scene to
exhibit a high dynamic range. We acquired an exposure set of
J = 7 exposures from this high dynamic range color checker
chart. The exposure times are set as ±1,±2,±3 EV (exposure
value).

A conventional RGB camera, however, is an insufficient
image acquisition device for the evaluation of color accuracy
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+2.5 +1.7 +2.9 +6.5 +7.7 +4.9 +2.9 +2.4 +0.6 +3.3 +8.7 +3.6 +8.0

+2.8 +1.3 +0.5 +1.0 +1.9 +5.2 +2.8 +7.3 +3.9 +8.2 +4.2 +3.5 +3.3

+1.2 −0.4 +3.6 +1.7 +0.3 +2.3 +3.5 +3.2 +8.0 +3.5 +13.8 +6.5 +5.3 +7.4

+2.0 +4.0 +0.5 +4.0 +7.0 +3.6 +3.4 +3.6 +3.9 +5.6 +5.1 +3.5 +11.0 +9.3

+3.4 +9.4 −0.8 +2.6 +10.0 +0.2 +6.2 +9.3 +2.0 +7.4 +8.6 +8.8 +4.3

Fig. 9. Comparison of the signal to noise ratio of HDR and LDR acquisitions
of a Gretag Macbeth ColorChecker with 140 color patches. The chart has been
non-uniformly illuminated to simulate a high dynamic range scene. Negative
∆PSNR values are due to introduction of new gray levels in the HDR image.
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Fig. 10. Bar plot of the PSNR improvement from LDR to HDR image
acquisition. The dotted line denotes the mean PSNR improvement. Saturated
patches of the LDR image have been skipped.

improvements. These cameras show metameric effects, i.e.,
completely different spectra are represent by the same RGB-
triplet. Furthermore, since the RGB channel filters exhibit
a wideband spectral filter characteristic, the color accuracy
depends on the light source’s characteristic as well. There
are reasonable approaches available to estimate or adapt to
the light source from RGB data by color constancy [22] or
chromatic adaption [23], respectively. However, these still are
approximations. To remove the influence of the light source
in the evaluation of the color accuracy, spectral data have to
be acquired [24], which for natural spectra can be sufficiently
estimated with a 7-channel multispectral camera [25].

Once spectral data are obtained the color can be evaluated
independent of the light source and moreover can be presented
for different lighting environments [26]. Consequently, to more
precisely evaluate the improvements in color acquisition, all
images have been acquired with a I = 7 channel multispectral
camera. Based on the white patch (E5) of the chart, we
established a white balancing for the acquired colors. Since
we intend to evaluate the color acquisition improvement of the
HDR acquisition, we have also acquired one single exposure
low dynamic range (LDR) image.

We measured the peak SNR (PSNR) for each non-saturated
patch in the LDR image and each corresponding patch in
the HDR image. For each of these pairs we computed the
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Fig. 11. Comparison of the spectral error ∆E00: For 104/140 cases, the color
accuracy is improved by high dynamic range imaging. All acquired colors of
the LDR and HDR images have been compared to a spectral measurement
of a Gretag Macbeth EyeOne spectral photometer. Those cases, where LDR
performs better than HDR are due to limitations of our 7-channel multispectral
camera (e.g., streaking artifacts of the CCD sensor). In simulations, we have
shown that ideal HDR always outperforms LDR [27].

differences (∆PSNR). Fig. 10 shows the achieved SNR im-
provements. Positive values denote a SNR improvement in the
HDR image and negative values denote a SNR degradation.
From Fig. 9 we can observe that especially dark patches benefit
in SNR improvement from the HDR imaging. The mean SNR
improvement is 5.06dB in this experimental setup.

To evaluate the precision of color acquisition we acquired
a spectral reference with a GretagMacbeth EyeOne spectral
photometer. We then measured the color difference between
the reference and both the HDR and LDR color acquisition
with the multispectral camera with the ∆E00 criterion [28].
Results are shown in Fig. 11 as a (∆E00,LDR,∆E00,HDR)
scatter plot. Each point corresponds to one color patch. Points
with ∆E00,LDR > ∆E00,HDR denote an improvement of
acquired color accuracy and are plotted in blue. Degradations
in the accuracy are plotted in red. From the scatterplot it can
be seen, that for the majority of colors the color accuracy is
improved by HDR microscopy imaging.

Although RGB cameras are less accurate in the acquisition
of colors, we can conclude that for these cameras too the HDR
imaging process improves the color perception. Therefore,
HDR microscopy imaging not only removes the dynamic range
limitations of the camera, but also improves the accuracy of
color acquisition as well. This enables a more precise color
sensitive processing of microscopy images, e.g., for separation
of colors (see Section V).

F. Obtaining the Camera Transfer Function

So far we have tacitly assumed to know the nonlinearities
of the camera, which are described by the CTF f . The
linearization requires, especially for diagnostic purposes, a
precise measurement of these nonlinearities.

To obtain either the CTF f or the ICTF f−1, several
estimation methods have been proposed. These estimates are
based on an exposure set of a scene. For example, under
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Fig. 12. The measurement setup to measure the CTF: The camera is
illuminated by an integrating sphere at distance x. A linear movement of
the camera along the illumination axis of the integrating sphere allows to
precisely control the amount of incident light at the sensor.

the assumption to know the exposure ratios and a reliable
parametric model for the camera CTF, such as a gamma
curve, the parameters of the model can be estimated from
the joint histograms of exposure pairs [16]. Others imposed
a smoothness constraint [18] instead of a model for the esti-
mation of the CTF. Furthermore, polynomial approximations
[19], parametric functions [17], [29], [30], and constrained
piecewise linear models [31]–[33] have been investigated.
Our CTF is not estimated but precisely measured with a
radiometric measurement setup [34]. The measurement setup
is shown in Fig. 12. The integrating sphere is a light source,
which provides a constant radiance L at the opening with
radius r. To measure the CTF we utilize the relation [35]

E ∼ r2

r2 + x2
L, (12)

which allows to calculate the incident irradiance as a function
of the distance x from the integrating sphere. If the camera
is placed in front of the integrating sphere with the camera
optics removed, this allows to homogeneously illuminate the
sensor. The irradiance E [ Wm2 ] incident on the imaging sensor
is then given by Equation (12) and the camera gray value
response can be recorded as a function of the distance x. Our
measurement setup is furthermore equipped with a distance
sensor, allowing to measure the distance between the exit pupil
of the sphere and the sensor with a precision of 50µm. By
varying the distance we now can measure the camera response
at any illumination level and include as many measurement
points as needed to evaluate the nonlinearities of the CTF. With
this setup we hence acquire a more exact measurement [34]
of the CTF than, e.g., with chart-based measurement methods
[36].

For practical purposes this measurement, however, is too
laborious. In a previous work [34] we have compared the
estimated CTF with the measured CTF for our microscope
camera JAI CV-M90 and found the estimation process to be
sufficiently accurate. Consequently, we can apply an efficient
estimation method [17] in this daily routine setup.

IV. HDR AGNOR DETECTION

The proliferation rate of cell nuclei is a typical diagnosti-
cally relevant property. To measure this surrogate marker, the

Fig. 13. Example images of silver stained nuclei (63x oil-immersion objective
lens): These images are acquired from the same specimen of pleural effusion.
The dark spot-like AgNORs can be observed within the lightly stained nuclei.
For strongly stained nuclei this is difficult or even impossible for LDR images.

specimen is stained with silver nitrate. As mentioned before,
this stain demonstrates the AgNORs as dark spot-like areas
within the nucleus. The area of these AgNORs indicate the
activity of protein synthesis and thus proliferation activity of
the nucleus. In a diagnostic analysis a cytopathologist manu-
ally selects about 100 nuclei from the specimen. However, the
staining intensity varies strongly, even accross one specimen.
Furthermore, the material is compromised by staining artifacts,
such as texture overlay. Fig. 13 shows examples of four nuclei
from the same specimen.

To account for the varying intensities, we normalize the
images according to the nuclear luminance distribution, which
only can be done based on the HDR microscopy images. To
this end, we need the nuclear segmentation first, which is
either obtained from a previous Feulgen stain [7], [8] or by
segmentation in the silver stain [37]. Since the segmentation is
easier and more precisely obtained in the Feulgen stain, this is
the preferred setup for the AgNOR analysis. For certain types
of specimens, however, the cytopathological investigation re-
quires a direct analysis of the silver stained material without
preceding DNA image cytometry in the Feulgen stain. We have
shown that a reliable segmentation of the nuclei in silver stain
alone is possible [37]. The achieved accuracy, as compared to
8617 nuclear segmentations from 23 different specimens in the
Feulgen stain as a gold standard, is a mean areal segmentation
error (symmetric difference) of ∆Ā ≈ 12µm2 (see Fig. 14).

Based on the nuclear segmentation and the acquired HDR
image, we now can calculate a normalization of the image,
specific to each individual nucleus as described in the next
section. After this normalization step, the images are almost
independent of the staining intensities and the AgNORs can
be segmented as described in Section IV-B with a constant
parameter setting of the segmentation algorithm. Section IV-C
gives some results and example images of the achieved seg-
mentation performance.

A. Normalized Imaging

The acquired high dynamic range image contains all infor-
mation from all images of the exposure set [38]. However,
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(a) (b) (c) (d)

Fig. 14. Examples of nuclear segmentation in comparison to the segmentation obtained in the Feulgen stain (63x oil-immersion objective lens). The last
column shows the symmetric difference between both segmentations, i.e., every black pixel is counted as a segmentation error.

the appearance of each cell is still dependent on the staining
intensity. To allow a staining-independent segmentation, an
intensity normalization within each nucleus is mandatory.

To perform the intensity normalization, we define a lossless
contrast transformation, which maps the image signal of each
nucleus to the same predefined range. This mapping is realized
as a “virtual” camera, adapted to each individual nucleus.
Nonlinear contrast operations of typical cameras are given by
a γ-curve, denoted by

f(φ) = α+ βφγ . (13)

We now map the radiant power φ̂ ∈
[
φ̂min; φ̂max

]
inside the

nucleus to a common range Rout = [qmin; qmax]. In addition the
mean radiant power φ̂µ, which is a measure of the staining
intensity, is mapped onto a constant value qµ ∈ Rout. With
Equation (13) as the CTF of the virtual camera, this results in
the following constraints

f(φ̂min) = qmin = α+ βφ̂γmin (14)

f(φ̂max) = qmax = α+ βφ̂γmax (15)

and

f(φ̂µ) = qµ = qmin+ρ·(qmax−qmin) = α+βφ̂γµ with ρ ∈ [0; 1] .
(16)

The parameters α, β, and γ are then given by

α = qmin − βφ̂γmin (17)

β =
qmax − qmin

φ̂γmax − φ̂γmin

(18)

φ̂γµ − φ̂
γ
min

φ̂γmax − φ̂γmin

= ρ . (19)

From Equation (19) the parameter γ has to be numerically
computed, e.g., by Newton’s method. Subsequently the param-
eters α and β can be computed directly from Equations (17)
and (18). The parameter ρ specifies the percentage of the out-
put range that should be available to the input range φ̂ < φ̂µ.
The normalized image of each nucleus is consequently given
by Equation (13) with the parameters α, β, and γ as given by
Equations (17), (18), and (19), respectively.

Since we are interested in the detection of AgNORs, which
appear as dark, spot-like areas, it is reasonable to reserve a

larger part of the output range Rout for the dark areas φ̂ < φ̂µ
than for the bright areas φ̂ > φ̂µ within the nucleus. This
results in the auxiliary constraint to choose

ρ ∈ [0.5; 1.0] (20)

Fig. 15 shows two examples, a dark and a bright nucleus,
together with their corresponding normalized image and the
underlying CTF of the nucleus-specific virtual camera.

B. AgNOR Segmentation and Detection

The segmentation algorithm for subcellular features, like
the AgNORs, must take color-similarity as well as local
connectivity into account. Mean shift segmentation implic-
itly considers these [39], [40] and has shown good results
for image segmentation on both conventional [39] and cell
images [41]. This segmentation algorithm is an unsupervised
clustering algorithm in a 3-dimensional feature space for gray
level images and a 5-dimensional feature space for RGB
color images. To every pixel in the image a feature vector is
assigned, which is composed of a spatial part (2-dimensional)
for the position and a color part (1- or 3-dimensional) taken
from the L∗u∗v∗ colorspace (in case of gray level images L∗

only). The mean shift algorithm is based on a kernel density
estimate [42]. For each feature vector x the corresponding so-
called mean shift vector

mh(x) =
1
Nx

∑
xi∈Sh(x)

(xi − x) (21)

is calculated, which is the mean of the distances between
other feature vectors xi within a (hyper)sphere Sh of radius
h, and the feature vector x in question. It can be shown that
the mean shift vector mh is proportional to the normalized
density gradient [40], [42] and hence always points towards
the steepest increase in the density of the feature space.
Therefore iteratively calculating and shifting the corresponding
(hyper)sphere Sh in the direction of mh will converge to the
corresponding mode of the initial feature vector [40].

Since spatial and tonal variances are quite different, it has
proven reasonable [40] to allow an anisotropic (hyper)sphere
Shs,hr

with a radius hs for the spatial domain and a radius
hr in the range domain. In a final step those obtained modes
that are closer than hs and hr are grouped together into one
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Fig. 15. Two examples of nucleus specific staining normalization. The first example shows a lightly stained nucleus and the second example a dark stained
epithelial nucleus of the thyroid gland. In each example the calculated CTF of the virtual camera is shown next to the corresponding nucleus and its normalized
representation. The differences in staining intensities are evident. The nuclei show nearly identical intensities for both cells after adaptive HDR cell imaging.
The nuclear images have been acquired with a 63x oil-immersion objective lens.

mode. Furthermore, small modes with less than M feature
vectors might be eliminated. Results from the segmentation
of the normalized cell images are shown in column (c) of
Fig. 16 and Fig. 17.

After mean shift segmentation each nucleus is divided into
several segments, with each segment being represented by the
the corresponding mode value. These segments still have to be
classified into AgNORs and background, respectively. Since
this is a two class problem, Otsu’s optimal threshold selection
[43] is straight forwardly applicable. To further increase the
classification quality we augment this method with higher
level knowledge, i.e., the biological constraints on AgNORs
mentioned before in Section II.

Based on the histogram of the segmented image, a threshold
d, which divides the observed gray values into two classes C0

and C1, is considered optimal if it maximizes the separability
criterion η = σ2

B/σ
2
T , where σ2

B denotes the between-class
variance and σ2

T the total variance. Since the total variance
σ2
T is constant, i.e., independent of the chosen threshold d,

the separability criterion is proportional to the between-class
variance

σ2
B(d) =

(µTω0(d)− µ0(d))2

ω0(d)(1− ω0(d))
(22)

with the total average µT , the average µ0(d) of class C0, and
the probability ω0(d) of class C0. The best possible threshold
then would be that one that maximizes this σ2

B(d), or, in other
words, that one that maximizes the average distance between
the two classes. This can be rewritten as the a probability-like
measure pη that a threshold d divides the segmented image
accurately into background and AgNORs

pη(d) =
σ2
B(d)∑̂

d

σ2
B(d̂)

(23)

Since the background is not always homogeneous, this
separation detects background segments as AgNORs in some
cases. Hence, we now show how to integrate the biological
AgNOR constraints into Otsu’s threshold estimation method.

(A) AgNORs do not contain holes: AgNORs are compact
regions, which do not contain holes. In other words, the
criterion pν that a gray value threshold separates correctly

AgNORs from the background equals zero, if some segments
contain holes, and is given by

pν(d) =

{
0 if an AgNOR contains holes
1 otherwise .

(24)

(B) AgNORs are significantly darker than their immediate
surrounding: Within the normalized nuclear images, the Ag-
NORs exhibit a strong contrast to the surrounding structures.
By comparing the recognized incorrect AgNOR contours to
the original normalized images, it is often perceivable that the
contours do not correspond to the strongest edges. The contrast
to neighboring segments is expressed in terms of the contrast
criterion C(d) which can be computed, e.g., by calculating the
average response of the Laplacian operator along the contour.
Therefore, we define a criterion pψ , which is a probability-
like measure that a threshold d divides the segmented image
accurately with respect to this contrast criterion C(d). The
criterion is given by

pψ(d) =


|C(d)|

max
d̂
|C(d̂)| for C(d) < 0

0 else.
(25)

Since AgNORs are darker than their surroundings and our
contour is defined to be located inside the region, the contrast
criterion C(d) has to be less than zero.

(C) AgNORs are mostly homogeneous: It is observable
that AgNORs are mostly homogeneous. Hence, it is obvious
that a composition of AgNORs and brighter non-AgNOR
segments decreases a homogeneity criterion. Mathematically,
the homogeneity of a region can be rated by the reciprocal
variance of its internal luminance values. For a given threshold
d the homogeneity criterion H(d) is calculated by inverting
the variance of the luminance values of all resulting nucleolar
organizer regions depending on the chosen threshold d. A
criterion pξ that a threshold d divides the segmented image
accurately is then similarly to Equation (25) defined as

pξ(d) =
H(d)

max
d̂
H(d̂)

(26)
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(a) (b) (c) (d)

Fig. 16. Within this figure every row shows one nucleus of pleural effusion acquired with a 63x oil-immersion objective lens. All five nuclei are taken from
the same specimen. The first two rows show lightly stained nuclei with normal contrast, while the last three rows show nuclei which are intensively stained
with low contrast. The first column (a) shows the red channel of the original color image, since the AgNORs are best observed in that channel. The columns
(b) and (c) show the normalized (ρ = 0.75, Rout = [0; 255]) and segmented (M = 0.15µm2, hr = 25, hs = 0.15µm) images respectively. Finally,
column (d) shows the selected AgNORs and nucleus contours.

Integral optimization criterion: The resulting optimal
threshold d∗ is considered to be that one, of all possible d,
which maximizes the overall criterion given by

pηξψν = [κ1 · pη(d) + κ2 · pξ(d) + κ3 · pψ(d)] · pν(d) (27)

with κi being weights for the different criteria.

C. Results on AgNOR Detection

We acquired all cellular images with a Leica DMLA mi-
croscope and a JAI CV-M90 3CCD camera mounted on its
top. The objective lens used for all image acquisitions was a
63x magnification, oil-immersion objective with a numerical
aperture of NA = 1.32. This corresponds to an effective
resulting pixel size of ∆x ≈ 0.1µm.

With this microscope setup we investigated 10578 cells from
26 specimens of FNABs of the thyroid gland (6 follicular
carcinoma, 13 follicular adenoma, 7 colloid struma). For each
specimen, images of cells under suspicion have been acquired
in the May-Grünwald-Giemsa stain for morphological review.
After de-staining and re-staining according to Feulgen, we
obtained a subsequent DNA image cytometry of the identical

cells. Finally these specimens have been de-stained and re-
stained with silver nitrate for an analysis of the AgNORs.

Based on these specimens we segmented the images from
silver nitrate stain and compared the segmentation accuracy
to the registered segmentations from the Feulgen stain. The
segmentation in silver nitrate found 8617 nuclei. In compari-
son of these nuclear segmentations to Feulgen, we achieved a
segmentation accuracy of ∆Ā = 12µm2.

The specimens have been manually rated with respect to
their staining quality, intensity and contrast by an experienced
cytopatologist. From this set we have selected the worst case
stains and therein a selection of 55 low contrast nuclei with
varying stain intensity. On these 55 worst case nuclei the
results of HDR AgNOR analysis have been reviewed by
an experienced cytopathologist. The expert subjectively rated
each individual AgNOR segmentation as either acceptable or
inacceptable for the diagnosis. The algorithm achieved a satis-
factory segmentation and detection for 90.6% of the individual
AgNORs. Only 3.6% of nuclei had to be rejected from the di-
agnostic analysis because of failed AgNOR segmentations, i.e.,
AgNOR segmentations more-likely failed if another AgNOR
segmentation in the same nucleus failed. Fig. 16 and Fig. 17
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(a) (b) (c) (d)

Fig. 17. This figure shows in every row one out of five different nuclei of FNABs from the thyroid gland, which are from two specimens with varying
staining intensities and have been acquired with a 63x oil-immersion objective lens. The first two rows are from a specimen, which has been reviewed as
lightly stained with low contrast and an overall staining quality of 4 (1 best, 5 worst). The last three rows show nuclei from the other specimen, which has
been reviewed as intensively stained with low contrast and an overall staining quality of 4. In column (a) the red channel of the original color image of each
nucleus is shown. In Column (b) and (c) the normalized (ρ = 0.75, Rout = [0; 255]) and segmented (M = 0.15µm2, hr = 25, hs = 0.15µm) images are
shown. Column (d) shows the selected AgNORs and nucleus contours.

show examples of the AgNOR analysis, i.e., the normalization,
segmentation, and detection of the AgNORs. All analyses and
images are obtained on luminance only, since the color so
far did not improve the results. Furthermore, operating on
all channels independently results in false-colored normalized
images, which have been rejected by the cytopathologists as
being too inconvenient.

V. COLOR SPECIFIC IMAGE PROCESSING FOR ONCOLOGY

The AgNOR detection algorithm mainly operates on the
luminance information of the HDR images. To give an exam-
ple of color sensitive image processing on HDR microscopy
images, we show algorithmic color separation applied to
immunocytochemical marker detection in the next section as
well as a preprocessing step for the segmentation of morpho-
logically stained specimens in Section V-B.

A. Immunocytochemical Marker Detection

As described in the introduction, immunocytochemical
markers stain cells with specific proteins, which then will
appear, e.g., red or brown. However, to observe the majority
of marker negative cells, these have to be stained with a
counterstain, e.g., hematoxylin. The counterstain affects all

cells, i.e., independent of the protein which is stained by the
immunocytochemical marker. Hence, marker positive cells will
be affected by both stains at once. The counterstain has to be
applied, since it allows a morphological review of the cells
at the same time. More importantly, in an automated setup
an autofocus must be applied. This autofocus needs visible
material to focus on, even if no marker positive stained cell is
in sight. Thus, a slight counterstain is mandatory [44].

However, since both stains affect positive cells at once,
the subtractive color mixture in the microscope darkens these
cells. Depending on the amount of protein expression and the
strength of the counterstain, cells can appear as almost black.
This is also true for artifacts like dirt, which are opaque. HDR
microscopy imaging allows to distinguish colors even where
nearly all light has been absorbed.

To separate the different colors, i.e., the immunocytochem-
ical marker stain(s) and the counterstain, a color transform is
applied. This so-called color deconvolution has been applied
on immunohistochemically stained material [45] as well as
forensic image analysis [46]. It is based on a basis transform
of the underlying color space.

Given a pixels color ~c = (r, g, b)T = r~er + g~eg + b~eb in
optical densities, each color mixture can be expressed as a
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Fig. 18. Two examples of immunocytochemically (BerEp4, AEC (red))
stained cells (counterstain hematoxylin (blue), 20x magnification (upper row)
and 40x magnification (lower row)). The first column shows a low dynamic
range version of the acquired high dynamic range image. The second column
shows the marker stained material after the counterstain has been removed
using the color deconvolution. Observe the small upper single nucleus in the
first example, which looks nearly black or dark blue, but which in the marker
stained color image is clearly observed as positive.

linear combination

~c = α1~ec1 + α2~ec2 + α3~ec⊥ + ~w (28)

of two linear independent colors ~ec1 and ~ec2 , an orthogonal
residual ~ec⊥ , and a white point ~w. Given a new white point,
such as the background of the image, and two colors ~ec1 and
~ec2 which should be separated, the residual color component
can be calculated as the cross product of the color vectors
~ec1− ~w and ~ec2− ~w. The colors ~ec1 and ~ec2 , however, have to
be measured. If they do appear separately somewhere in the
images, they can be measured within the specimen. In general
they are measured on separate calibration slides, which are
single stained.

By calculating the coefficients αi in the thus given new
basis, one obtains a representation of the pixel color with
respect to the stain-specific colors. Setting the coefficient of
one of these colors, e.g., ~ec2 to zero, removes the color from
the image and the new color is given by

~cnew = α1~ec1 + α3~ec⊥ + ~w (29)

After separation of both stains, the coefficients furthermore
can be utilized to quantify the amount of immunocytochemical
marker stain. Fig. 18 shows examples of algorithmic counter-
stain removal based on HDR microscopy and color separation.

B. Segmentation in Morphological Stains

Morphological stains, like May-Grünwald-Giemsa and Pa-
panicolaou, often exhibit low contrast, i.e., increasing the
dynamic range by HDR microscopy imaging can be utilized
to reliably stretch the local contrast without the usual quan-
tization and noise limitations. Furthermore, these stains have
slightly different colors in cytoplasm and nucleus. Hence, the
same color deconvolution algorithm, which has been applied
for the immunocytochemical marker detection, can be utilized

Fig. 19. Examples of morphologically stained cells (63x oil-immersion
objective lens). The left column shows low contrast images of cells with
stained nucleus (violet), cytoplasm (blue), and erythrocytes (green). In the
right column the colors of erythrocytes and cytoplasm have been consecutively
removed. Note that, in case of conventional LDR imaging, this would fail in
the dark regions of the image and result in erroneous separations, due to
quantization limits.

to consecutively remove background and cytoplasmic stain
as a preprocessing step for the segmentation of the nuclei.
The resulting images can then be analyzed with a mean
shift segmentation. From the resulting oversegmentation, the
desired nuclear segmentation can be obtained with a model-
driven region grouping [47]. An ellipse as a model for the
nuclei has been shown to be sufficient [37] to obtain the
segmentation of the nuclei. Since cancerous cells often exhibit
deviations from this shape model, these deviations need to
be accounted for. This can be incorporated into the region
grouping process and model description as described in [37].
Fig. 19 shows examples of the consecutive removal of the
stained background and cytoplasm, with the resulting images
showing almost only the nuclei.

VI. CONCLUSIONS

Conventional digital microscopy imaging is afflicted with
limited dynamic range, resulting in partially saturated and
underexposed images. In specimens stained with more than
one color or stains with strong intensity variations, this leads
to falsely measured colors, low contrast in the images, or lost
signal information at the dynamic bounds of the camera.

We have analyzed the imaging process and developed HDR
microscopy imaging. As we have shown, this image acquisi-
tion method removes dynamic range constraints and simulta-
neously reduces noise. Furthermore, we have experimentally
analyzed the accuracy improvements for the acquisition of
colors in HDR imaging.

Based on HDR microscopy imaging, we have developed
image processing algorithms for cytopathological cancer de-
tection, which otherwise would have been difficult or impos-
sible. We have shown how HDR microscopy imaging enables
a reliable and robust AgNOR detection as well as improved
color separation.
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APPENDIX

For the convenience of the reader Table I gives a summary
of the relevant abbreviations used in this paper.

TABLE I

Abbreviation Description
Ag Symbol for the element silver
AgNOR Activated NOR, which is affine

to silver (Ag) and hence called AgNOR
CTF Camera transfer function:

Function describing the nonlinearities
of the camera. Sometimes also called
Opto-Electric Conversion Function (OECF).

DNA Desoxyribonucleic acid:
The nuclear acid containing the genetic
instructions of the organism

FPN Fixed pattern noise
Spatially dependent variations of the
camera sensor output. Usually accounted
for by dark- and bright-field correction

FNAB Fine needle aspiration biopsy:
A cytopathological diagnostic procedure
of obtaining cell specimens with a thin
needle thus avoiding a surgical biopsy.

HDR imaging High dynamic range imaging:
HDR imaging considerably increases the
dynamic range limits of a digital camera

ICTF Inverse CTF:
Inverse of the non-saturated range of the CTF

LDR imaging Low dynamic range imaging:
Images obtained without HDR methods, i.e.,
conventional imaging

MMCA Multimodal cell analysis:
The analysis of individual cells with
different stains after destaining, restaining,
and relocalization

NA Numerical aperture:
A measure for the resolution limits of the
optics

NOR Nucleolar organizer region:
Nuclear area of protein synthesis of the
cell

PSNR Peak SNR
SNR Signal to noise ratio
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