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Preface
This thesis is based on my work as a Ph.D. student at the Stereology and Electron Microscopy Research
Laboratory from November 2003 to October 2006. The thesis is complementary to the 4 included
manuscripts. Subjects covered in the manuscripts are only mentioned briefly, with a reference to the
relevant manuscript. The thesis includes work that did not end up in the manuscripts, more detailed
stereology background, detailed description of the simulation framework (and how values were calculated),
as well as computer programming issues and decisions.

Abbreviations

1D

1 Dimensional

2D

2 Dimensional

3D

3 Dimensional

CAST

Software for Computer Assisted Stereology Tool

CE

Coefficient of Error

Cov

Covariance

CV

Coefficient of Variance (SD/Mean)

DLL

Dynamic Link Library

FOV

Field Of View

IUR

Independent Uniform Random or Isotropic Uniform Random (depends on context)

P

Number of points counted using a point grid

PDA

Personal Digital Assistants

PPS

Probability Proportional to Size

Q-

Number of counted particles in counting frame/disector

SD

Standard Deviation

SEM

Standard Error of the Mean of n elements (SD/√n)

SR

Simple Random

SURS

Systematic Uniform Random Sampling

UR

Uniform Random

Var

Variance
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Introduction

Stereology
Stereology is a quantitative analysis of 3D objects based on their appearance in 2D sections. Stereological
tools are practical estimators which are based on sound mathematical and statistical principles. Applying an
estimator includes the placement of geometrical probes, such as points, lines, and planes on the object
(usually on sections through the object). Quantitative conclusions are drawn about the object from the
manner in which the probes interact with the objects, in accordance with the rules of geometrical statistics
(Gundersen et al. 1988b). The basic relationships between probes and structural parameters are shown in
figure 1 manuscript [4].
The result of applying an estimator is the estimate of the (unknown) true value. An estimate should
preferably be unbiased. A bias is when the average estimate deviates from the true value. The mean of
estimates from an unbiased estimator will essentially, when run infinite number of times, be equal to the true
value. Recent reviews of unbiased stereological estimators are (Baddeley & Jensen 2005; Dorph-Petersen et
al. 1998; Dorph-Petersen et al. 2001; Evans et al. 2004; Gundersen et al. 1988a; Howard & Reed 2004;
Nyengaard 1999; West 1999)
The imprecision or variability (the coefficient of error – CE of the estimate) of almost all unbiased
stereological estimators is a combination of CE(Blocks), CE(Sections), CE(Fields), and CE(Noise). The
CE(Blocks) is usually most relevant for direct estimators for total content in a specimen, like in several
fractionator designs (Gundersen 2002). For large specimens a sufficient number of blocks are essential for
counteracting the heterogeneity at the specimen level. In those cases only one section is taken from each
block. Within the sections or fields, the variability is with respect to the density of what we are counting or
the variability with respect to the previous field or section. CE(Noise) is the independent noise due to
randomly positioning of the stereological probes. The amount of noise is rather directly related to the total
count at the level of fields. The exception is the estimation of number of discrete particles, where noise is the
major uncertainty (Gundersen 2002). The independence of this noise means that, even theoretically, there is
no way to avoid it under uniform random sampling. We are likely for ever to have to count enough particles
for the desired precision (computers might count for us, one day). If one identifies the major contributor to
the variance (i.e. blocks, sections or fields) increasing the number of units from this element might decrease
the variance (Gundersen & Osterby 1981). Nested sampling designs (i.e. animals, blocks, sections, fields)
are also discussed in (Cruz-Orive 2006b; Cruz-Orive & Weibel 1981).
Since noise is unavoidable, a lot of effort in the past went into reducing the impact of the first two terms. The
implementation of systematic sampling designs has always been part of the effort, mainly because of its
intuitively obvious advantage when covering the entire section or block. It took quite some mathematical
effort to predict the precision of systematic sampling of blocks (sections). No simple predictors are available
for the CE(Fields) using systematic sampling (Cruz-Orive 2006b; Gundersen 2002).
This PhD is about a technique for reducing the impact of section heterogeneity – the variability of fields
within sections. An additional feature of the technique is that it may be implemented in such a way that the
whole process of sampling in ordinary sections becomes fully automated – this is an advantage in almost all
situations. Finally, the technique for the first time allows simple and unbiased estimation of the combined
variability due to fields and noise.
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The Proportionator
The proportionator described in this paper is much inspired by some recent development in sampling
techniques (Dorph-Petersen et al. 2000; Gundersen 2002). Overall, it reflects that stereological techniques
for unbiased estimation ought to reduce the impact of anything to essentially nothing – also in terms of
necessary effort and time spent of the end user. In terms of mathematical and statistical theory this report
contains nothing new; it is essentially probability proportional to size (PPS) sampling, in a statistical
vernacular. The relevant references were published from 1943 (Hansen & Hurwitz 1943) and onwards. Due
to modern technology and a most particular feature of 2D sampling, old ideas did, however, give a new twist
to our stereological advantage.
This study introduces the proportionator. Each field of view is assigned a non-uniform (but known)
probability to be chosen. The probability is directly proportional to the presence of requested features (the
weight) in the field of view, assigned by (probably biased) automatic image analysis. The sampling is done
using systematic uniform random sampling (SURS) on the accumulated weight of the fields of view. The
probability to be sampled of each field of view is calculated by knowing the (biased) weight and the sampling
period. A final unbiased estimate is provided by the Horvitz-Thompson (Horvitz & Thompson 1952) formula
that requires known probability and an unbiased count. This study includes a protocol for directly estimating
the coefficient of error (CE) of the proportionator sampling estimate without extra workload. Independent
uniform random (simple random), SURS, smooth and proportionator designs are compared using simulation
on distributions with different degree of inhomogeneity as well as different noise levels. Finally, the
proportionator is also implemented on a computer system modified for stereology, and tested on 3 different
biological examples.
This PhD is a practical study. It combines stereology, statistics and computer science knowledge.
Stereological tasks are done daily using a computer. An automatic, computerized image analysis component,
combined with the proportionator will utilize the computer not only for viewing the image and logging the
counted data, but also for analyzing the live image content, “focusing” on the image’s relevant area of
interest, while increasing precision of the estimates and reducing workload.

Handheld – BranchSampler
A handheld device, BranchSampler, was built for applied stereology on branching structures (nested SURS
sampling – on tree like structures). The device can keep track of up to 4 levels of independent SURS setups,
each is applied only on the elements sampled in the level above. The device provides on the go estimation
and prediction of coefficient of error, and provides portable output file for further analysis using desktop
spreadsheet programs. The device is mainly for sectioning prior to microscopy (on, for example, lung or
kidney tree like structures). It is also used for precision agriculture.

Image analysis
This PhD is not about research in image analysis. It uses image analysis to improve sampling, but the image
analysis component is basic and none optimized. The reason is mainly shortage of research time. The gain is
the removal of doubt that results are a consequence of an excellent image analysis component.
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Problem Formulation

Quantifying and viewing biological tissue is mainly done today using a computerized microscope (Figure 1). A
camera transmits the magnified microscope image to the computer screen (this image is also called the field
of view), and the computer controls some of the microscope events (for example, stage movements).
Software for applied stereology projects a selected probe on the image, and controls the movement of stage,
enforcing unbiased sampling procedures.
Figure 1. Computer
assisted stereology
tool, connected to
Olympus DP70 digital
camera. The camera is
mounted on top of a
Olympus BX50F-3
microscope, which has
a Prior motorized
stage and Heidenhaim
microcator.

This PhD thesis presents novel methods to improve the precision of stereological estimates by introducing
image analysis and changing the way fields of view are sampled.

Challenges


Integration of (biased) image analysis should not change the fact that the estimators are unbiased.



New estimators should be compared to existing ones, using simulation.



A simulation framework should be built imitating genuine scenarios as close as possible, allowing
different estimator parameters.



Various milestones should be met, allowing validation and verification of the simulation framework
process and results.



The advantages of the proportionator should be shown with a conservative, non optimized setup, to
remove any doubt of benefit due to carefully selected setups or examples.



End user software should be available on common microscopes and computers, based on selected
methods.



Programmed components should be shared between the simulation and the end user software (for
reducing programming errors and easier verification).



Both end user software and simulation should be scalable, allowing future integration with different
image analysis components.
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Hypothesis


The precision of unbiased stereological estimates can be improved by the use of biased image
analysis, without increasing the user workload.



The implemented estimators can be available and working with current common microscopes and
computer hardware.

Background

Common sampling procedure
In most available computer aided sampling systems, an expert user marks the region of interest in low
magnification, followed by the computer tessellating the region with fields of view of equal size (see figure 1
in manuscript [1]). Using a selected sampling paradigm, a subset of the fields of view is selected. The most
commonly used sampling method systematic uniform random sampling (SURS). SURS gives a uniform
probability (to be sampled) to all fields of view. Each sampled field of view is presented in high magnification
to the user, with a probe projected on it. The user does the final unbiased count in each presented field of
view. A common stereology practice is to count approx 100 cells using a counting frame probe and the
disector (Gundersen 1986). The size of the counting frame should result in sampling of 1-3 cells per field of
view. The counting frame is shown in the lower panels of figures 3 and 4 in manuscript [3]. When using the
Cavalieri principle and test points, a common practice is to count 200 hits (Gundersen et al. 1988b; Michel &
Cruz-Orive 1988). A point grid is shown in the lower panels in figure 5 in manuscript [3].
Based on the Horvitz-Thompson estimator (see formula 1 below), the final estimate is the sum of the counts
divided by the probability of each field of view (to be sampled) of all sampled fields of view (Horvitz &
Thompson 1952). By following the Horvitz-Thompson requirements for unbiased count and known
probability, all methods presented in this report provide unbiased estimates.
Horvitz-Thompson Estimator
When looking for an unbiased final estimate, the Horvitz-Thompson formula requires known (uniform or
non-uniform) probability (to be sampled) and an unbiased count for each field of view. The formula is the
base for all estimations in all sampling paradigms described in this report.

Population Total :=

Sampled Fields Of View

∑
i

Count i
Probability i

(1)

For more information see (Horvitz & Thompson 1952), (Thompson 1992) p49-53, (Cochran 1977) p259-261,
(Krishnaiah & Rao 1988) p291,313,428, (Baddeley & Jensen 2005) appendix A and p64, (Brewer & Hanif
1983), (Chaudhuri & Vos 1988) and (Basu 1971).
Sampling using image analysis
This thesis presents an innovative usage of image analysis prior to sampling, and methods for improving the
unbiased sampling procedure itself.
Current implementations of combined image analysis and stereology are done after the (blind) sampling on
the images of the sampled fields of view. In these implementations, the tmage analysis is used for helping
the expert user getting the correct counts (Calmon & Roberts 2000; Howard et al. 2003; Manoonkitiwongsa
et al. 2001; Roberts et al. 1997; Roberts et al. 2000). Adjusting a sampling procedure to a selected set with
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requested features (without adjusting the probability) will result in a too high estimate compared to the true
total count (and therefore will introduce a bias). As far as we know, a link between an image analysis value
for an element and the probability to be sampled (of this element) has never been established. This is
probably due to the unknown correlation between the two. Finding this direct correlation and using nonuniform sampling is the core of the novel idea of the proportionator. Unbiased estimates are still strictly
generated, as will be described below.
Non-uniform sampling, or its analogues “area weighted random section” (for density estimates with varying
containing spaces) is discussed in (Weibel 1979) p131-134 and (Weibel 1980) chapter 3, as well as in
(Dorph-Petersen et al. 2000; Miles 1978; Miles & Davy 1977).
The proportionator (manuscripts [2] and [3]) is non-uniform probability proportional to size sampling (PPS)
with a known probability and image analysis correlation. The smooth fractionator (manuscript [1]) uses
image analysis for reordering the elements before SURS sampling.
The proportionator uses image analysis for improving the sampling procedure (by means of precision and
time), and does not help the user after sampling.
SURS 2D design
One of the commonly used sampling paradigms is Systematic Uniformly Random Sampling (SURS)
(Gundersen & Jensen 1987). In 1D, the units are ordered in a line. Every unit is selected using a fixed period
from the previous unit. The first unit is selected by a random start between one and the period. The sampled
units have the same distance from each other. In 2D the units are again selected with a random start, and
each unit has approximately the same spatial distance from all its neighboring units. The units in our case
are the fields of view. See Fig. 4 in manuscript [1] for a detailed protocol of using SURS in 2D.
The sampling probability in SURS (1D and 2D) for the fields of view is uniform, and is always equal to

1
Sampling Period
Smooth fractionator sampling design
The smooth fractionator design uses an associate variable for reordering the sampled elements before
sampling (Gundersen 2002). This associate variable can be based on (biased) image analysis, as shown in
manuscript [1]. The higher the associate variable value is, the higher (unbiased) count is expected (figure 3
manuscript [1]). The smooth design uses the associate variable for reordering the fields of view before SURS.
When looking for blue cells, the associate variable might be the amount of blue pixels in the fields of view
when automatically scanned in low magnification (see figures 2 and 6, manuscript [1]). By reordering, the
smooth design keeps the original (uniform) probability (to be chosen) of the fields of view, but improves
SURS precision due to reduced variance between the total counts. There are as many possible samples as
the sampling period, the reordering into a symmetric global distribution ensures that the sample totals has
reduced variation.
The smooth fractionator protocol is performed using the biased information from crude (but fully automatic)
image analysis of the fields of view.
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The proportionator
Statisticians nowadays see the PPS as a special case of the more general Horvitz-Thomson estimator. Similar
to the smooth design, the proportionator uses the (biased) weight values of the fields of view, which are
obtained using automated image analysis. The proportionator uses SURS on the accumulated weight values
of the fields of view (see Figure 2 below). Note that the order of the fields of view is arbitrary and might be
smoothed. Each field of view has a known probability to be chosen, which is the SURS sampling period
divided by the weight of that field of view. A field of view weight value should have a potential positive
correlation to the (unbiased) count in that field of view. Since each field of view has a different weight, the
sampling probability is different from field to field. This sampling probability is unconditional and can be
calculated to each field of view regardless of the (biased or unbiased) method that provided the weight. An
expert user counts the correct value in the sampled fields of view. The final estimate is unbiased since the
requirements for the Horvitz-Thompson formula are fulfilled.
The precision of the proportionator is increased
by reducing the variance within the estimates of
the sampled fields of view. A field of view with
higher (biased) weight and potentially higher

SURS Period
Weight of Index 8

(unbiased) count will get a higher probability to
be chosen. This will result in a reduced estimate
in that field of view due to the division by a
higher probability (see Eq. 1 above). In the same
way, a field of view with lower (biased) weight
and potentially lower (unbiased) count will get a
lower probability to be chosen, which will result
in an elevated unbiased estimate for that field of

Weight of Index 3

SURS
Random Start
1

view due to the division by a lower probability
(Eq. 1 above). All taken into account, the

2

3

4

5

6

7

8

9

10 11 12

Selected Fields Of View

variance between the estimates of the sampled
fields of view is reduced, and therefore the
precision is increased. Note that the weight of
every field of view where a count may be

Figure 2. Visual description of the proportionator design. Each
field is assigned a weight, the weights are accumulated, and
SURS is performed on the accumulated weight. The sampling
probability of each field of view is its weight divided by the
SURS period.

performed must be bigger than 0. This can be
easily guaranteed by adding a small constant value to all weights.
Coefficient of error (CE)
Knowing the CE gives an indication how far the true value is from the estimate. For example, a CE of 0.04
(i.e. 4%) and an estimate of 500 will specify that 66% of the times the true value is between
500±(0.04·500), i.e. between 480 and 520. In 95% of the times the true value would be between
500±(2·0.04·500), i.e. between 460 to 540.
CV2total=CV2biological+ CE2estimator
The total variation CVtotal of final estimates comes from two sources. The first source is the method (the
estimator) itself, specified as CEestimator or CEmethod. The second source is the (biological) difference between
the examined subjects (if more than one) specified as CVbiological. The general function is CV2total=CV2biological+
CE2method. To understand the formula one might think of the following example: The goal is to estimate the
mean height of a group of people. Estimator A would be to measure the height with a ruler. Estimator B
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would be to observe a person from 10 meters away and guess the height. Both estimators provide a height
for each member of the group, but estimator A probably has a lower CEestimator, since it is more accurate. The
2
variance amount the estimates of the group member’s height (CV total) is based on the accuracy of the

estimator (CEestimator), but also on the difference in height among the members of the group (the CVbiological).
How can one get an idea of the CEestimator for a new method? By repeating it more than one time on the same
person, and making CVbiological equal to zero. When we run the same estimator on the same subject more
than once we can calculate the estimated CE which is the CV of the estimates. Usually, in real life, we run
an estimator only once on a subject, but we would still like to know the CE of the estimator we use. Some
estimators have a predictive CE i.e. a formula that can be used to predict the CEestimator For example,
predictive CE is available for the Cavalieri estimator (Cruz-Orive 2006a; Gundersen et al. 1999; Gundersen &
Jensen 1987), Euler number (Gundersen et al. 1993) and ratio estimators (Cochran 1977; Kroustrup &
Gundersen 1983). The predictive CE formula is not known for all estimators, and when known, it can be
based on a formula with different parameters. In our height estimation example above, a predictive CE
formula for method B might take into account the distance from the object, the time of day, the location of
the sun, and the hours since wakeup of the person estimating it. All of those factors might contribute or
reduce the CEestimator for estimator B.

1
The predictive CE formula

Q−

(the general poisson noise of independent countable things) for disector

and fractionator (Gundersen et al. 1999; Nyengaard 1999) disregards the variance contribution from the
SURS sampling itself. The variance from the SURS sampling is negligible when the spatial distance between
the SURS sampled fields of view is large enough compared to the spatial distribution of the counted cells.
Using this predictive CE formula, a total count of 100 cells (i.e. Q-=100) will give a predictive CE of 10%.
Counting 10 fold more cells (i.e. Q-=1000) will give a predictive CE of 3%, a decrease of only 3 fold. The
CE2estimator should not be a significant part of the CV2total. Typically, we aim at 0.2

<

CE 2Estimator
< 0.5 .
2
CVTotal

Proportionator direct CE estimation
Direct CE estimation is a protocol providing CE based on the actual numeric estimates (Gundersen 2002). By
splitting one sampling task into two (or more) independent tasks, one can calculate the standard error of the
mean (SEM) divided by the mean of the independent tasks estimates. The fundamental difference between
direct CE and a predictive CE is that direct CE provides an estimate of the CE out of the mean of the
independent estimates themselves, regardless of the method used for providing the estimates, while the
predictive CE is model-based. The final estimate of those independent tasks is the mean of the two
independent estimates. The calculation of the direct CE may have a cost, since the sampling task has to be
done twice.
This strategy works in all cases, but the sum of 2 independent estimates from 2 samples of size n/2 is
generally less precise than an estimate from one sample of size n (Gundersen 2002). When the sum of
variables

∑ x is bigger than 0, the variance of a sum of variables can always be written as
n

⎛
⎞ CV 2 (x ) Cov( x S )
CE 2 ⎜ ∑ x ⎟ =
+
2
n
⎝ n ⎠
⎛
⎞
⎜ ∑ x⎟
⎝ n ⎠

(2)
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Cov(Xs) is any covariance due to the sampling method. For a given population,

CV ( x )

is constant. If the last

covariance-term is guaranteed to be 0, the expression is reduced to

⎛
⎞ CV 2 ( x )
CE ⎜ ∑ x ⎟ =
n
⎝ n ⎠
2

(3)

This means that the sample variance is inversely proportional to the sample size, n, which in turn means that
on a log-log plot of the sample variance against the sample size the relation is a straight line of slope -1. The
requirement is simply a covariance of 0, synonymous with strict independence. Of all sampling strategies
under study in this report, strict independence is only guaranteed for Simple Random with repetitions (i.e.
picking up n fields of view, randomly, independently with repetitions).
For the direct estimation of CE from two independent estimates of size n/2, Eq. 3 provides

⎛
⎞
⎜
⎟
CV ⎜ ∑ x ⎟
⎛
⎞
⎜ n ⎟
⎜
⎟
⎝ 2 ⎠
2
CE ⎜ ∑∑ x ⎟ :=
2
⎜ 2 n ⎟
2
⎝
⎠
2

(4)

⎛
⎞
⎜
⎟
CV ⎜ ∑ x ⎟
⎜ n ⎟
⎝ 2 ⎠
2

Eq. 4 is an unbiased estimator based on the observed

provided the covariance is 0, or, when

observing a log-log plot of the sample variance against the sample size, the slope should be –1.
This is an important aspect in understanding why proportionator direct CE works, as will be described later.
Methods

Simulation Framework
The different sampling paradigms described throughout the thesis were all tested and compared using
computer simulation (manuscripts [1] and [2]). A simulation framework creates synthesized images of cells,
run different stereology paradigms on the same synthesized image, and compares the paradigms
performance. Since the image is computer generated, the total number, size and position of each and every
cell in the image are always known. After running a sampling paradigm on a synthesized image, an estimate
is provided. Comparing the estimate with the true known value gives an idea about the precision of the
sampling paradigm tested.
Implementing in CAST
At the beginning of the PhD, a major decision had to be made. The simulation framework could be build as a
standalone application, a part of excel or other spreadsheet application, or on top of the Computer Aided
Stereology Tool (CAST software, Visiopharm, Hørsholm, Denmark). CAST is commercial software that is used
daily in numerous locations all over the world, and also at our laboratory at Aarhus University. Building the
simulation framework as standalone application or as part of a spreadsheet would have been the short term,
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fastest solution. Instead of that, the long-term perspective was taken. The entire simulation framework was
built on top of CAST. A code branch was made on 10/November/2003 from the original Olympus CAST code
version 2.3.0.2. In the following 2 years an entire automated simulation framework was built on top of it.
This was possible by changing the way fields of view were selected, integrating image analysis components,
implementing different sampling paradigms (smooth fractionator and proportionator included), replacing the
microscope image with a synthesized image (emulating different cell distribution patterns), imitate and
automating the expert user unbiased count (using a selected probe), and imitating stage movements. During
all this development effort, it was always kept in mind that the best parts of the simulation should eventually
work on real biological tissue, using the capabilities of CAST to connect and control stages, cameras and
microcators. Today, the upgraded CAST is a hybrid product, with hidden simulation menus that can be
switched on and of using an .ini file. The menus and options, synthesized image, automated counting,
emulated stage – each can be easily switched on and off. Beside the clear advantage of having only one
code version to maintain and the components sharing, the result is a powerful simulation tool, in which
sampling paradigms can be tested first, and transferred with minimum effort to a working stereology
software running everyday on biological tissue.
Implemented stereology paradigms
During the simulation, sampling paradigms were run on the synthesized images, sampling a subset of fields
of view to be examined closely. The counts were done on the sampled subset, and an estimate was given
when all sampled fields of view were observed. The simulation framework supports the following sampling
paradigms:
1.

Simple Random (SR) sampling (independent uniform sampling). A predetermined number of fields of
view are sampled randomly and independently, with or
without replacement. In the manuscripts attached all
simple random results are always with replacement.
Since the selection of the fields in SR sampling with
replacement is independent, CEestimator is equal to the
SEM of the counts (or estimates) of the sampled units
divided by the mean (of counts or estimates). In SR, the
fields of view have a uniform probability to be sampled.

2.

Systematic Uniform Random Sampling (SURS) in 1D.
When the population is large and the total sample size is
small, SURS will behave similar to SR, since every field
of view has a chance to be chosen and the sampling of
the fields of view is independent. This sampling
paradigm is not shown in any of the included
manuscripts. It was implemented for debugging
purposes and for validating SR sampling. A
randomisation of the fields of view before sampling is
optional.

3.

Smooth fractionator (SURS 1D with smooth protocol).
Described in manuscript [1] figure 2 and 6.

4.

Systematic Uniform Random Sampling in 2D. In all
manuscripts, SURS 2D is the only SURS method used,
since we are always observing a 2D image. This is the

Figure 3. Cell distribution dialog. The
characteristics of previously placed cells
are shown in the lower part of the
dialog.
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most common way of doing SURS on a 2D region, and was the commonly used sampling method in
CAST.
5.

Proportionator sampling. The method is described in manuscript [2] and Figure 2 above. Smoothing
algorithm or randomization of the fields of view before the SURS on the accumulated weight is
optional.

Synthesized cell image
The synthesized cell image is implemented as if it comes from a microscope camera. The entire camera
driver was replaced, imitating all camera driver interfaces. CAST doesn’t know that the image obtained is not
from a genuine digital camera.
The cell image used in the simulation tries to imitate a tissue cell distribution. One can change the cell
distribution pattern (for example homogenous or clustered), number of origins (visible when clustered) and
cell size. See Figure 3 for the cell distribution user interface. A cell is always a rectangle. The area of a cell is

c·eN(0,1)Gaussian+b were c is a constant multiplier and b is the minimum area. The width and height of a cell
is calculated by selecting a uniform random number v between a user selectable minimum (in all simulations
always 0.3) and 1 (including). width=√(area/v) and height=v·width. The distribution of cell area is close
to a log-normal distribution. Cells are distributed according to the ’homogeneity variable’ (set by the user)
and number of origins (always 3 in all simulations in this report). For every distribution, 3 random origins are
selected inside the region. Let m be the maximum possible distance in the region. For every cell an angle α
is selected uniform random between 0° and 359° (including). r is selected uniform random between 0 and 1
(including). A cell is placed at a distance of m·r

homogeneity variable

from a randomly selected origin at an

angle of α. If any part of the cell touches the region border or is outside the region, the cell is not placed.
The cell placement is repeated until all the requested number of cells is placed. When the ’homogeneity
variable’ is 0.5 the distribution is homogenous since the distance from the origin is linear and the space
distribution is increasing by square law. Regular cells (which contribute both to weight and count) are drawn
in pink.
Noise cells are placed with the exact same rules as above. Noise cells has the option to have the same
origins as normal cells (this option is never active in our simulations). Noise cell color contributes to the
weight but do not contribute to the count.
Noise cells are drawn as blue. The area of two
or more overlapping cells (noise or regular
cells) is drawn as dark pink. See Figure 4 for
regular and noise cell distribution. During the
entire simulations in this report, homogenous
distribution was always placed with
homogeneity variable of 0.5, intermediary
distribution was placed with homogeneity
variable of 1.2, and clustered distribution had
homogeneity variable of 1.6. Noise was always
distributed with homogeneity variable of 1.0,
and the same cell area and width/height
distribution values as the regular cells.
Synthesized images were generated hundreds
Figure 4. 200% noise shown on a synthesized image. Cell
distribution is exactly the same used in manuscript 2 figure 12.

of times during one simulation. The creation of
an image has to be fast, regardless of the
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magnification and the visible portion of the image (due to magnification and stage position). To
accommodate that, the cells parameters are kept in two vectors in the computer memory. The first vector
holds cell position, rectangular details and type (regular or noise). The second vector holds all the rectangles
created by intersection between any two cells. Those two vectors are sorted according to the Y axis of the
upper right corner of the rectangles. The maximum height of regular or noise cells, as well as the maximum
height among all intersecting rectangles is kept as well. When part of the image is requested, the upper Y
value is found on both vectors with computational complexity of a logarithmic scale. Knowing the maximum
height, a small range of the vectors has to be searched to find the shown rectangles (disregarding rectangles
due to their X position). Cell rectangles are drawn first, followed by the intersection rectangles on top. An
example of a synthesized image is as shown in Figure 4.
Simulation settings
The simulation framework allows up to 300 independent stereology paradigms setups on the same
synthesized image. Figure 5 shows one of the 20 identical tabs, each holds settings of up to 15
(independently run) sampling paradigms. In a paradigm level, the user can set the sampling method, the
position of the counting
frame (more details
below), the counting
frame size, the field of
view size, the weight
offset (more details
below), the output file,
whether the sampling
should be done according
to period or sample size,
and up to 4 periods (or
sample sizes) to facilitate
direct CE estimation. A
unique output file name
Figure 5. Each tab in the simulation settings can hold up to 15 independent sampling
paradigm settings, all are run on the same image. Note the buttons for copying values
between tabs.

is generated for each
sampling paradigm based
on the paradigm’s setup.
Each output file
accumulates all the
results and information
for one sampling
paradigm, throughout the
whole simulation (see
output file structure
below). In the tab level,
the user can choose the
prefix of the output
folder, as well as noise
level in percentage.

Figure 6. General setting for the entire simulation. Total number of iterations, the
frequency of redistributing the cells and/or re-tessellating the region, binning
information, main output folder and report detail level are all defined here.

When a synthesized
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image is created, the same image is fixed until all paradigms in all tabs are run on it. While setting a
different noise level (per tab), the user can decide how big a percentage of the noise cells is shown. For
example, if 1000 noise cells are placed, and the noise percent value in the first tabs are 10% and 20%, the
100 cells shown while running the paradigms of the first tab will also be visible when running the paradigms
in the second tab (plus additional 100 noise cells). This was made possible by adding an index to each noise
cell (or intersection with noise cell) in the two vectors described above. This index is increased for each noise
cell placed and when it reaches 100 it returns to 1. A noise level display is done by displaying noise (and
noise intersection) rectangles with a percentage index up to the level. Figure 6 shows the general simulation

Figure 7. Probe positioning within a counting frame. The counting frame probe can be placed on the lower left,
center and upper right. Point grid probe is always placed in the center. Both regular (pink) and noise (blue) cells
are shown.

setting, which control the number of times the paradigms in all the tabs will be run (i.e. number of simulation
iterations), how frequent the cells (and noise) will be redistributed (following the same distribution pattern)
and how frequent the fields of view will be re-tessellated. Binning
information for cell area, fields of view weight, count, probability and
estimates are also set for the entire simulation. Binning classes are
made from consecutive intervals, and the number of values that fall
within each interval is reported. The reporting level can be defined
by the user. The levels are minimal (in brief, only final estimates,
and totals), minimal + binning, and full (every single cells is
reported, including the location, whether it was sampled and more).
Counting frame position
The counting frame position inside a field of view (Figure 7) can be
assigned independently to every sampling paradigm setup. When the
counting frame is non central, the user can decide the ratio between
the part above the frame and below the frame. In all simulations this
ratio is 1:3.
Weight assignment
The same basic weight assignment procedure was applied during all
simulations. Every pink or blue pixel contributed a unit to the
weight, while a pixel with intersection color contributed 50% more.
The resulting weight is always the percentage out of the possible
maximum weight for a field of view (i.e. as if all the pixels had
intersection color). The weight assignment component was built as a
dynamically loaded library (a dll), with a clear C language interface.
The dll receives a bitmap image, a requested color, and a debug

Figure 8. Method settings. The
details of the weight assignment dll
are shown at the upper part. Note the
weight offset and the debug level
attributes at the middle of the dialog.
Summary of current field of views
weights are at the lower part of the
dialog. The rest of the values are for
picking up requested color and
paradigm settings when running on
real biological tissue.
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level value. It returns the weight. The debug level can be none, log-only and interactive. The external weight
dll should interact with the user according to the requested debug level. The dll provides a short description
string as identification. The dll is user selectable, and can be changed during runtime. The clear interface
allows a different image analyses components to be programmed and compiled independently, and plugged
into CAST when needed.
Weight offset
The weight of a field where a count may be made should never be 0. As a safe-guard for preserving
unbiasedness, a fixed, non-zero offset is added to every returned weight from the weight assignment
component. This offset can be adjusted separately for each of the paradigms in a simulation. Nevertheless, in
all the simulations in this report, the weight was always set to 0.1, resulting in final weight of range 0.1100.1.
Sampling fields of view
The original CAST used the step length (i.e. the distance between the 2 counting frames on the X and Y axis)
to facilitate SURS in 2D. This has been changed when additional sampling methods were integrated. The user
today decides the size of a field of view, and the region is tessellated with fields of view completely and
automatically (with random upper left corner). A subset of fields of view is later selected according to the
sampling paradigm setup.
Automatic counting
When CAST is used on real tissue, an expert user looks in high magnification on each of the sampled fields of
view, and provides the unbiased count according to the probe projected on the screen. During simulation,
this expert user counting activity has to be imitated and automated. An external counting component
implemented as a dll, similar to the one used during weight assignment, does the automatic counting job
according to the active probe. During simulation the dll receives the two vectors of cell information (used for
creating the synthesized cell image) and the spatial orientation of the field of view (according to the stage
position). It might be possible that an advanced image analysis component will provide the human user a
count suggestion, facilitating semi-automatic real tissue counting procedure.
Structure of the simulation output file
An output file is created for each sampling paradigm setup. There can be up to 300 different files (and
paradigms), run on the same synthesized image. If the whole simulation is run 1000 times, this file will have
at least 1000 (horizontal) rows (see Figure 10). The output file is plain text and is organized in (horizontal)
rows and (vertical) columns. There can be up to 12 different types of output rows. The third column value in
each and every row indicates its type. A row that is type 2 will contain the information about the whole
population of fields of view (number, weight, size). Type 3 will contain similar information, but about the
sampled subset of fields of view. Type 1 will contain the information about the counted cells (final estimate,
position, area information), and type 4 will contain similar information about all the cells. Other types will
hold binning information. The columns in each row hold data specific to its type. When the data is flexible
(for example, in detail report, the position and size cells are reported as groups of X, Y, width, height) the
first column will indicate the number of flexible data groups. Flexible values are always placed at the end of a
row. The first column always shows the simulation iteration number (range of 0 to 999 when running 1000
iteration) and the second column always contains the header for that row. The first few rows have the
headers for their columns. The output file arrangement encapsulates all possible information about the
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output. Sorting this file according to column 3 (the type), will place the header of column E “NoOf” above all
type 2, and one can easily observe all the 1000 values of ”NoOf” “AllFieldOfViews”. The power of this
arrangement is not only the independence and self-containing of the output file, but also that a specific
value, for example, type 1 column F (i.e. “AreaMean/CountedCells”) can be identified and collected over all
the simulation iterations. Note that row data is reported only if necessary. For example, information about all
the fields of view will be reported only once in each output file if both the cells and the fields of view are
distributed and tessellated once. All possible information about the data is in one output file, including the
sampling method, periods, counting frame location, noise, and much more.

Figure 9. Stereology excel menu with a utility for picking and analysing output files. On the left screenshot, a setup is
used as configuration for the utility. Using this setup, it is possible to define the requested simulation CE (the utility
calculates the number of iterations needed for achieving that CE). Placing the list configuration on one of the tabs saves
it with the converted output, in one excel file, for easy tracing and regenerating. The utility dialog and one analysis
output is shown to the right. The setup tab is detected automatically by the utility.

Figure 10. An output file for one paradigm setup, loaded in excel. On the left, rows are sorted according to the
simulation iteration index, on the right, according to column C – the row type. Note the headers for the columns in
both left and right panels, and the headers for the rows in column B. Column D is the row creation time. If 239
different sampling paradigms are run during iteration, and there are 987 iterations, 239 separate files similar to the
one above will be created. Each contains at least 987 rows of type 1 and 987 rows of type 2 (which are the type for
sampled fields of view and sampled cells information).
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Excel VBA – simulation output file pickup and analysis
The huge amount of information from each output file can be extracted and accumulated by providing a list
of requested columns and types. A special Visual Basic for Application (VBA) add-in has been developed,
enabling the extraction and collection of requested values. The VBA add-in is self-installable, and adds a new
“Stereology” menu to Microsoft Excel (see Figure 9). The stereology menu is persistence between restarts
until uninstalled using the Excel tools menu. A summary of statistical properties is provided for the requested
type and column, for each output file selected. The summery includes the mean of estimate, the actual
value, the estimator CE (standard deviation), the simulation CE (standard error of the mean divided by the
mean) and more. Important two regulatory values are the number of iterations needed (with the same
paradigm setup) to achieve a simulation CE (always of 0.01 in this report), and

estimates − expected
SimulationSEM

. This

last value must not deviate from 0, since as long as the simulation result is based on more iterations, the
estimated mean should get closer to the expected results with inverse proportion to the simulation SEM. The
standard deviation for all the statistics results is based on running sums. If the values are based on more
than one period (i.e. direct CE), then the final estimate is based on the mean of the independent estimates.
In this report the direct CE, when simulated, was always based on two independent estimates. In this case,
for each two (or more) estimates for a direct CE, the direct CE is the SEM of these two independent
estimates divided by their mean. Having more than one iterations, the simulation CE is the mean of the
SEM/mean of all (always pairs in this report) independent estimates.
One output file is created for each paradigm setup (i.e. maximum 15 files per tab – see Figure 5). A group of
output file can be picked up simultaneously using the same VBA add-in mentioned above, and placed on the
sheet as if they were picked up and analysed one by one. A group of output files from the same tab, (as
shown below, Figure 11, lower left) will usually be grouped in the same Excel sheet.
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The simulation flow
Please observe Figure 11 for a complete simulation flow. The whole framework is built on top of two
encapsulated units (CAST and Excel VBA add-in), built with two different programming languages (C++ and
Visual Basic, respectively) and communicate with each other with a clear, easy to debug, independent
interface in a form of the output text file described above.

Figure 11. A simulation flow using one probe (counting frame or point grid) on one cell distribution (i.e.
homogenous intermediary or clustered). From left to right, top to bottom. Probe and cell distributions are selected
(upper left and middle panels) and simulation paradigms are set. In almost all simulations the number of
simultaneously run paradigms was 11 in every tab, which ended up as 220 output files (upper right panel). The
simulation is run 1000 times, which takes approximately 14 hours (information is logged during those hours as
shown in the middle left panel). 220 files are created (center panel) in the output directory. Each file (middle right)
contains output of 1000 different cell distributions, fields of view tessellations and estimates (approx 4000 rows in
each output file). These files are picked up in groups of 11 different paradigms (a tab). Each group is analyzed in
one spreadsheet tab using the VBA add-in (lower left). The relevant info (total count, CE, number of fields of view
observed) values from the 20 spreadsheet tabs are accumulated in an additional tab, using excel macros (lower
middle panel). A group of these values is viewed in a graphical way and analyzed for further fine-tuning.

Simulation setup
The following was applied to all simulations:
•

The region was a fixed, not oversimplified shape with one pronounced irregularity as seen in Figure
4. The region had a fixed area of 0.9375 mm2.

•

Field of view size was fixed at 60 µm (width) and 45 µm (height) – total of 2700 µm2. These are
similar proportions to a computer monitor.

•

Cells were drawn as pink rectangles. Overlapping cells (two or more) were drawn as dark pink.

•

Noise (which contributes to the weight but not to the count) was drawn as light blue rectangles.
Overlapping noise rectangles (two or more) were drawn as dark blue (see Figure 4).
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•

The weight assigned to a field of view was proportional to the number of pink or blue pixels in that
field of view. Dark pink or dark blue pixels contributed to the pixel weight 50% more than light pink
or light blue pixels. The final weight of a field of view was the percentage of its pixels weight relative
to the potential maximum (when the entire field of view is dark pink).

•

A sampling set is when all the paradigms are run independently on the exact same tessellation and
cell distribution. Before every sampling set, cells were redistributed and the tessellation of the fields
of view was randomly translated (i.e. the position of the upper left corner of the first field of view was
randomized).

•

Each estimator coefficient of error is calculated by taking the coefficient of variance of the multiple
estimates for that estimator.

•

The contribution from the simulation itself to the estimator coefficient of error (CE) was always
monitored. The number of repetitions is always high enough to make the simulation standard error of
the mean (SEM of the estimates divided by the mean of the estimates) much lower than 0.01. The
simulation CE was ensured to have insignificant impact on results and conclusions.

•

When using a counting frame probe (Sterio 1984), the counting frame area was fixed at 40 µm
(width) and 35 µm (height) – total of 1400 µm2.

•

When using a point grid probe, the area per point was fixed at 135 µm2 (this gives 20 grid points per
field of view).

•

Some simulations were done on two different probes, counting frame probe for total cell count
estimation, and point grid probe for total area estimation. To make the comparison between probes
easier and with as many similar parameters as possible, the area per point and the counting frame
size was adjusted to provide approximately same mean number of counts for both probes when run
on cells with area 70 µm and SD 30 µm (which are the values for some of the simulations).

•

When calculating direct CE, it was always based on two splits. The direct CE count shown in all
figures is the sum of the counts of the two splits (i.e. total count, regardless whether the paradigm
was actually setup as one or two splits).

When a typical simulation was run, 2500 cells were placed using the specific requested distribution (see
Figure 3). The region was randomly tessellated. The whole set of paradigms (iterated with different periods
to change the cell count) was run on this same cell placement, distribution, and fields of view tessellation.
When completed, cells were removed, and a new set of 2500 cells was placed, fields of view were randomly
tessellated again, and the whole set of sampling paradigms (with different periods) was run. This whole
procedure was repeated 1000 times on each of the 3 different cell distributions – homogeneous, intermediary
and clustered. Each dot, which makes a graph, is based on 1000 values of estimates. The dot nearby is also
based on 1000 different values of estimates (different – since the paradigm or the periods are different). But
all 1000 values in a single distribution graph are based on the exact same distribution of 2500 cells
(synthesized images) and tessellations of fields of view. This ensures that when two paradigms and
simulation setups are compared, the only changing variables are the estimators and the estimator’s periods.
The simulation imitates the real world biological tissue image. The proportionator simulation results of
manuscript [2] are conservative with respect to the actual performance on real tissue, as shown in
manuscript [3].
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Implementation in microscopes
This PhD project is applied stereology. The CAST with the simulation framework was running thousands of
simulations while the original CAST software was used daily applying stereology related tasks on real
microscope and biological tissue. In the last half year of the project, the proportionator (as well as all other
previously simulated paradigms) became available and working on real biological tissue in a user-friendly
upgraded CAST software.
The user experience while counting and observing fields of view in the upgraded CAST is identical to the
original version. The difference is the additional procedure of color pickup and weight assignment (when
using proportionator or smooth) and new final estimates readout.
The use of proportionator is via a menu (see Figure 13). Options are enabled when available, and the flow is
from top to bottom, starting with tessellation of region with fields of view, method setup, color pickup,
assigning weight to the fields of view, and finally - sampling. Note that all original CAST options are also
available.
Programming issues
The main implementation issues were related to the replacement of the synthesized image and simulation
stage with a genuine camera and stage. The synthesized image was providing an image when needed,
synchronically. The simulation stage movement was also done synchronically, by directly changing the X and
Y positions. On the other hand, a genuine camera is working a-synchronically in its own thread, acquiring
images into an intermediary buffers. When a buffer is ready with an image, another thread is triggered with
the buffer index, sending a message to the main application thread to refresh the displayed image on the
screen with the image in the ready buffer. While images are constantly refreshed on the screen, the camera
thread constantly continues to acquiring new images into available buffers. The image buffers are reused. It
might happen that during weight assignment the display image will change, due to the constant camera
image refresh. Camera image acquisition has been stopped while doing weight assignment.
An additional problem was the (a-synchronically) stage movement. The stage reported that movement has
been completed, but it might be that the image shown on the screen is still an image of the previous
location. Correct stage to camera synchronization has been implemented. Other changes included disabling
the automatic expert user counting component, and, as opposed to non interactive workflow during
simulations run, the whole counting procedure of marking, moving between fields of view and user
interaction was enabled.
Image stabilization
Different image adjusting (like white balance, automatic exposure and basic color correction) is applied on
each camera image before it is displayed. The weight assignment is done on the resulting, presented image.
During weight assignment, the stage automatically moves around the entire region while the system assigns
a weight to the observed fields of view. A new user option under the proportionator setup (see Figure 8)
indicates the number of frames to wait before weight assignment. The camera and the stage are two
independent devices, and the camera might provide a non clear image immediately after stage movement.
In some cases (for example high magnification or noisy image due to fluorescence lighting) it might take a
few frames before the image is stable and the weight assignment is completed.
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Color pickup
The user selects a requested color to be used during weight assignment (see manuscript [3] figure 2). The
more pixels with color similar to the requested color in a field of view, the higher the weight will be. When
picking a color, the requested color is the average of 9 pixels selected by dragging a rectangle.
Viewing the estimate
The original CAST only used uniform random sampling. The total count for all fields of view was reported,
and the user, as part of calculating the final estimate, divided it by the uniform probability (to be sampled).
The probability was the size of the probe (for example, counting frame) divided it by the x- and y-stepping.
In the proportionator non-uniform sampling, each field of view has a different estimate, based on its
probability to be sampled. Figure 12 shows the updated CAST output, where each field of view has its own
estimate. The sum of the estimates has to be divided by counting frame sampling fraction (if applicable), the
section sampling fraction and other applicable fractions, but there is no x- and y-stepping. Fields of view are
picked up with certain probability. When uniform sampling is done as the sampling paradigm (for example,
smooth fractionator design) the estimate is still calculated per field of view, but the probability values are
then uniform.

Figure 12. The data viewer showing the probability P(FOV), count C1, C2 and estimate EstimateC1, EstimateC2 per
field of view. Note the sum of the estimates.

Field of view visible information
The upgraded CAST can show the field of view index, probability, weight, count (while counting) at the upper
left corner of the fields of view (see Figure 13). Viewing these values, as well as other visual validation
effects can all be switched on and off using the proportionator menu.

Other enhancements


The user can jump from one field of view to another, removing and adding new counting points.



The order of looking of the fields of view is no longer significant. All fields of view have to be
observed.



The user can count without clicking the mouse, but pressing the numeric keys of 1 to 9 (each
numeric key corresponds to a different cell type). This enables changing the counted cell type
without the use of the count tool dialog box or the mouse.
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The data viewer output was enhanced. A quick data file save option - without any user interaction,
has been added. The information shown in Figure 12 as well as the probe and other setup
information are saved automatic in the user folder under a filename based on the date and time.

Figure 13. The
proportionator menu and
field of view annotation.
The screenshot (granule
cells) shows 6 “100x”
fields of view visible on a
screen during 40x.
Notice the simulation
menu (4th menu from the
right). The respective
menu dialogs are shown
in Figure 3, Figure 5,
Figure 6, Figure 8 and
Figure 11. Menus can be
turned on an off using
CAST .ini file.

Testing on biological examples
Three biological examples were examined: estimating total number of granule cells in rat cerebellum, total
number of green fluorescence protein (GFP) orexin positive neurons in transgenic mice brain, and estimating
area fraction of β islet cells in dog pancreas (manuscript [3]). The proportionator (with fields of view
smoothed before sampling on the accumulated weight) is compared to the traditional SURS using the three
above-mentioned biological examples. In all examples, six independent estimates were done for each slide.
Two independent estimates used the proportionator, two used SURS, and two used half proportionator
sample size, twice (for proportionator direct CE). For estimating total number, counting frame (Sterio 1984)
and the optical disector (Gundersen 1986) were used. For total area (or volume, when section separation is
known) a point grid using the Cavalieri principle was used (Gundersen et al. 1988b; Michel & Cruz-Orive
1988), similar to what was done in (Pakkenberg & Gundersen 1997). The coefficient of variance between the
two estimates in each pair of the same method was used to give an indication of how accurate the method is.
The number of fields of view observed during sampling, as well as the time spent on delineating the region
and assigning weights has been recorded. A pilot study was done on each example to adjust the sampling
fraction for approximately the same total counts for both the proportionator and SURS. This resulted in two
sampling fractions for each example, one for the proportionator and one for SURS. Those fractions remained
constant throughout the whole example and the slides within it, regardless of the total amount of fields of
view in each slide. In each slide, a new region of interest was delineated and color request and weight
assignment were done independently five times (two for the proportionator and two for SURS and once for
direct CE). The ranges of weights differed between slides due to the difference in color, staining, and section
artefacts. For getting the same fixed sampling fraction in the proportionator, regardless of the total number
of fields of view, the proportionator SURS period (on the accumulated weights) was adjusted by the
computer according to the sum of the weights.
The direct CE was estimated as well, as described in manuscript [2]: transparent to the user, two sets of n/2
fields of view are sampled independently; their average estimate is the final estimate and the SEM/Mean of
the two ‘half’-estimates is the unbiased estimate of the CE (Gundersen 2002).
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Results
Simulation
As shown in manuscripts [1] and [2], the proportionator is superior to both SURS and Smooth (while smooth
is superior to SURS), with both precision and workload. The proportionator shown to be up to 15 times better
then the traditional SURS (during simulation, combined precision and number of fields of view observed,
figures 8, 9, 11 manuscript [2] and Figure 15 below). The proportionator showed superiority in all
simulations and probes. The simulation results presented here are all additional to the ones in the
manuscripts [1] and [2].
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Figure 14. The influence of the counting frame
position on the precision. 2500 cells of mean
area 13 µm (SD 4 µm) were placed in
clustered distribution. Placing the counting
frame at the lower left gives a small advantage
in both smooth and proportionator even though
the average cell size is approx 1% of the
counting frame size.

1
0.837
0.707

SURS Smooth

CE

CE2

1
0.7
0.5

100

Cell Count

The influence of the counting frame location within a field of view is shown in Figure 14. The counting frame
was positioned in the lower left, center and upper right of the field of view. The results are of clustered cell
distributions. As mentioned in manuscript [1], the image analysis dependent estimators achieve a better
precision when the counting frame is placed at the lower left. Most of the cells below and to the left of the
counting frame does not contribute to the count, but contribute to the weight.
Figure 15 shows simulation results for total area estimation for sparse cell distribution (same cell area
properties as in the simulation presented in figures 10 and 11 in manuscript [2]).
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Figure 15. Precision, total
number of fields of view
observed, and efficiency
compared to SR of sparse area
estimation. 250 Cells mean area
70 µm (SD 4 µm) were placed.
Note the increased combined
efficiency – both number of fields
if view and CE - compared to the
corresponding non-sparse
distribution (figures 10 and 11,
manuscript [2]).
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Simulation for estimation of total projected area is presented in Figure 16. As opposed to area estimation in
manuscript [2], here an intersection of two or more cells does not give a higher weight. A grid point can be
counted only once (as opposed to manuscripts where point grid is counted more than once if hitting a point
of overlapping cells). A maximum count per field of view is therefore 20 - the number of test points in a field
of view. The comparison is between 11 different paradigms on the same plots (please observe the legend for
Figure 16). Note the continuing superiority of the proportionator. In some cases SURS Smooth has precision
as good as the proportionator (if not even better), but the number of fields of view observed by the
proportionator is fewer (almost half) for that same CE.
Total Count,

Total Observed

P

Fields, F

SR, SURS, Smooth

200

63

3.2

Homogeneous

Proportionator

200

49

4.2

Intermediate

Proportionator

200

29

8.3

Clustered

Proportionator

200

21

14.3

Sparse Sampling

SR, SURS, Smooth

50

158

0.3

Homogeneous

Proportionator

50

61

0.7

Clustered

Proportionator

50

30

1.6

Spatial Distribution

Sampling Strategy

Ordinary Sample Size

P/F

Table 1. The number of fields to study during area estimation for obtaining a given sample size. The three uniform
random sampling strategies (SR, SURS, Smooth) all require the same number of fields, independent of the spatial
distribution of the cells (the cell density is a constant), but for the proportionator the necessary number of fields depends
on the spatial distributions. P/F is the average count per frame.
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Figure 17 shows the box plots of counts and estimates for homogenous, intermediary, clustered and sparse
(clustered) distributions while estimating total count using a counting frame probe. These plots correspond
directly to the values in manuscript [2] figure 4.
Figure 18 shows the number of fields of view observed when estimating direct CE (using half of the sample
size, twice) compared to CE using the full size (corresponds to manuscript [2] figure 15).
Table 1 above shows a summary of the amount of fields of views observed when estimating total area using
point grid probe. The table is the analogous to table 2 manuscript [2], but for area estimation.
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Figure 16. Estimation of projected area.
1500 cells, larger than previous
simulation (mean area ~ 320 µm, SD ~
200 µm) were distributed, creating a
total projected area of 0.35 mm (approx
38% of the entire region, standard
deviation of 0.043 mm between all
distributions). Estimator’s precisions are
shown in the upper panels, and the
number of observed fields of view are
shown in the lower row. The direct CE of
SR and proportionator follow the
respective “full size” method. SURS 1D is
identical to SR.
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Figure 17. Box plots for total counts and total estimates when counting approximately 100 cells (25 cells for
sparse) using a counting frame. 2500 cells were distributed (250 for sparse), with mean area of 12 µm (SD 4
µm). These values correspond directly to figure 4, manuscript [2]. Mean value is shown as dotted line. Note the
almost identical mean and median for proportionator estimates, and the equal distribution around the mean of both
counts and estimates in the proportionator.
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Figure 18. The total number of fields of view observed while using proportionator and proportionator with Direct CE. The
direct estimate of CE is for two independent samples of size n/2 compared to the real CE for a sample of size n. The
values are from simulations in homogeneous (top row) and clustered (bottom row) spatial distributions; the left column is
from a sparse distribution, the right column from a distribution of ordinary density. The identity line is shown. Symbols: ο
cell count, × point count. When the number of observed fields of view is high, and the distribution is sparse and clustered,
the total fields of view observed during direct CE is lower then the corresponding full size proportionator. This is due to the
independent of the two half size sampling tasks – some fields of view are sampled twice, independently, but are observed
by the user only once. During this simulation 2500 cells (250 when sparse) with mean area of ~70 µm (SD ~30 µm)
were placed and counted using a counting frame probe. This figure corresponds directly to manuscript [2] figure 15.

Biological
The selected examples show a wide range of characteristics, as shown in Table 2. A summary of the
proportionator with direct CE results is shown in Table 3.
Total

FOVs

Color to count

Distribution

Counting

Point Grid

number of

sampling size

correlation

Frame

area/point

large

small

high

intermediary

small

low

large

low

Intermediary

large

Pancreas, β cells

large

small

high

homogeneous

small

Pancreas, Tissue

large

small

low (indirect)

everywhere

medium

FOVs
Cerebellar
Granule cells
GFP orexin
neurons

Table 2. The biological examples used for comparing proportionator and SURS, and their different characteristics. The
proportionator was run twice, independently, on half sample size. GFP orexin neurons in SURS indicate non-homogeneous
distribution as does the grey distribution in figure 7 manuscript [3], it is very different from a homogeneous distribution
(as seen in figure 4 in manuscript [2]). Pancreas β cells are in clusters, islands, but the islands are roughly homogeneous
across sections. Pancreas tissue does not have a distribution in pancreas, since it is everywhere.

Proportionator with direct CE
Estimate
Pancreas, tissue

Direct CE

Total Count

Observed FOVs

2

0.081 (111%)

185 (27%)

11 (20%)

2

46.5 mm

Pancreas, β cells

1.45 mm

0.066 (84%)

89 (92%)

11 (20%)

GFP orexin neurons

804

0.136 (24%)

105 (108%)

39 (34%)

0.14 (22%)

245 (96%)

25 (22%)

Granule cells

8

1.57·10

Table 3. Final estimates, direct CE, total cell count and total observed fields of view for the studied biological
examples. Percentage values are from the corresponding SURS sampling (manuscript [3] table 1)

Please observe Figure 19 for visual presentation of the estimates and their CE. As opposed to direct CE, the
CEs of the SURS and proportionator are the CVs of the replication and not SEM’s, since we are interested in
the precision of one sampling task, and not in the precision of the mean of two independent sampling tasks.
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Pancreas ß cells

Final Estimate

Grenula Cells
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Pancreas Tissue

500x106

1,8x106

65x106
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-500
SURS

Prop DirectCE

SURS

Prop DirectCE

Figure 19. Visual presentation of the proportionator CE, SURS CE and proportionator direct CE. The marks around the
estimates indicate one and two CEs away from the estimate.

Proportionator sampling performed on biological examples 8 to 25 times better than SURS with time and
precision combined, as shown in manuscript [3] table 2. The distinct clear blue stain of the granule cell was
clearly visible with bright field 1.25x objective and made the color identification and weight assignment fast
and reliable (Figure 20). The small area sampling fraction of the counting frame (3%) with a 100x objective
made the identification of an empty field a fast process but also contributed to sampling noise, due to fields
of view with high weight and low count (figure 5 manuscript [3]). In this setup, the user has to observe only
22% of the fields of view in proportionator compared to SURS, for obtaining the same count.

Figure 20. Fields of view sampled using the
proportionator on rat cerebellum. Requested
color is the blue stained granule cells. The
objective used is 1.25x. The sampled fields
of view are marked with yellow. Almost all
sampled fields of view hit the granule cells.
The intensity of the yellow color indicates the
weight of the field of view – the higher
weight the darker the color. All fields of view
have a probability to be chosen, also ones
with low weight (light yellow). The blue line
partly shown is part of the region
boundaries, marked by the user. Even tough
all the region is tessellated with same size of
fields of view, all fields of view selected hit
the tissue, since the weight of fields of view
outside the tissue is negligible.

Weight assignment for the GFP-expressing orexin neurons was only possible with a 10x objective under
fluorescence light. The noisy and greenish image contributed to non-trivial color identification and weight
assignment. The requested color had to be fine tuned, and the maximum distance in 3D space (fig. 2
manuscript [3]) had to be carefully adjusted to avoid picking up the background noise (Figure 22). The
number of frames needed to stabilize the image after stage movement was ~10. The region of interest was
small, and the number of total fields of view was not more than 40 per slide. The large sample size for both
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the proportionator and SURS (28% and 65% respectively) made the color identification and
weight assignment (for each slide) timeconsuming operation (table 2). The
proportionator was non-beneficial with regards
to time as compared to the traditional SURS
(but still beneficial with respect to precision).
The sampled fields of view were observed
under fluorescence light with a 60x objective.
An Excel spreadsheet template for calculating
Q—-weighted section thickness was made and
used for calculating the final estimate of the
GFP neurons and granule cells. The Q—weighted section thickness (Dorph-Petersen et
al. 2001)

tQ−

∑(t i ⋅ Qi− )
:=
∑ Qi−

Figure 21. Q—-weighted section thickness excel template. Final
estimate, total Q—, predictive CE and (weighted) height sampling
fraction are calculated.

and Cavalieri CE (Gundersen et al. 1999; Gundersen & Jensen 1987) are both applied in this spreadsheet. A
screenshot of the template is shown in Figure 21.
Figure 22. Over-exposure when
counting GFP neurons. A contrast
between the neurons and the
background (as in figure 6 manuscript
[3]) was obtained by fixing the exposure
level, followed by reducing the light
intensity.

The β islet cells were clearly visible as dark brown color with a 1.25x objective (figure 7 manuscript [3]). Due
to camera artefacts at the tissue edges (shade of brown), the region was delineated with a 1.25x objective
while the color identification and weight assignment were done with a 4x objective (fig. 7 manuscript [3]).
The number of fields of view was approximately 3000 (field of view size was tuned to fill up the entire screen
at 60x). This led to a precise but time-consuming weight assignment operation in 4x objective. Weight
assignment in 4x objective is 10 times slower then the same weight assignment in 1.25x objective.
Discussion

This study introduced a new, non-uniform proportionator method, which increases the precision of
stereological estimations. The proportionator (manuscripts [2] and [3]) and smooth design (manuscript [1])

PhD Thesis

35

use biased image analysis and computer power to provide unbiased stereological estimation. Independent
uniform random (simple random), SURS, smooth and proportionator designs are compared using simulation
imitating distributions with different degree of inhomogeneity as well as different noise levels. Proportionator
and SURS are compared on three genuine biological examples.
The combined efficiency of the proportionator during simulation was 2 to 15 times (manuscript [2]) and 8 to
25 times when tested on biological examples (manuscript [3]).
The proportionator assigns each field of view a different (and known) probability to be chosen. The sampling
is done using systematic uniform random sampling (SURS) on the accumulated weight of the fields of view.
The probability to be sampled of each field of view is calculated by knowing the (biased) weight and the
sampling period. A final unbiased estimate is provided by the Horvitz-Thomson estimator which requires
known probability and an unbiased count. This study includes a protocol for directly estimating the coefficient
of error (CE) of the proportionator sampling estimate without extra workload (the direct CE).
A simulation framework was built on top of existing stereology computer aided system (CAST). The
simulation was based on thousands of synthesized cell images. The synthesized image is not an authentic
biological tissue. Nevertheless, the synthesized cell images follow a specific clear pattern, can be randomly
recreated as many times as needed, and the exact cell area and size is always known. The simulation results
can give some understanding of the advantages, disadvantages and comparison of the different estimates
and their performance using different probes. In order to compare two estimators, one needs a value that
sums up both the estimator coefficient of error and the workload. Multiplying CE by the number of fields of
view observed (for the same cell count) was used as combined efficiency during simulation.
Following the simulation, the proportionator, smooth design, and all compared paradigms become available
for sampling on genuine tissue using a microscope modified for stereology, equipped with a digital camera,
controlled stage and a microcator.
Why the proportionator works
The proportionator primarily derives its efficiency not from a negative covariance but from selecting a
different sampling distribution (manuscript [2] figure 4), and by exploiting the positive relation between the
count and the weights (manuscript [2] figure 5). The resulting slope of the proportionator relation between
sample variance and sample size is in all examples close to -1.00 (figures 6, 7 and 10 manuscript [2] and
Figure 15 and Figure 16) or close to that (for example, -1.07 and -1.21 in the center and right panels, figure
6 manuscript [2] respectively). In other words, the proportionator efficiency is based on the fact that the
variance between the estimates of the fields of view is smaller then the variance of the counts, adjusting the
estimates by giving different probabilities to each field of views according to its potential count. In traditional
uniform random (including smooth) the variance of the estimates is the variance of the counts (Figure 17
above).
During simulation, the weight was assigned according to the number of pink pixels. A cell will contribute to
the weight regardless of its placement. The counting frame will not count cells to the left or below it, and
might also not count cells above and to its right (the cells not touching the inclusive line). The point grid
covers the entire field of view and every cell inside it has a change to be counted, regardless of its position.
Therefore, cells that contribute to weight, and are placed at the edges of the field of view, are more likely to
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be counted using point grid than with a counting frame. This gives a better weight to count ratio for the point
grid probe.
In homogenous and part of intermediary distributions, smooth fractionator design has better precision than
the proportionator (Figure 15 and Figure 16 above, and figures 6, 7 and 10 in manuscript [2]). In
homogenous distribution the variance of the counts is anyway small, and smoothing the fields of view before
counting does not change the variance (Figure 17 above). The smooth fractionator has its effect on the
sample totals. Nevertheless, proportionator still outperforms smooth design in workload, since the same
precision is achieved by observing approximately half of the fields of view than smooth design, for the same
total cell count (Table 1 above and table 2 in manuscript [2]). Note that for a count of 100 cells, the
proportionator uses less number of fields of view compared to traditional sampling paradigms. The better
combined efficiency is achieved also by reducing the amount of workload (figures 8, 9, 11 in manuscript [2]
and Figure 15 above).
Simulation results
Proportionator performance is based on the correlation of weight and actual count and the weights variance.
In homogeneous cell distribution, the weight and the probability to be chosen are almost uniform. During
simulations, the proportionator outperforms other estimators even with the small variance in weight (Figure
15 and Figure 16 above, and manuscript [2] figures 6, 7 and 10 – the leftmost panels). In clustered cell
distribution, the weights variance is bigger, and higher probability is given to a field of view that is likely to
have a higher count (rightmost panels in Figure 15 and Figure 16 above, and manuscript [2] figures 6, 7 and
10). The number of observed fields of view to achieve the same count is significantly smaller in
proportionator regardless of the distribution.
In sparse cell distribution, the proportionator outperforms, again, in the workload part. The number of cells is
so sparse, that the variance between the selected fields of view is minimal (Figure 17). As with homogeneous
distribution, even the small weight variability makes proportionator select fields of view with more counts
(manuscript [2] figure 4), and therefore reduces the total number of observed fields of view. The
proportionator is definitely good in picking up fields of view with rare events.
The number of fields of view proportionator has looked at for obtaining a certain number of cell count is
shown in manuscript [2] table 2, and table 2 above.
How do we know the simulation is correct (verification tools)
Some of the methods were implemented solely for verifying the simulation framework. Simple random was
the only method that was guaranteed to have direct CE identical to the CE, since it’s the only method that
the sampling of the fields of view is absolutely independent. This is clearly shown in Figure 16 above (gray
and black lines). Both SR, SR direct CE and SURS 1D are identical in Figure 16 above (gray, black and red
lines). SR, SR with direct CE, and SURS 1D were identical in all final graphs (as shown in Figure 16, the
graphs in manuscript [1] and [2] does not show SR direct CE or SURS 1D but only show relevant sampling
paradigms). These identical graphs, which are the top of a pyramid built from many building blocks, verified
that the whole simulation workflow (Figure 11 above), synthesized image, repetitions (both simulation
iterations and direct CE iterations within one simulation), output, and the statistical analysis, are correct.
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It is expected that SURS 2D will perform better than SR in clustered distribution, since the nature of SURS
2D sampling protocol prevents spatial approximation of 2 fields of view, and therefore the sampling of the
fields of view is not independent (i.e. the covariance is negative). The effect is small, however, because the
gradient in clustered distribution is with respect to the 3 cell origins, and the scale of inhomogeneity is small
with respect to the distance between the sampled fields of view in SURS.
Biological results
Proportionator precision outperforms SURS in all three examples, for much lower number of fields of view
observed. The proportionator was clearly beneficial in the pancreas and granule examples, both with regards
to precision and time. Proportionator overhead of color pickup and weight assignment has increased total
time spent and reduced the relative efficiency. In the GFP example, the low number of fields of view
observed per slide as well as the time consuming weight assignment due to the noisy image, made the
proportionator more time consuming than traditional SURS when counting approximately the same total
number of cells (tables 1 and 2). Nevertheless, the proportionator precision was still a great deal better
(Table 1) and the relative proportionator efficiency was 9 times better (table 2).
In the pancreas example, the good precision of the β cell area estimation is probably due to the clear brown
stain and the precise weight assignment with a 4x objective. The presence of β cells indirectly implies the
presence of surrounding tissue. Therefore, the precision of pancreas tissue estimation is worse than β cell
area estimation, but still much better than SURS.
The exact same code that did the simulation sampling was run on the biological examples sampling. The fact
that the weight assignment is external with a simple interface (gets an image, returns a value), and the fact
that weight value range does not influence proportionator performance (the SURS period on the accumulated
weight is adjusted according to the sum of weights) made the porting from simulation to genuine tissue
almost error free.
The proportionator had improved sampling precision, and reduced total work time in all examples except the
GFP neurons. In all cases it had an improved combined efficiency of both precision and time. The size of the
counting frame in the granule cells example was only 3%. A small area sampling fraction will increase the
variance between the estimates, since fields of view with high weight might have the counting frame too
small to hit the cells that contributed to the weight.
Proportionator precision also outperformed SURS in the pancreas tissue area estimation example, even
though the weight to count was only indirect (manuscript [3] table 1). The variation and the distribution
within the counts are smaller in both the proportionator and SURS in β islet cells compared to surrounding
tissue (figure 8 in manuscript [3]). This is probably because of the much stronger correlation between the
brown color (that dominates the weight assignment) and the β islet cells, than the indirect correlation
between the brown color and the surrounding pancreas tissue.
During the direct CE weight assignment, the estimated time for proportionator with direct CE was roughly as
for the proportionator, since the region was not delineated again between the two independent samples for
the direct CE.
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We used the optical disector (Sterio 1984) and the fractionator (Gundersen 1986) on the sampled fields of
view. Local estimators which are described in (Jensen 1998) or the nucleator (Gundersen 1988) or rotator
(Jensen & Gundersen 1993) could have also been applied.
The conservative setup
Both the simulation and the biological examples used conservative, non optimized setups. The counting
frame in the granule cells example is on the edge of being too small. The point grid area per point is a bit too
high in the pancreas example. The image analysis component during the biological examples is basic, and is
far from being optimized. During simulation, the weight assignment saturation of 50% was too high. If it was
10%, only an overlap of more then ten cells would provide a constant maximal value. Fields of view with a
high weight had a weight too low compared to their count. In fields of view with low weight there is very little
overlap (manuscript [2] figure 5, lower left).
The advantage of placing the counting frame at the lower left is shown in figure 11 manuscript [1] and Figure
14, above. Bigger cells (compared to the counting frame) are more likely to contribute to the weight, but
touch the exclusion line of the counting frame.
Smoothing the fields of view (according to their weight) before applying SURS on the accumulated weight
does not show any significant improvement of the proportionator, but does not harm. It showed
improvement in simulations with cell sizes of ~%50 or more of the counting frame size. In real scenario the
user would reduce the magnification of the objective. Smoothing protocol reduces the CE by reducing the
variance between total counts of the sampled fields of view. If the random start is close to 0, the first half of
the fields will provide a relatively low count but the second half will therefore provide a relatively large count
(hence the negative covariance), and the total varies a little. The proportionator reduces the CE by reducing
the variance between the estimates of the fields of view.
Direct CE
During simulation, direct CE protocol was applied to different paradigms. The proportionator showed to have
a direct CE that can be calculated directly, without increasing the workload, for two independent half size
samples.
Proportionator direct CE with half sample size was strictly following the full sample size proportionator, in all
simulations, for the same total count and the same total fields of view observed. In sparse clustered
distribution, with high field of view count, direct CE was actually used fewer fields of view than full sample
size proportionator. When cell count is high, the proportionator needs to observe more fields of view for
counting the same total count that direct CE needs. The proportionator is very efficient in detecting rare
events. The two sampling tasks that direct CE is made of are independent. A field of view with high count
(due to high weight) might be chosen more then once – once in each independent task of direct CE.
Therefore, a high total cell count for direct CE might be made out of fewer fields of view, when fields of view
with high count are sampled more then once but observed once (see Figure 18).
Log-log plot of the sample variance against the sample size the relation is a straight line of slope -1.00 when
the fields of view are sampled with strict independence. The proportionator is just close enough to -1 that the
mean of two half-samples is essentially as efficient as one full sample, as shown in figures 6, 7 and 10
manuscript [2] and Figure 15, Figure 16 above. Both SURS and Smooth owe their greater precision to a
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negative covariance, showing up in the same figures, as a slope steeper than -1.00 (their covariance
structure is quite different, and the covariance may be positive or null in certain situations).
When calculating direct CE for multiple sections, (each one had proportionator ran with twice half sample
size) the sum of the direct CE is ratio of means, as shown in formula 8 manuscript [3]. CE is a ratio, and
means of ratios with a random numerator are biased, sometimes very much so (Cochran 1977; Kroustrup &
Gundersen 1983).
The bivariate graphs in manuscript [2] figure 5 and 13, and manuscript [3] figures 6, 7 and 8 are a little
different. During simulation there is always one section, made with identical lightening and color assignment.
In the biological examples there are multiple sections, each with different staining intensity, thickness, and
color pickup and assignment. There might be a different in the weight range between sections in the
biological tissue. The fields of view sampling fraction for each biological example is constant for all sections.
Note that both proportionator and smooth design have CEs that are sometimes even below field to field noise
level.
Future perspectives

The problems encountered during the biological examples can help identify few potential improvements. Most
are related to image analysis. This is reasonable, since our image analysis component was very basic.


Almost all inhomogeneous organs show a variation between sections. Placing the sections on a large
motorized stage, and sampling them all in one run will reduce this section to section noise.



If total tissue area is too large for the weight assignment magnification, or it might seem that weight
assignment takes too long, a pre sampling of the region can be applied. In detection of rare cases it
might become a disadvantage, since the pre sampling is pure SURS.



Fixing an obviously wrong weight assignment in a certain region of the tissue (for example, wrong
staining of the tissue edges). The user could manually change the weight to one (or a group) of fields
of view. Since the change is done before sampling, the estimate is unbiased.



Reduce uneven illumination at low magnification (fig 3. and fig. 5 – at the edges with the 1.25x
objective). A possible image analysis algorithm could decrease the uneven illumination (Bischof et al.
2004; Osadchy & Keren 2004; Russ 1990). Allowing the user to designate an area of the screen
image where weight assignment should take place (i.e. center of the screen for 1.25x objective)
would also ease the problem.



The requested color is now based on one color. It could be based on more colors. The requested color
might be adjusted while counting the requested cells, or with the requested color of previous
sections. Boolean combinations might be used (John Caulfield et al. 2004). For example, for pancreas
tissue one can use the tissues light color, but exclude all shades of stained β cells.



An image analysis component could be improved, to use hue, saturation and intensity (Pydipati et al.
2006).



The used weight assignment calculated the distance from requested to existing voxels, within a
sphere. A binary sampling of 1 or 0 (if in the 3D sphere range then 1 or else 0) might be used. The
final weight assignment could also be adjusted to simple return 1 or 0.



Some user selectable routines for weight transforms (offset, use √, etc) could be available.
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An optimal partitioning algorithm could be implemented, which takes into account the probe and the
magnification used (for calculating uncertainty in co-ordinates positioning). The algorithm will provide
an optimal field of view size. An example for a system that uses image analysis for adjusting the
parameters for the optical fractionator SURS sampling is described in (King et al. 2002).



Applying automatic detection of boundary will eliminate the need of delineating the region (Gomez et
al. 2007; Gonzalez & Woods 2002; Jonasson et al. 2007; Sahoo et al. 1988; Skarbek W. & Koschan
A. 1994; Wang et al. 2006). The proportionator is less sensitive to the accuracy of the containing
region - as long as the tissue is included in it. In the proportionator examples above, the region was
crudely delineated. Using image analysis it might be possible to find, or at least indicate a region
containing the tissue. The edge stain by many antibodies is a real problem, choosing optimal
magnification might be a solutions. These edge stains might be used during image analysis boundary
detection and segmentation. Delineating a region by simply quick dragging a rectangle is also a
possibility.



The component imitating the expert user counting activity might be used for suggesting a count to
the user. This component already exists as an external component for the simulation, but it might be
modified to include advanced image analysis to provide a count suggestion to the user. An example
for such segmentation is (Xu & Pitot 2006).



A hybrid tissue/simulation framework could be implemented. A tissue can be placed, followed by the
expert user providing the true count, size and position for all cells. Then, a simulation could be run
on the tissue comparing different sampling paradigms and parameters.

Most of the above suggestions are based on image analysis improvements. There is a large range of possible
image analysis components and methods (Gonzalez & Woods 2002; Russ 1990; Russ 1999). As image
analysis methods improve, the weight to count correlation will get better, improving proportionator precision.

BranchSampler and collaboration with other labs

During the PhD collaboration with other laboratories led to some specific computer related stereology
solutions.
Handheld system for measurements and mapping of branching structures
A standalone, handheld stereology software was made in collaboration with Dvoralai Wulfsohn, Department
of Agricultural Sciences, The Royal Veterinary and Agricultural University, Tåstrup, Denmark. The handheld
system and its possible applications are described in manuscript [4]. Using this software, SURS can be
applied on “tree like” nested structures. The system can be used at a laboratory or taken to the fields, were
stationary computers are not available or not comfortable. Using up to 4 levels of nested independent SURS
periods, one can observe and fix a fraction of a lung, instead of dealing with the whole organ (Ochs 2006).
When applied, for example, on a field of trees, the first level would be “trees”. A period of 13 would mean to
take a random start of 1 to 13, and then every 13th tree. On every tree that is sampled, a second level SURS
will be applied on its branches. If the second SURS period is 7, a random start will be generated from 1 to 7,
and every 7’th branch will be sampled. Using our example, if a user is standing on the 3rd branch in a tree,
and has to
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Figure 23. The evolution of the user interface in BranchSampler. The two panels on the left show the version from
end of 2005. In that early version, all the information was visible in one page, available via scroll bars. The two
panels on the right show the latest version. The information is separated by tabs according to subjects for easier user
experience.

proceed to the next branch – to jump 7 branches ahead (since our period on the branch level is 7) and there
are only 2 branches left on our current tree, the software will tell the user to go to jump to the 13th tree
ahead (since our period on the trees is 13) and proceed from the 5th branch (since we skipped 2 branched on
the current tree). The software is applicable for any multi level SURS design - from lung bronchioles and
blood vessels in biomedical research to apple trees in precision agriculture. BranchSampler was programmed
using C++ Visual Studio eMbedded version 3.0, and can be compiled for different WinCE machines with
different target processors. The whole project is clearly split into classes of user interface, logic and database
(file) input/output. The first version was available around October 2005 (Figure 23). Both versions uses
almost an identical logic component. The logic and file input/output classes were the first to be built and
completed, followed by the development of the user interface. This sequence of events made the testing of
the user interface also a re-testing of the logic and file layers. An important decision was to make the whole
software read and write everything (including settings) into one output file. This output file is a .csv file that
can be seamlessly imported into Excel. Using one file makes it easier to transport the data between devices
for viewing or continue sampling at a later stage. If the output would have been split into two files (for
example, data and settings) a potential confusion could occur when transferring those files to another device.
Preventive design is used: options in the user interface are always disabled when they might lead to
erroneous data, or might turn the user from the logical path of events. For example, when numbers are
entered in the data tab, the reminder values are immediately disabled. One may not add data, when the
requested branch is not available. A position is always given as relative to previous branch and as an
absolute from the start of the object. Absolute positioning is important when a task is stopped and has to be
continued few hours or days later.
A noticeable part in BranchSampler is the ability to run multiple independent sampling tasks, in parallel,
going only forward without looking back. This enables an estimation of the CE of the estimate, by taking the
CV of the two independent estimates.

Discussion
A portable and comfortable stereology system has been developed. It enables unbiased sampling where
desktop and laptop computers are not applicable. The easy data collection reduces human error, since
keeping track of nested SURS sampling is a complex task without a computer - not to mention multiple
independent repetitions on the same object, in parallel, advancing only forward. The system imposes sound
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mathematical and statistical sampling principles, and provides final estimates and CE estimation. All sampling
data and settings are collected into one output file which can be ported with ease to a computer for further
analysis.
BranchSampler is a tool. It is the development of applied stereological methods for use inside or outside the
laboratory using modern technology like a PDA.

Future Perspectives


Additional estimators and CE estimators could be implemented.



When applied in agriculture, a GPS positioning might be added for every record added.



Integration of the proportionator or the smooth protocol is possible by manual assignment of weight
to all of the elements in the first sampling level.



Compact image analysis component and an integrated camera could be used for assigning weights.
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Output converter for the Fixed Axis Vertical Rotator
An Excel VBA add-in was created in collaboration with Ellen-M. Hauge, Forskningsenheden for Reumatologi
og Knoglebiologi, Århus Universitetshospital, Århus, Denmark. The study was of cancellous bone structure in
human vertebral bone with relation to age, sex, biomechanics, osteocytes, and collagen components. The

Figure 24. An axis is chosen arbitrary and not randomly around the center of L3 vertebral bone. The bone is rotated
around the axis, randomly, and cut into quarters - perpendicular to the surface. The periphery of the bone is marked
in low magnification, followed by SURS sampling in high magnification and registration of bone and tissue positions.
Estimating vertebral volume using the periphery is shown to the right.

material was L3 vertebral bone from 170 autopsies (age range of 0-100) from all over Denmark.
The bone was cut into quarters (see Figure 24), creating four “revolving door” panels. Four slices from those
panels are examined using CAST fixed axis vertical rotator (FAVER) probe (Dorph-Petersen et al. 2007) for
estimating bone mess and connectivity. The periphery of the
bone was delineated first in low magnification, and then the
bone and tissue were examined using systematic uniform
random sampling at higher magnification. Bone and tissue
events were marked for volume estimation. Bridges, islands
and holes were marked for Euler number and connectivity
estimation (Gundersen et al. 1993). The CAST output
created was not suitable for further analysis. An Excel VBA
add-in utility was made for converting the output (Figure
25). The utility detects the periphery points and fixes the
lower axis point to be the origin. It shifts and rotates all the
points according to the adjusted origin and axis and sum up
the Euler numbers (Figure 26). Output values include
periphery and events (X,Y) positioning, events distance from
axis or from periphery, as well as binning the events
according to minimum distance from periphery, axis or both.
The Fixed Axis Vertical Rotator output conversion utility was

Figure 25. Excel VBA add-in user interface for
CAST Fixed Axis Vertical Rotator probe output
analysis.

made using Visual Basic for Application version 6.3, and consists of a standalone Excel add-in file (.xla). The
add-in is self-installable when double clicked, and adds a new menu option (named Stereology – placed just
before the Help menu) in Excel. The Excel menu is permanently visible and persistent between restarts until
removed via the add-in settings dialog under tools.

44

PhD Thesis

Figure 26. Original FAVER output with the conversion utility dialog on top of it, and output after using the utility, on the
left and right, respectively.

CAST output converter for the saucer probe
An Excel VBA add-in was created in collaboration with
Anette K. Stark, Research Laboratory for Stereology and
Neuroscience, Bispebjerg University Hospital,
Copenhagen, Denmark. The study was Spatial
distribution of human neocortical neurons and glial cells
(Stark A.K. et al. 2006a; Stark A.K. et al. 2006b). The
saucer is a probe for estimating density of secondary
objects in the periphery around a primary object (the
origin). It is a 2D projection of a 3D probe that can be
seen as a shell around an origin. As the distance from
the primary object - the origin, increases, the projected
volume to be examined is decreased (Figure 29). As the
distance increases, the secondary object’s density
increasingly resembles their background distribution. The
saucer probe includes two disector heights. The first
disector is for the primary cells. When a primary cell is
found inside the disector height, the saucer probe is
projected around the primary cell, and a secondary

Figure 27. Excel VBA add-in user interface for CAST
Saucer probe output analysis.

disector is created for counting the secondary (Figure
29). The utility provided the calculation of the distance from the secondary objects to the origin, it
removed cells that seemed to be on the contour of the saucer but were eventually outside the probe
(the saucer probe was projected as if on the z plane of the origin, regardless of the actual z focal
position). The utility provided binning information according to the distance to the primary cell, sum up
according to the type of secondary cells, and summary of secondary and primary cells that were
counted but disregarded later since they were outside their respective first and secondary disector
Grouping according to slide is possible as well, and a binning value generator according to the saucer
probe maximum length and central diameter is also available (Figure 28). The saucer add-in was made
and is packaged in a similar way to the fixed axis vertical rotator conversion utility.
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Figure 29. A diagram on the left shows the saucer probe with the projected volume as shells around the origin. As the
distance from the origin increases, the total observed volume is decreased. Only secondary cells falling inside the saucer
contour are counted (including their Z axis position). The middle panel shows the two disector, in the z plan, the red is
for the primary object, the saucer is placed on it as origin, and then the blue secondary disector is used for counting the
secondary cells.

Figure 28. The saucer conversion utility user interface is shown to the left, on top of the original CAST saucer
probe output. On the right, the saucer output after conversion.

Figure 30. Saucer probe is projected using
CAST on a human hippocampus. Note the
primary cells – neurons. The secondary cells are
glia cells.
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Global Spatial Sampling
An improvement to CAST was made in collaboration with Nina Drøjdahl, Medical Biotechnology Center,
University of Southern Denmark, Odense, Denmark (Drøjdahl N. et al. 2006) and Hanna Lindgren, Basal
Ganglia Unit, Department of Experimental Medical Science, Lund University, S-221 84 Lund, Sweden (Westin
et al. 2006). It was used in measuring the total length of myelinated fibres in the central nervous system and
total blood vessel length in the basal ganglia. Estimating length in 3D space can be done by using the global
spatial sampling probe (Larsen et al. 1998). This probe is made of parallel (fixed distance) IUR planes in 3D
space intersected in 2D. The relevant part of the planes is only the one that falls within a 3D box. Since the
user can only see the 3D space via the 2D focal plan, the intersection of those planes with the focal plane is
projected to the user (Figure 31). The user counts the profiles that hit the planes. A correction was made to
fix the distance between the planes to the user requested distance. An erroneous random orientation of the
plans was fixed, and the user can now observe both the XY and XZ angle of the planes. The user can verify
that when the planes are in a 90º XZ angle, the distance of the planes is identical to the requested distance.
A user friendly interface added the ability to mark the corners of the 3D box inside the tissue. The ability to
remove previous marks and jump between sampled fields of view was added as well. The corrections and
enhancements were all made with C++/MFC using Visual Studio 7 (.Net).

Figure 31. Global spatial
sampling probe, projected on
rat cerebellum. Note the
inclusion (green) and
exclusion (red) marks at the
corner of the projected box.
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Conclusion

The proportionator outperforms all common sampling paradigms, in all setups, with regards to efficiency
obtained for a certain workload. The proportionator is effective in detecting rare events. The increased
efficiency is obtained without additional user workload. The computer is doing the weight assignment
automatically. The proportionator’s direct CE (with twice half sample size) follows the proportionator CE with
full sample size in all simulation, regardless of cell size, cell count or probe. It provides a unique way to get
an estimate of the error, without using any predictive CE calculation. A computer is used today for most
stereology related tasks, and can do the weight assignment automatically. The better precision of the
proportionator, the reduced workload, and the direct CE estimation of the error is basically workload free.
There is an infinite range of possible image analysis inputs. Image analysis research is done constantly, while
tissue and cell staining gets more specific from day to day. As image analysis and staining availability and
specification improves, the proportionator will be applicable to more and more applications and setups.
The main effort in this PhD was to study and implement the theory, build a simulation framework to compare
the paradigms, and provide a working solution. Due to time limitations, the image analysis made was basic,
but turned out to be robust. Even tough both the simulation and the biological examples setups were
conservative, they showed a combined time efficiency of up to 25x.
As a computer programmer in the world of stereology, biology, and health science, I had studied and
implemented various stereology tools in different computing environments - from dedicated desktop
application, via run time interpreter VB utilities in excel, to handhelds.
This PhD combines theory and practical implementation. The proportionator (and the handheld software and
utilities) are available, and can be used of biomedical scientists today, here and now.
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Detailed Hardware and Software Setup

Microscopy
The system used was an Olympus BX50F-3 microscope (made in Japan), with stage manufactured by
Prior Scientific Instruments model H101BX and Joystick Prior model H152EF both connected to Prior
controller box H128V3 (made in Cambridge, England) which connects via RS232 to the computer UART
(Universal Asynchronous Receiver/Transmitter) serial port. A Heidenhaim microcator model ND 281
(made in Germany) was used (was also connected via RS232 communication to the computer UART via
a serial port). An Olympus 100W high-pressure mercury burner USIHIO BH2-RFL-T3 with lamp USH102D model U-ULS100HG (made in Japan) was transmitting the fluorescence light. An Olympus DP70
digital camera (made in Japan, single chip color CCD camera with 2/3 inch imaging size, Piezo shifted,
effective pixels used 2040 X 1536) was connected to the computer via a dedicated PCI bus card
(Olympus AQ8222/8221 DV506002/492702 03C with Bellnix BSV-3.3S6R0). The camera was mounted
on Olympus U-PMTVC that was mounted on top of Olympus U-SPT that is placed above a fluorescence
filter. The fluorescence filter used (if applicable) was “pe U-N51006 F/TR C59531”. When normal bright
field light was needed, the Olympus JC12V 100W HAL-L U-LH100 (made in Japan) was used. The lens
holder was Olympus T2 U-DICT which held the following Olympus lenses (made in Japan): UPlanApo
1.25x/0.04 ∞/-, UPlanFl 4x/0.13 ∞/-, UPlanApo 10x/0.40, UPlanApo 20x/0.70, UPlanFL 40x/0.75,
UPlanApo 60x/1.4 oil ∞/0.17, UPlanApo 100x/1.35 oil Iris ∞/0.17 1.35> <0.5. The computer used
was a high performance, mixed brand, Intel based, Windows XP professional (1G RAM, Pentium 4
3.2Ghz CPU, 512M NVIDIA graphic card, 320G harddrive) running a specially upgraded Computer Aided
Stereology Tool (CAST software - Visiopharm, Hørsholm, Denmark) based on a code branch that was
made on 10/November/2003 from the original Olympus CAST code version 2.3.0.2. The software
development was done using Microsoft Visual Studio .Net 2003 (i.e. VC7) and Microsoft Visual Basic
6.3.
Handheld
BranchSampler was built using Microsoft eMbedded VC++ 3.0, with target machines Pocket PC, HPC 2000,
Smartphone 2002. The software for Pocket PC 2002 was tested using Pocket PC 2003 (WinCE 4.2 on hp iPAQ
h4150) and also on other newer devices.
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Short Resume

The viewing, sampling and estimation process of cells and organelles can be improved by introducing
automatic and computerized image analysis into existing uniform and non-uniform stereology
procedures. In most commonly available computer aided stereology sampling systems, the computer
performs the splitting of the images into uniformly sampled units (fields of view), displays the sampled
fields of view on the screen, and saves the counts.
This PhD thesis presents non-uniform sampling, as well as powerful and unbiased methods for uniform
and non-uniform sampling of cells and organelles. These methods are strictly unbiased, improve
precision, reduce workload and utilize the computer image analysis and computational capabilities. The
benefit is not only visible in sparse or non-homogeneous distributions, but also in homogenous
distributions. The Horvitz-Thompson formula for providing an unbiased number estimate requires
known sampling probability and an unbiased count in each and every sampled unit. The estimate of
each unit is the unbiased count divided by the sampling probability of that unit. The common
systematic uniform random sampling (SURS) method, which has been commonly used in the past
years, is based on uniform probability. The fields of view have a uniform probability to be chosen, which
is inversely proportional to the sampling period. The precision of the described method can be improved
by integrating the smooth protocol. The smoothing protocol is based on reordering the fields of view
according to an arbitrary associated variable before SURS. The associated variable should have a
potential positive correlation between its value in each field of view and the count in the unit. The
computer, in low magnification, acquires the value of the associated variable automatically. When
looking for blue stained cells, the associate variable for a field of view may be the number of blue pixels
in that field of view. Applying the smooth protocol before doing SURS increase precision by a factor of 2
to 3 (during computer simulation).
The proportionator, which is a combination of the associate variable and probability proportional to size
sampling (PPS) is even more beneficial. Accumulating the values of the associate variables over the
whole population of fields of view followed by SURS on the accumulated values gives a benefit of
approximately 12 times compared to the commonly used SURS (during computer simulation). The
proportionator gives a (known) non-uniform sampling probability to every field of view (SURS period
divided by the associate variable value). Using Horvitz-Thompson the estimate is strictly unbiased,
regardless of the associate variable value and the biased image analysis. An additional benefit of the
proportionator is the ability to provide a direct and unbiased estimate of the coefficient of error of the
estimate, without any extra user workload.
Three years ago, Olympus Denmark provided the original C++ code for their Computer Assisted
Stereology Tool (CAST) software. During the first 2 years a simulation framework was built on top of
this software. The framework changed the way fields of view were selected, integrated image analysis
components, implemented different sampling paradigms, imitated stage movement, replaced the
microscope image with synthesized cell image (emulating different cell distribution patterns) and
imitate the expert user counting activity on the synthesized image. While the original CAST was used
daily, the circle of events has been completed in the last year when the proportionator (as well as all
other previously simulated paradigms) became available and working on real biological tissue in
upgraded CAST software. The proportionator was tested on three biological examples, estimating total
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number of granule cells in rat cerebellum, estimating total number of green fluorescence protein orexin
neurons in transgenic mice brain, and estimating area fraction of insulin β islet cells in dog pancreas.
The combined efficiency of time and precision has been increased 8 to 27 times with the proportionator
when compared to the traditional SURS.
In addition to the above, a collaboration with other laboratories led to some specific computer related
stereology solutions. The foremost is a handheld branching structures sampling application, to be used
for tissue preparations before microscopy and precision agriculture.
The PhD thesis is based on 4 papers:
[1] Gardi, J. E., Nyengaard, J. R. & Gundersen, H. J. G. (2006) Using biased image analysis for
improving unbiased stereological number estimation - a pilot simulation study of the smooth
fractionator. J.Microsc., 222, 242-250.
[2] Gardi, J. E., Nyengaard, J. R. & Gundersen, H. J. G. (2007a) Unbiased stereological estimation using
biased automatic image analysis and non-uniform probability proportional to size sampling (the
proportionator). Submitted - J.Microsc..
[3] Gardi, J. E., Nyengaard, J. R. & Gundersen, H. J. G. (2007b) Automatic sampling for unbiased and
efficient stereological estimation using the proportionator in biological studies. Submitted - J.Microsc..
[4] Gardi, J. E., Wulfsohn, D. & Nyengaard, J. R. (2007c) A handheld support system to facilitate
stereological measurements and mapping of branching structures. Submitted - J.Microsc..
This PhD is applied stereology, and is both theoretical and practical. It is a combination of stereology
and computer science. A user friendly, proportionator enabled computerized stereology system which
encapsulate the entire PhD is available.
Note: Papers [2] and [3] are part of patent application PA200601646 by the University of Aarhus.
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Summary
The smooth fractionator was introduced in 2002. The combination of a smoothing protocol with a computer-aided stereology
tool provides better precision and a lighter workload. This
study uses simulation to compare fractionator sampling based
on the smooth design, the commonly used systematic uniformly
random sampling design and the ordinary simple random
sampling design. The smooth protocol is performed using biased
information from crude (but fully automatic) image analysis
of the fields of view. The different design paradigms are
compared using simulation in three different cell distributions
with reference to sample size, noise and counting frame
position. Regardless of clustering, sample size or noise, the fractionator based on a smooth design is more efficient than the
fractionator based on a systematic uniform random design,
which is more efficient than a fractionator based on simple
random design. The fractionator based on a smooth design is
up to four times more efficient than a simple random design.
Received 30 April 2005; accepted 10 November 2005

Introduction
The viewing, sampling and estimation process in tissue with
sparse or nonhomogeneous cell distributions can be improved
by introducing computerized image analysis into existing
stereology procedures. In most commonly available computeraided sampling systems, the computer is used for dividing the
image into units to be sampled (the fields of view – see Fig. 1)
in a uniform, random way. Most commonly, the fields of view
are then sampled in a systematic, uniformly random sampling
(SURS) design, which gives each field of view the same probability of being sampled. The smooth fractionator (Gundersen,
2002) uses a smoothing protocol to greatly improve the SURS
efficiency. The smoothing protocol reorders the units before
Correspondence to: Jonathan E. Gardi. Tel: + 45 8942 2945; fax: + 45 8942
2952; e-mail: Jonathan.Gardi@ki.au.dk

SURS whilst keeping the same constant sampling probability
for each unit. Gundersen’s (2002) paper (see fig. 6 therein)
illustrates the use of biased information from, for example,
image analysis as an associated variable used for reordering
into the smoothed sequence. The present study combines
the smoothing protocol and a computer-aided stereology tool
to provide better precision and a lighter workload. Using
simulation one can investigate the advantages and disadvantages, as well as the possible applications and setups so that the
combination of smoothing protocol, stereology and image
analysis is most favourable. The associated variable for the
smoothing protocol is the crude (but automatically obtained)
information about the amount of a specific colour in each field
of view.
Methods
The smoothing protocol is understood in the present context
as the reordering of units according to an arbitrary associated
variable. The associated variable should have a potential positive correlation between its value in each unit and the count in
the unit. One may say that the associate variable is a weight
(a number) given to each unit. This weight should be higher
when the expected count in a unit is higher. When counting
cells, one might assume that the bigger the physical size a unit
has, the more cells will be counted. In this case, a bigger physical
unit will be assigned with a higher weight value. The weight
assignment can be based on any possible correlation between
the unit’s potential count and its physical size, colour or even
based on human intuition (see Fig. 2). When the correlation
between the weight and the eventual count is high, the advantage
of the smoothing protocol is greater. Even in the worst scenario with a negative correlation, the estimator is still unconditionally unbiased – but may evidently be rather inefficient
(Gundersen, 2002).
The methods have been implemented in a computeraided stereology tool (CAST software; Visiopharm, Hørsholm,
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Fig. 1. Basic objects during computer-aided sampling.
Note the uniform (and random) tessellation of fields of
view completely covering the region.

Fig. 2. Example of different smoothing protocols based
on colour intensity, size, content (the number of dots
inside each hexagon) and a numeric value.

Denmark). Using CAST, all the units to be sampled (the fields of
view) have the same size. CAST ensures a random tessellation
into fields of view by selecting a random top left corner position
for the first field of view. The random tessellation, as well as the
uniformity and completeness, ensures an unbiased estimate
(Sterio, 1984). The computer samples a subset of the fields of
view of the whole tessellation. A human user looks carefully at
each of the sampled fields of view and performs the correct cell
counting using a counting probe, i.e. the dissector (Sterio, 1984).
The smoothing protocol requires a weight (the associated
variable) to be assigned to each field of view. The weight
assignment is based on the image of each field of view. The
weight is assigned using an image analysis result, and should
be higher when a potential cell count is higher. For example,
when looking for red stained cells on a white background, the
image analysis component should give a higher weight to
a field of view with higher average red colour intensity (see
Fig. 3). The computer does not perform the counting – it only
gives a higher weight to a field of view with a potentially
higher count of cells. The weight is only used for reordering
according to the smoothing protocol before the actual SURS.
Note that the smoothing protocol does not change the
fact that all fields of view have a constant (uniform) sampling

probability. The smoothing protocol ensures that the variability
within sets (i.e. potential samples) of fields of view is smaller
than in other sampling paradigms. The comparison between
the different stereology paradigms was performed using
simulation.
Implemented stereological methods
The CAST system supports a fractionator design based on SURS.
When fixing the size of the counting frame and region of interest,
one may increase the sampling period (thereby decreasing the
sampling size) by increasing the physical distance between the
counting frames (i.e. increasing the size of a field of view). In
order to implement a fractionator design based on the smoothing protocol and independent (simple) uniform random (SR)
sampling, the concept of selecting a subset of the fields of view
(i.e. corresponds to a subset of counting frames) has been
introduced and implemented into CAST (see Appendix).
The following sampling paradigms are compared:
1 Simple random (SR) sampling (independent uniform sampling).
A predetermined number of fields of view are sampled
randomly and independently, with replacements (i.e. a field
of view may be chosen more than once).
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Fig. 3. A region partitioned into fields of view in the
upper image. According to the intensity of the pink
cells, each field of view is assigned a weight. The
weight for each field of view is shown in the lower
image. The darker the field of view is, the higher the
weight assigned to it.

2 Systematic uniformly random sampling (SURS) (Gundersen
& Jensen, 1987). The selected fields of view have approximately the same spatial distance from each other (see Fig. 4).
This is the most commonly used stereological sampling
method. The grid is approximately hexagonal – every field
of view has approximately the same distance from all its
closest neighbouring fields of view (see Fig. 5).
3 Smooth sampling based on smooth design and automatic image
analysis. The smoothing protocol is applied to all (or a large
subset) of the fields of view before sampling. Each field of
view is assigned a weight according to its colour content.
The smoothing protocol is performed according to the
assigned weight. See Gundersen (2002) and Fig. 6. SURS
is performed on the rearranged fields of view after the
smoothing protocol. It is possible to sample only a subset
of the fields of view, assign weights only to this subset,
smooth it, and then carry out SURS on it. The advantage
of choosing a subset for the weight analysis is technical,
because the weight and image analysis are performed only
on a part of the region. In this study the weight assignment

was always performed on the entire tessellation of the fields
of view.
See Fig. 7 for a visual example of fractionator sampling
based on SURS and smooth sampling.
Simulation Setup
The study includes the following variation in the above
sampling paradigms
• Presence of noise.
• Influence of the sampling intensity (different sample sizes).
• Location of the counting frame (central vs. the lower left
corner of a field of view).
The following basic guidelines have been defined for all
sampling paradigms:
• The region was a fixed, not oversimplified shape with
one pronounced irregularity as seen in Fig. 8. The region
had a fixed area of 0.9375 mm2.
• Each set of tests was run on three spatial distribution patterns
of cells: homogeneous, intermediary, and clustered. In each
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Fig. 4. Systematic uniformly random sampling protocol.
The sampled fields of view are at an approximately
constant distance from their closest neighbours.
After k (sampling period) is set, m is calculated. If k is
indivisible by m (upper illustration) the position of
the selected field of view is shifted m units every
consecutive row. If k is divisible by m (and k = n * m,
where n is an integer, lower illustration), the position
of the selected field of view is shifted m + 1 units on the
first row, and by m units the next n − 1 consecutive
rows. The process is repeated on all the fields of view
covering the region. The separation into two cases is
necessary for avoiding unintentionally aligned fields
of view (which is the case when k is divisible by m and
the position of the selected fields of view is shifted m
units every consecutive rows).

Fig. 6. Illustration of smoothing protocol based on physical size. Number
of elements is N. Let m be N/2 or (N − 1)/2 when N is odd. After sorted
ascending according to physical size, the assignment of element ni in the
smoothed sequence is ni = k2i for i smaller or equal to m, or ni = k2N−2i+1 for
i bigger than m.

Fig. 5. Example of systematic uniformly random sampling using the
protocol described in Fig. 4.

distribution pattern, 2500 cells were distributed around
three random origins (see Fig. 8). The cells were randomly
redistributed before every sampling (whilst keeping the general
pattern of homogeneous, intermediary and clustered).
• Field of view size was fixed at 60 µm (width) and 45 µm
(height) – 2700 µm2. It had similar proportions as a computer
monitor.
• The counting frame area was fixed at 1404 µm2, 52% of the
field of view area.
• Average cell size was 11 µm2 (standard deviation of 0.05
µm2). All cells were rectangles.

• The tessellation of the fields of view was randomly translated.
The position of the upper left corner of the first field of view
was randomized before every sampling.
• Cells were drawn as pink rectangles. Overlapping cells (two
or more) were drawn as dark pink.
• Noise (which contributes to the weight but not to the count)
was drawn as light blue rectangles. Overlapping noise
rectangles (two or more) were drawn as dark blue.
• The weight assigned to a field of view was proportional to
the number of pink (or blue for noise) pixels in that field of
view. Dark pink or dark blue pixels contributed to the weight
50% more than light pink or light blue pixels. Consecutive
overlapping cells contributed to the count, but did not make
the weight consecutively higher. A final weight of a field
of view was the percentage of its pixels’ weight out of the
potential maximum pixels weight if the entire field of view
was dark pink.
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Fig. 7. (A1–2) A region with cells is divided into
fields of view, each field of view is assigned a weight
(shown as grades of yellow). (B1–2) Sampling using
systematic, uniformly random sampling. (C1–2)
Sampling using the smooth fractionator. On the left –
the fields of view content, on the right – same fields of
view with weight as a grade of yellow. The darker the
field of view is, the higher the weight assigned to it.

The contribution from the simulation itself to the estimator
coefficient of error (CE) was always monitored. By keeping
the number of repetitions in the simulation significantly high,
and, by that, making the simulation standard error of the
mean (SEM of the count estimates) virtually zero, the simulation CE was ensured to have an insignificant impact on results
and conclusions.
Results
SR sampling, SURS and smooth sampling (the smooth fractionator) were compared in three different cell distributions with
reference to sample size, noise and counting frame position.
Figure 9 shows the influence of the sample size on the estimator
CE. Figure 10 shows the influence of noise on the estimator CE,
and Fig. 11 shows the influence of the counting frame position
within the field of view on the estimator CE.
Discussion
The general pattern (regardless of clustering or sample size)
shows that the smooth fractionator is most efficient. The smooth
fractionator is roughly twice as efficient as an ordinary fractionator based on a SURS design, which is roughly twice as efficient
as a fractionator based on SR. The respective estimators CE2
decreases with increasing cell count (Fig. 9).
It is remarkable that even the minimal variation between
random fields in a homogeneous distribution is enough to

make smooth sampling superior to SURS. The relative advantage is the same in nonhomogeneous and homogeneous cases
(Fig. 9). In a homogeneous distribution, the smooth sampling
is superior to SURS, which is superior to SR sampling. This is
due to the edge effect, where the fields of view are only partially inside the section. In a nonhomogeneous distribution,
the systematic spatial nature of the SURS and the arranged
clustering of cells around the origins give less variation within
the sampled fields of view when compared to SR sampling.
Therefore, SURS efficiency in comparison to SR sampling
increases with the degree of clustering.
Noise may deteriorate the performance of smooth sampling
as illustrated in Fig. 10. In clustered and nonhomogeneous
distributions, smooth sampling has the same problems as SR
sampling and SURS with variance within the cell counts in the
sampled fields of view. Therefore, in nonhomogeneous distributions, noise only has a little effect with respect to the uniformity of smooth sampling superiority over SR sampling and
SURS. However, even with a noise of 100% (which only affects
smooth sampling), it is still uniformly more efficient than SR
sampling and SURS.
The efficiency of smooth sampling is improved when
placing the counting frame to the lower left of the field of
view (Fig. 11). This is due to the fact that the cells to the left
and below the counting frame do not contribute to a count,
but contribute to the weight of a field of view. Minimizing the
area to the left and below the counting frame increases precision because the signal to count ratio is improved.
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Fig. 8. Spatial distribution patterns used during the
simulation. To the left – visual examples of homogenous
(A), intermediary (B) and clustered (C) patterns. To
the right – counted cells frequency per field of view (for
each pattern). Each frequency value is the average of
five random cell distributions (of the same spatial
distribution pattern). Cell counts are equidistant on a
square-root scale.
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1 Create a synthesized image of cells, knowing the exact
number, position and size of all cells.
2 Randomly tessellate the synthesized image region into a
complete and uniform tessellation of fields of view.

Appendix – Simulation platform inside the computer-aided
stereology tool
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Fig. 9. Comparison of simple random sampling (full line), systematic
uniformly random sampling (dotted line) and smooth sampling (dashed
line) with regards to cell counts in homogeneous (A), intermediary (B)
and clustered (C) cell distributions. In all cases, the region size and shape
was 0.9375 mm2 with 2500 cells (approximately 11 µm2), the field of
view size was 2700 µm2, and the counting frame size was 52% of the field
of view. No noise was present. CE, coefficient of error.

Fig. 10. Comparison of simple random sampling (full line), systematic
uniformly random sampling (dotted line) and smooth sampling (dashed
line) with regards to noise in homogeneous (A), intermediary (B) and
clustered (C) cell distributions. Noise was homogeneously distributed. In
all cases, the region size and shape was 0.9375 mm2 with 2500 ‘normal’
cells (approximately 11 µm2), the field of view size was 2700 µm2, the
counting frame size was 52% of the field of view, and the total cell count
was fixed at approximately 100. The noise was a percentage of the 2500
‘normal’ cells placed, i.e. 50% noise was 1250 ‘ghost’ cells, a total of 3750
cells. CE, coefficient of error.

© 2006 The Authors
Journal compilation © 2006 The Royal Microscopical Society, Journal of Microscopy, 222, 242–250

SAMPLING BASED ON SMOOTH DESIGN

249

Fig. 11. Smooth sampling with counting frame in the centre of the field of
view (full line) or counting frame in the lower left (dotted line). In all cases,
the region size and shape was 0.9375 mm2 with 2500 cells (approximately
11 µm2), the field of view size was 2700 µm2, the counting frame size was
52% of the field of view, and the total cell count was fixed at approximately
100. CE, coefficient of error.

3 Sample a subset of the fields of view according to the
selected sampling paradigm and parameters.
4 Count the cells in the selected fields of view from Step 3
based on the known position and size from Step 1 (a task that
is usually done by a human user when performed outside the
simulation scope).
5 Estimate the total number of cells based on the sampling
paradigm, design and parameters from Step 3 and the
actual cell count from Step 4.
6 Compare the estimated number of cells provided in Step 5
to the expected cell number in Step 1.
Simulation tool functionality
• Synthesize a lifelike image of cellular spatial distributions.
• Run the different sampling paradigms on the (same or different)
synthesized cell images.
• Repeat (requested number of times) the sampling method
on the same or different synthesized cell image. Repeating the
sampling simulation a number of times will provide more
estimates. This will reduce the simulation standard error of
the mean (SEM of the estimates). By having the simulation
SEM low, the noise from the simulation itself is essentially
irrelevant in any graphs, values or trends on which the
results are based on.
• Noise is introduced in the simulation as ghost cells.
Noise cells contribute to the weight as the colour of real
cells. However, noise cells do not have a counting unit and
therefore cannot contribute to the count (see Fig. 12).

Fig. 12. Synthesized images from the simulation camera. Upper image –
homogeneous distribution of both cells and noise. Middle image –
nonhomogeneous distribution, three origins, with noise clustered around
the same origins. Lower image – nonhomogeneous distribution of both
cells and noise, three origins for cells, three other origins for noise.

• Automatically perform the counting of the cells on any part
of the synthesized image, using a counting frame.
• Intensive reporting and analysis for the sampling paradigms,
design, parameters, sampled fields of view, noise, counted
cells and results.
CAST as a simulation platform
The advantages of using a commercial software package are:
• Easier access to third party cameras and stages for using the
sampling paradigms outside the simulation framework.
• Reducing time to market when research is completed.
External plugins
The following external components will change when used
outside the simulation scope:
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• Weight assignment plugin. Assigns a number to an image
according to the presence of requested visual features. The
more requested visual features found, the higher the result.
In case of the simulation’s synthesized image of cells, this
number is the percentage of the pink or blue areas in the
image, out of the maximum possible value in an image of
the same size.
• Automatic counting plugin. A counting frame probe is used
for counting the cells on the sampled field of view (Sterio, 1984).
Usually, a human user is the one doing the counting task.
During simulation, the counting can be done automatically
because the system knows the cell’s exact position and size.
When used outside the simulation scope, this plugin has the
potential to count automatically or suggest a count value to
the user.
Technical details
See Fig. 13 for a technical illustration. The core changes in
CAST are all C++/MFC. The external plugins are dynamically
loaded dlls with a clear interface. The simulation output is
one or more text files. The analysis of these (potentially
huge) text files is via an Excel VBA add-in that extracts the
requested information and displays a summary in an Excel
spreadsheet.
This technical and logical component separation ensures
encapsulation, minimum (unavoidable) changes of existing
CAST code, easier debugging, and independent analysis of the
simulation output.

Fig. 13. Simulation tool platform – based on computer-aided stereology
tool (CAST) software. The repetition framework is built around existing
CAST functionality and the synthesized images and the new sampling
paradigms are built inside. The arrows show the flow of information.
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Abstract
The proportionator is a novel and radically different approach to sampling with microscopes based on
well-known statistical theory (PPS sampling). It uses automatic image analysis, with a large range of
options, to assign to every field of view in the section a weight proportional to some characteristic of the
structure under study. A typical and very simple example, examined here, is the amount of color
characteristic for the structure, marked with a stain with known properties. The color may be specific or
not. In the recorded list of weights in all fields, the desired number of fields are sampled automatically
with probability proportional to the weight and presented to the expert observer. Using any known
stereological probe and estimator, the correct count in these fields leads to a simple, unbiased estimate
of the total amount of structure in the sections examined, which in turn leads to any of the known
stereological estimates, including size distributions and spatial distributions. The unbiasedness is not a
function of the assumed relation between the weight and the structure, which is in practice always a
biased relation from a stereological (integral geometric) point of view. The efficiency of the proportionator
depends, however, directly on this relation to be positive. The sampling and estimation procedure is
simulated in sections with characteristics and various kinds of noises in possibly realistic ranges. In all
cases examined, the proportionator is 2- to 15-fold more efficient than the common systematic, uniformly
random sampling. The simulations also indicate that the lack of a simple predictor of the coefficient of
error (CE) due to field-to-field variation is a more severe problem for uniform sampling strategies than
anticipated. Because of its entirely different sampling strategy, based on known but non-uniform
sampling probabilities, the proportionator for the first time allows the real CE at the section level to be
automatically estimated (not just predicted), unbiased - for all estimators and at no extra cost to the user.

Introduction
In most available computer aided systems for stereological purposes, the fields of view to be examined
by the user are selected using systematic, uniformly random sampling (SURS). The user first delineates
the section or the relevant part of it, and the computer then samples a specified fraction of all fields of
view, roughly equidistantly spaced. The sampling scheme is sometimes referred to as ‘meander
sampling’ (actually referring to one of the ways of implementing it manually).

The essence is that fields of view are sampled with a predetermined, constant probability, irrespective of
the content of the fields (there may be no tissue present in some fields, for example). Moreover, in
inhomogeneous tissue, many fields contain none or very few positive events and a large number of fields
must therefore be examined to obtain a reasonable precision. In the extreme case of rare events, the
examination of a very large number of empty fields is almost the whole workload, and the resulting
precision may still be very low.

It is a consequence of such a sampling scheme that any inhomogeneity in the tissue is noise, an
unwanted characteristic of the tissue that, without exception, means more work (in order to obtain a
given precision). For decades, numerous attempts have therefore been made to improve the
performance using automatic image analysis, generally without any success because of the low and
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varying contrast and almost insurmountable difficulties in defining the relevant image segmentation in
biological materials.

The sampling paradigm presented here is different. It relies on the fact that all staining methods provide
the structure of interest with some particular stain. The stain may occasionally be a specific antibody, but
is often of low specificity like the standard hematoxylin-eosin, for example. With that stain, all cell nuclei
are varying shades of blue and many other components are reddish. The specificity in counting cell
nuclei of a well defined cell type, for example, is provided by the expert observer who recognizes the cell
under study using texture, configuration, neighbor relations and many other aspects that vary from one
cell type to another.

Nevertheless, any field of view without blue stain cannot contain the cell nucleus under study (the field
may be outside the section or in a region that happens not to contain any cells). On the contrary, a field
with much blue may contain many cells of interest. Crudely: no blue, no interest; much blue, much
interest.

This is the idea of proportionator sampling. Initially, the computer is used for automatically collecting
some relevant information about all fields in the section. Using some arbitrary, predefined algorithm the
amount of information is ‘measured’ (the total amount of blue, for example). The computer then selects a
predetermined number of the fields, each with a probability strictly proportional to this amount (hence the
name of the sampling paradigm). In the selected fields the expert user then makes the specific, ‘correct’
count of cell nuclei using all the usual clues, as outlined above - and the disector (Sterio 1984), physical
or optical. Finally, the correct count in fields sampled with a known probability provides an unbiased
estimate of the total number of cell nuclei in the section.

Note that under this sampling scheme any inhomogeneity of the tissue (with respect to the selected
characteristic) becomes a signal that is used for making the sampling more efficient, the opposite of the
ordinary situation described above.

The present report is an explorative study of the proportionator and a preliminary report of its
performance. The genuine test of a sampling strategy is evidently to study it under realistic
circumstances in real tissue. The proportionator is based on an unequivocally unbiased principle, but its
efficiency under all kinds of problems and real distributions of structures in biological material is
impossible to predict. We have therefore made this simulation study, with all relevant details as close to
reality as possible, in order to test the strategy’s robustness when pushing the envelope of the simulation
in various directions.

The mathematical basis of proportionator sampling is first presented, then the simulation is briefly
outlined and finally the simulation results are presented and discussed.
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The proportionator: sampling fields with probability proportional to size
This is a well-known statistical sampling technique often used in survey sampling (Hansen & Hurwitz
1943). Among statisticians, it is generally referred to as PPS-sampling. ‘Size’ is quite abstract, it may be
any feature or characteristic that may be quantitated, at least crudely, and which has some positive
relation or association to the objects under study. We shall use the amount zi of a specific color in each
field of view (FOV) as an example; it is also used in the simulation.

zi must be known for all fields in the whole section, for which reason it evidently must be obtainable
automatically. The sum over all N fields is denoted Z. The N fields are listed in any arbitrary order and
the accumulated sum Fz is computed for this ordering.
Accumulated Size

Accumulated Size

9

12

10

11
9

SURS Period

2

10

11
8

12

Size of Item 11

SURS Period

Size of Item 8

8
7

6

6
5
3

4

4
Size of Item 3

2

7
3

1
Item Sequence

5

1
Item Sequence

Figure 1. Proportionator sampling. The complete set of all fields is listed in any arbitrary order (1 through 12 in the
example to the left), the ordinate shows the accumulated amount of color Fz. Sampling on the ordinate is systematic,
the sampling period is Z/n, and the start is uniformly random (UR). Each sampling point on the ordinate uniquely
identifies a field. The field’s probability for being sampled is strictly proportional to its recorded amount of color. To
the right the fields are arranged in a sequence as for the smooth fractionator before SURS. This has no
consequence for the probability of sampling, but stabilizes the total color content of the complete sample (of 5 fields
in the example). This ordering is used for the simulation.

The sample size wanted is n, and the quantity Z/n serves as a sampling period under SURS, see Fig. 1.
In the ordered set of all fields, sampling is uniform in the accumulated sum Fz, the ordinate of Fig. 1.
Since Fz is a step function, any number between 0 and Z uniquely identifies a FOV (with known coordinates) among all fields. First a random start is generated between 0 and Z/n. The remaining fields to
be sample are then identified by adding Z/n to the random sampling point of the previous selection. In
short, this is ordinary SURS, like taking every seventh section, except that sampling is not among integer
indexed physical items but in the real-valued function Fz. As an unusual consequence, the sample size is
a fixed constant (in ordinary SURS the sample size is a random variable).
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One would usually study several sections from the same specimen. Optimally, they should be studied as
one assembly, but it depends on the technical possibilities (more sections on one glass slide, several
slides on the microscope stage, adequate software control of the microscope). If they can only be studied
separately, one should aim at roughly a constant sampling period Z/n, thereby sampling most cells from
the sections with most of the indicative color. The adequate sampling period for obtaining a
predetermined precision has to be determined in the pilot study, just like in SURS where one has to
figure out the adequate sampling distances (step lengths) prior to making the serious observations.

The selected FOVs are presented to the user. For each field, the user enters the correct stereological
count, xi, and the unbiased estimator of the total content X in the section is simply
n

X := ∑
i

xi
⎡ z ⎤
⎢ i ⎥
⎢Z ⎥
⎣ n⎦

=

Z n xi
∑
n i zi

(1)

This is an instance of the general, unbiased Horvitz-Thompson estimator of a population total (Horvitz &
Thompson 1952)
n

PopulationTotal := ∑

Item Content
ItemSamplingProbability

(2)

Note that the unbiasedness of the estimator has no relation to the fact that the amount of color in a field
is clearly biased information with respect to the correct nuclear count in 3D according to the disector
counting rule - or with respect to any other stereological estimator. At the time of sampling, the number,
zi = 0.123, for example, assigned to the field because it is the sum of particularly colored pixels, just
guarantees that that particular field has a known and fixed sampling probability under proportionator
sampling: probi = zi/(Z/n) = 0.123/(200/20) = 0.0123, for n = 20 and Z = 200. In other words, once it is
recorded, zi is just a fixed number that controls a correct sampling and estimation procedure and is not
required to have anything to do with what is estimated. What is estimated depends on what the user
counts, but if the count is according to an unbiased stereological principle, Eq. 2 (with the correct
stereological constants) provides an unbiased estimate of the corresponding total quantity in the section.
Continuing the example, xi = 2 nuclei, and this field therefore contributes xi/zi = 2/0.0123 = 162 nuclei to
the estimate of total number of nuclei in the section.

Note also, that the unbiasedness does not depend on the assumed relation between the amount of color
and the structure under study. The estimator is unbiased even if the relation turns out to be non-existent
or negative: more color actually indicates fewer specific nuclei, because irrelevant nuclei dominate and
they are in other parts of the organ than one of interest, for example.

Contrarily, the efficiency is closely related to the relation between color and nuclear count. If the relation
is negative, the proportionator is very likely less efficient than Simple Random (SR) sampling. If the
relation is positive, it is likely more efficient. In short: unbiasedness is guaranteed by design, superior
efficiency is not. Using examples from the simulation, the efficiency of the proportionator is further
discussed below.
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Like many other complex sampling schemes, the statistical efficiency, roughly proportional to 1/CE2,
cannot be computed from the sample alone. In this case the situation is slightly worse, because even
prediction of the CE requires information not available under any realistic circumstances. We have
therefore implemented direct (and unbiased) estimation of the CE using independent repetition, as
described below.

The phrase ‘statistical efficiency’ is used above because to the user the total time spent to obtain a
certain precision is what really matters. This is difficult to simulate realistically, but we notice that
delineation of the section is unnecessary (unless the containing space is just a part of the section) and
that is actually a rather large fraction of the total time spent analyzing sections with the present
technology. As a surrogate variable for the time to do the complete analysis we have used the total
number of fields that has to be analyzed in order to obtain a predetermined total count.

The proportionator is an example of non-uniform sampling (of FOV) with varying probability. Such
techniques (Dorph-Petersen et al. 2000) use extra information (like the proportionator) or some (realistic)
assumptions about the items to be sampled. They are just beginning to emerge among the stereological
estimators and show encouraging results for providing more efficient estimators (as we shall try to
demonstrate below for the proportionator). The fact that the varying probability needs to be known for
each sampled item is not a problem in practice, and it is this varying probability that potentially make
these methods more efficient.

The point sampled intercept estimator of volume weighted mean particle volume,

⎛π ⎞
vV := ⎜ ⎟A 30
⎝3⎠

(3)

where A 0 is the intercept length through a particle (Gundersen & Jensen 1985) also relies on nonuniform sampling among particles, but the unknown varying sampling probability (proportional to
unknown individual particle volume) means that the mean value can only be computed for the volume
distribution of particle size, not for the much more common number distribution of particle size.

The simulation
A detailed technical description of the simulation is provided in (Gardi et al. 2006). Briefly, sampling of
fields and estimation in a section of irregular shape is simulated, see Fig. 2. The section is divided UR
into roughly 400 fields of view, each of an aspect ratio 4:3 (like a computer monitor).

The section contains 2500 rectangular ‘cells’ (profiles) of pixels of one color with a saturation of 50%.
When two or more cells overlap, the pixels of the overlap therefore contribute at most one and a half to
the amount of color in the field. The amount of color in a field is the sum of the contributions from all its
pixels, shown in Fig. 2C.
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Figure 2. Illustration of the simulation set-up. A section with cells (A) is randomly tiled with fields of view (B). Each
field of view is assigned a weight according to the amount of colored pixels in it; the amount of color is mapped as
intensity (C). Panels A to C show the same clustered distribution of 1000 cells, mean area 290µm2 size distribution
~0.3. Panel D shows a field of view with the counting frame and the set of grid points used. Panel D show cells with
2
average area of 70µm , ~1/20 of the frame, the CV of the cell size distribution is ~0.3.

Two stereological estimators are simulated: estimates of the total number of 2D cells (profiles) and of the
total and average cell area in the section, respectively. Cells are counted in unbiased counting frames of
an area of ~50% of the FOV, cf. Fig. 2D. On average, each frame captures 3 to 4 cells. For area
estimation, a point grid with 20 points per field is used. The whole set-up is like a small 25-µm-thick
section of layer IV in human neocortex examined at 100X, for example.

Figure 3. The distributions and sampling paradigms simulated. The three graphs show the cells in a uniform
(homogeneous) distribution and two degrees of clustering (always with three centers in UR positions), respectively.
Below each distribution, examples of samples of FOVs using the four sampling paradigms is shown: simple random
(SR), systematic, uniformly random in 2D space (SURS), smooth fractionator (Smooth), and sampling with
probability proportional to size (proportionator), where ‘size’ means total amount of color in each field. In the rightmost example of a clustered distribution, all three UR strategies completely miss all three clusters (which only
constitute less than 5 percent of the total area) whereas proportionator actually samples from the centers of all three
2
clusters. Average cell size is 12µm , the CV of the cell size distribution is ~0.3.

The performances of four strategies for sampling fields of view are studied, cf. Fig. 3:
1. Simple independent random sampling, SR, with replacement. This is the basic UR sampling
strategy, and a general baseline for efficiency considerations. It has the advantage that every
aspect is known analytically, but it is also one of the most inefficient sampling strategies known,
and therefore almost never used in stereology.
2. Systematic, uniformly random sampling, SURS, in the 2D geometric space of the section, used
by most computer assisted sampling systems as outlined above. In 2D space the efficiency of
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this sampling strategy is not predictable, but, in the absence of long-range gradients, it is
expected to be only marginally more efficient than SR sampling.
3. Smooth fractionator sampling, where the amount of color per field is used as the associated
variable for sorting and re-indexing all fields according to the smooth fractionator sampling
scheme, as illustrated in Fig. 1, right (Gundersen 2002). The sampling probability is the same
constant as in the above two strategies, and the variance within a set of sampled fields is
therefore the same as for the other two strategies, see Fig. 4. However, the strength of the
smooth fractionator is its ability to reduce the variation between samples (Gardi et al. 2006).
4. Proportionator: sampling with probability proportional to size. SURS is done the smoothed order
of the accumulated weight, as described above and illustrated in Fig 1, right panel.
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Figure 4. The distributions of individual samples from different sampling strategies. The first three panels
show the distributions of the cell count per frame in the three simulated spatial cell distributions in Fig. 3, the fourth is
that of the sparse distribution in Fig. 7 below. The grey histograms are the distributions of cell counts for the first
three sampling paradigms, all using the same, constant sampling probability from the same total population of 2500
cells; the means of the three first histograms are thus identical. The full drawn histograms are those of proportionator
2
sampling. The means and CVs are shown in Table 1. Average cell size is ~12µm (~1/100 of frame area), the CV of

cell size distribution ~0.33. With such small cells there is virtually no overlap of cells upon each other.

As illustrated in Fig. 4, the four sampling strategies provide two different distributions of FOVs for each
spatial distribution. The three UR, fixed probability strategies (SR, SURS, and Smooth) provide the same
sampling distribution (which is the global distribution of FOVs), the gray histograms. The proportionator,
with its non-uniform sampling probability proportional to size, provides size-weighted distributions of
FOVs, the full-drawn histograms.
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Table 1. Characteristics of samples from different sampling strategies. The upper row shows the means and
CVs of the four grey distributions in Fig. 4. The middle row shows the means and CVs of the full-drawn
proportionator distributions as a percentage of the corresponding SR ones. The lower row is the variation of the
contributions to the proportionator estimate of the total, cf. Fig. 5 right, also in percent of the SR CV.

As tabulated in Table 1, two distinct features characterize the proportionator sampling distributions. First,
their mean is always higher than that of the UR distributions, which means that fewer fields need to be
studied to obtain a given count. Secondly, the Prop sampling distributions have a smaller CV, which
means that the total sample is less varying. Both features translate to a greater efficiency.
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Figure 5. The bivariate Prop sampling distribution and the contribution to the estimated total. To the left is
shown corresponding values of correct count and total amount of color (weight) in a few hundred fields of view from
a homogeneous (top row) and a clustered (lower row) spatial distribution. For each data-point, the estimate of the
contribution to the total is proportional to the slope of a line from the origin to the point. In this transform, the
variability of the counts is irrelevant, only the scatter around the line trough origin (with a slope of the mean estimate
to the right) matters. The estimates are shown to the right (the ordinate is fraction of maximal estimate). Symbols:
ο⎯ο cell count, ×- - -× point count. For each data set the mean estimate is shown. The linear ordinates to the left are
very different.

The proportionator is, however, a distinct 2-step procedure: sampling of fields proportional to size
followed by estimation of their contributions proportional to the correct counts but inversely proportional
to sizes, cf. Fig. 5. This has a profound effect on the distribution of contributions to the total estimate. The
counts in the upper row of Fig. 5 come from a homogeneous spatial distribution with a moderate field-tofield variation of CV = 0.67, but the proportionator reduces the field-to-field variation to CV = 0.51. The
estimates (to the right in Fig. 5), however, only have a CV of 0.30. The corresponding CVs for the
clustered distribution at the bottom of Fig. 5 are 1.88, 1.56, and 0.44. Both steps of the proportionator
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may thus result in a substantial increase in precision. As already mentioned, the first step also increases
the sample mean and thereby decreases the number of fields one has to study.

Note that the CV of the estimate contributions is completely independent of the spatial field-to-field
variation. In the ideal case of a one-to-one correspondence between the count in a field and its color
content, all data to the left in Fig. 5 would lie on a straight line from the origin, and the CV would be 0 despite a any large field-to-field variation. The CV of the estimate contributions is solely due to the
scatter of the values around the line through origin.

The upper right panel of Fig. 5, with some of the highest estimates associated with very low weights, also
illustrates one of the ways the proportionator may potentially break down. If a relative low weight is
associated with a relatively high count the CV increases. Just a count of 1 in a field of a really low weight
can reduce the efficiency remarkably. We have not, however, been able to provoke this phenomenon
with realistic parameters of the simulation, but a single outlier of this type has occasionally been
observed.

With the above set-up of the simulation, the sensitivity of the sampling strategies with respect to a
number of characteristics or features of the section and the cells are studied:
•

The spatial distribution of cells in the section: homogeneous (2D Poisson), moderately and quite

clustered distributions are used, all illustrated in Fig. 3.
•

The cell density: a relatively normal density of 3 to 4 cells per frame and a moderately sparse

density of 1 cell per every second or third frame are studied. The simulation set-up is not well suited
for studying real rare-events-sampling, but that is not necessary either, because the result is given:
nothing competes with finding the rare events, automatically.
•

The noise level is varied from no noise (corresponding to staining with a highly specific antibody)

over a quite normal signal-to-noise ratio of 1:1 to a bad case of a signal-to-noise ratio of 1:3. Noise is
particularly important in studying the relative performances of proportionator and smooth fractionator
sampling because it has no influence at all on the other sampling strategies, which are independent
of the information about color. Noise is simulated by adding cells that contribute fully to the color
amount per field but are not counted, like a cell type not studied, but nevertheless present and
stained.
•

The influence of cell size is studied over a wide range from average cell size of 0.9% to 25% of

the size of the frame. The cells have an approximately log-normal size distribution with a CV of about
0.3.

Two measures of the performance of the sampling strategies are generated.
1.

The real CE of each unbiased estimator is computed directly from repetitions of the simulation.

The uncertainty (due to the finite number of repetitions) of this simulated real CE is in all cases a very
small fraction; it is visible in the figures below as small bumps on the curvilinear relations, which are
all ideally completely smooth.
2.

The number of fields examined in order to obtain a specified total count.
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Finally, we have implemented a direct and unbiased estimate of the CE of the proportionator at the level
of fields of view, given the section. As previously mentioned, there is not enough information available for
predicting the precision of the non-uniform sampling in the proportionator. This is similar to the smooth
fractionator where prediction of the precision from samples turns out to be useless. For that purpose
direct and unbiased estimation of the CE was introduced with the description of the smooth fractionator
(Gundersen 2002).

The concept is simple and forceful: instead of sampling n fields and obtaining the estimate EST, sample
first n/2 fields and then generate a new sample of n/2 fields using the same sampling strategy, but
independent of the first sample (with replacement). The second random start is chosen independently of
the first one. The two samples produce two estimates, est1 and est2. The estimator used is now the
average est = (est1 + est2)/2, accompanied by an unbiased estimate of its CE = SD(est1,
est2)/[est*√2]. It is the complete independence of the two samples that guarantees that the divisor in this
equation is √2 and that the CE (quite unusually) is an unbiased estimate.

In order to make comparisons simple and conclusions unambiguous, the simulations are always made
with identical set-ups on identical spatial distributions for all four sampling paradigms. Moreover, since
the counting noise in number estimation (Gundersen 1986), with a CE of 1/√(ΣQ-) under UR sampling is
a large and sometimes dominating source of variability, comparisons are always made for the same total
count. Consequently, one should be aware of the fact that for none of the four sampling strategies has
the set-up been optimized. As an example, SURS in much clustered cells might perform better than
shown below in Fig. 6 if the frame size is decreased and more fields are studied. In other words, because
of the purpose of the study, we have performed the simulations so that they are strictly comparable, but
we have not tried to optimize any of the strategies because that is only relevant for another purpose (and
probably mostly relevant in real examples, not in simulated ones).

A common practice while observing biological tissue is to count approx 100-200 cells (or counting points)
per animal (Gundersen et al. 1999). To make things easier, the user will probably tune the system during
the common SURS to observe approximately 50 fields of view (changing the lens magnification and
counting frame or area per point size) to achieve this count. This will result in approximately 1 to 4 cells
per counting frame (keeping in mind that cell features must be recognized). Most simulations sample size
(of fields of view) was tuned to have a total count of few cells to around fifth of the placed cells (i.e. from
~10 to approx ~500 when 2500 cells were placed, and ~2 to 50 when 250 sparse cells were placed) on
each synthesized image.

Results
The influence of the spatial distribution of cells on the precision of number estimation using the four
sampling strategies is illustrated in Fig. 6. Qualitatively, the result is independent of the spatial
distribution: SR is uniformly the least precise and SURS is at most a few times more precise than SR.
Smooth is always more precise than SURS, and proportionator is always most precise of all, except in a
perfectly homogeneous distribution where Smooth has a slightly smaller CE.
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Figure 6. The impact of the spatial distribution. The CEs of the four sampling strategies for number estimation in
three different spatial distributions of the cells, illustrated in Fig. 3. The heavy line is the relative counting noise with a
slope of -1, i.e. it decreases in direct proportion to the total count. The horizontal line indicates CE = 0.1, the vertical
line indicates a total count of 100. Mean cell size is 70 µm2, CV of cell size distribution ~0.36. Symbols: SR o- -o,
SURS •- -•, Smooth ∇- -∇, Prop ■⎯■.

The influence of more and more clustering is also consistent: it uniformly reduces the precision. This is
evidently to be expected, more clustering means a larger variability from field to field, cf. Fig. 4. The
impact of more variability among fields is not, however, uniform over the strategies. For the simple UR
ones, SR and SURS, the variability among fields adds to the degradation of the precision. For the two
strategies that use additional information about the content, that is not the case. From a uniform
distribution to a much clustered one, the precision of proportionator relative to SR increases from a factor
of ~2 to ~10, i.e. it is ~5-fold less sensitive to the increasing spatial inhomogeneity.

Actually, the degrading effect of spatial inhomogeneity on proportionator is likely more exaggerated in the
simulation. Inspection of Fig 5 (bottom panel) shows that the noise is due to a number of fields with very
large counts but not quite correspondingly large color values, they are thus above the line through origin.
This is not an effect of the clustering; it is due to the high saturation of 50% whereby multiple overlaps
contribute too little to the color value.

It is quite illustrative to the concept of using the information from an associated variable that both Smooth
and proportionator are more efficient than simple UR in a UR spatial distribution. The simple fact is that
even in a homogeneous spatial distribution some fields happen to have more cells and it pays off to
focus on those: the increase in precision is a respectable factor of 2 to 3. The reason that SURS is
marginally more precise in a UR distribution than SR is the edge effect: the only deviation from complete
uniformity is the presence of frames on the edges with a lower-than-average count.

In a homogeneous spatial distribution the simple UR strategies are of necessity close to the counting
noise, but the CV is inflated a bit due to the effect of section edges under uniform sampling. This edge
effect is more pronounced in the simulation than in most real observations because the section is rather
small. It is, therefore, even more remarkable, that both Smooth and proportionator can deliver samples of
a CE below the counting noise for a homogeneous distribution, the edge effect included, as shown in Fig.
6, left. As explained above, the proportionator is not sensitive to the ordinary counting noise, what
matters are only the deviations from the slope of Fig. 5 (upper left).
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Fig. 6 also very clearly indicates the deficiency of the usual CE-prediction based on just the counting
noise, 1/√ΣQ-, but ignoring the field-to-field variation (for which no simple prediction is available). In all
cases, except the exceptionally precise Smooth and proportionator in homogeneous sections, the real
CE is several-fold larger than the counting noise - simply because of field-to-field variation. The
prediction equations currently used, would predict the CE2 of SURS to be the same in all three graphs of
Fig. 6 - but it is more than 10-fold higher in a clustered than in a homogeneous distribution.

As described below, this deficiency is remedied for the proportionator using the direct estimator of the
CE.
1
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0.032
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Figure 7. The precision of sparse sampling. The CEs of the four sampling strategies for number estimation in a
sparse sample from a total population of only 250 cells. Only a homogeneous (left panel) and a clustered spatial
distribution are shown. Symbols as in Fig. 6.

The precision of sparse sampling from a small population of cells with a low density (Fig. 7) follows the
same pattern as the ordinary sampling situation shown in Fig. 6, except the counting noise is relatively
larger because of the small count. The large relative counting noise mostly obscures the impact of the
spatial distribution and the field-to-field variation.
All the above statements are in relation to the statistical precision of the estimator, the CE2. As already
indicated, to the user the efficiency is also related to the number of fields, F, to be studied in order to
obtain a certain, predetermined sample size (total count). The necessary numbers of fields to obtain
‘common’ sample sizes are listed in Table 1 for the various sampling strategies.

Given the cell density, the number of counts per field, Q/F, is the same constant for all three UR
sampling strategies (because the means of the grey distributions in Fig. 4 are identical). For
proportionator, Q/F increases with increasing clustering. The variation in Q/F is thus the other aspect of
efficiency: the more counts per field, the fewer fields have to be examined to obtain a predetermined total
count. In a clustered distribution, the proportionator provides counts that are 4 to 5-fold higher than the
UR strategies for both an ordinary and a low density.

Proportionator - Simulation

14

Spatial Distribution

Sampling Strategy

Total Count, Q

Total Observed Fields, F

Q/F

Ordinary Sample Size

SR, SURS, Smooth

100

31

3.2

Homogeneous

Proportionator

100

24

4.2

Intermediate

Proportionator

100

12

8.3

Clustered

Proportionator

100

7

14.3

Sparse Sampling

SR, SURS, Smooth

25

78

0.3

Homogeneous

Proportionator

25

37

0.7

Clustered

Proportionator

25

16

1.6

Table 2. The number of fields necessary to study in order to obtain a given sample size. The three UR
sampling strategies (SR, SURS, Smooth) all require the same number of fields, independent of the spatial
distribution of the cells (the cell density is a constant), but for the proportionator the necessary number of fields
depends on the spatial distributions (the full-drawn histograms in Fig. 4 have varying means). Q/F is the average
count per frame, the mean of the distributions shown in Fig. 4.

It is, however, quite conceivable that a sampling strategy with a low F in addition has a high CE2, i.e. it is
fast but imprecise. With the risk of oversimplifying, we have therefore combined the factors of efficiency
into one expression

Efficiency =

c

(4)

CE × F
2

We do not know realistic values for the factor c of this proportionally. But assuming that c is a global
constant, we may with some confidence express the efficiency of a sampling strategy relative to that of
SR, the conventional base line for such comparisons:

Efficiency relative to SR =

2
× FSR
CE SR
2
CE Y × FY

(5)

where Y is any of the other sampling strategies.

The three graphs in Fig. 8 represent three realities: three different cell distributions, which cannot be
changed. Faced with anyone of them, the user can choose between the three strategies (being uniformly
the worst, SR is not a realistic option) to obtain a certain predetermined precision, the horizontal lines in
Figs. 6 and 7, for example. All three sampling strategies have relative efficiency that depends somewhat
on the total count, but, as it happens, none of them cross any other one within the ‘realistic’ range
simulated. Independent of the spatial distribution, the proportionator is most efficient.
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Efficiency Relative to SR
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Figure 8. The combined expression of efficiency relative to SR takes into account both the statistical precision
and the number of fields to obtain a predetermined total count. The three panels represent homogeneous,
intermediate and clustered spatial distributions, respectively. Note that the ordinates are linear but have very varying
scales. The curves are (exponential) regression lines. Symbols as in Fig. 6.

The center panel indicates that in the very realistic and common situation of a moderately non-uniform
distribution (the center panel of Fig. 3), the total workload is 5 to 10-fold smaller using the proportionator
than using the ordinary SURS. Even in the (rare) case of a perfectly homogeneous distribution the usual
SURS represents about twice as much work as the proportionator.
15

Efficiency Relative to SR
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Figure 9. Sparse samples are dominated by the counting noise of the low count. The differences in efficiency
relative to SR between homogeneous (left) and clustered (right) spatial distributions are consequently less than for
samples of ordinary size, cf. Fig. 7. Note the varying scales of the ordinates. The curves are (exponential) regression
lines. Symbols as in Fig. 6.

For very small samples from distributions with a low density, the counting noise is a pronounced fraction
of all variation. Still, the proportionator finds the few cells with an efficiency which is 2 to 10-fold better
than the UR sampling strategies, cf. Fig. 9.
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Figure 10. The impact of the spatial distribution on area estimation. The CEs of the four sampling strategies for
area estimation in three spatial distributions of the cells, from homogeneous over intermediate to clustered,
respectively. The areal density of the object phase is 0.035. The point density (1 point per 135 µm2) and the cells
size (average area 70 µm2) means that the point hits are almost independent.

Qualitatively and quantitatively, the precision of the point counting area estimator behaves almost exactly

Efficiency Relative to SR

as number estimation, compare Figs. 10 and 6.
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Figure 11. The efficiency relative to SR of the other sampling strategies for area estimation. In the
homogeneous spatial distribution (left) Smooth, using the information about the content of fields, is almost as
efficient as the proportionator, both are much more efficient than SURS. In the clustered spatial distribution (right)
proportionator outperforms every other strategy 10 to 15-fold for an ordinary count of 200 to 300 points. Symbols as
in Fig. 6.

The number of fields is also distributed essentially as in Table 1, and the efficiency relative to SR, Fig.
11, is therefore again almost as for counting ‘cells’. The only noticeable difference is that Smooth area
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estimation is more efficient than Smooth cell counting, particularly for large total counts.
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Figure 12. The degrading effect of noise on total number estimation, in homogeneous (left) and clustered
(center) spatial distributions. To the right is shown the total number of fields studied for obtaining the total cell count
of 100 (used in all noise levels) for the clustered distribution. Noise is invisible to SR and SURS and their precision is
constant under varying noise. Symbols as in Fig. 6. Average cell size is ~12µm2, CV of cell size distribution ~0.33.
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The effect of noise was studied by adding cells with the same color as the ‘real’ ones, but which could
not be counted. Noise thus has a direct effect on the estimators using the information about image
content, but has no influence at all on the SR and SURS estimators. Noise increases the CE of the
proportionator, but also increases the number of FOV necessary for a given total count, cf. Fig. 12. The
combined effect is that the efficiency of proportionator relative to SR decreases from 2.9 (no noise) over
1.7 (100% noise) to 1.5 at a noise level of 200% for a homogeneous spatial distribution. For a clustered
distribution the corresponding relative efficiencies are factors of 26, 13, and 8, respectively.
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Figure 13. The count-color relation is broadened by noise, and the number of sampled fields with no count is
increased. The top row is a homogeneous spatial distribution and lower row is clustered spatial distribution, both are
with 200 % noise. Average cell size is ~70µm2, CV of cell size distribution ~0.33. Symbols and lines as in Fig. 5.

Noise makes the relationship between color and count broader, mostly to the right towards larger color
content, as illustrated in Fig. 13 (compare to Fig. 5). It also increases the probability of sampling fields
with a count of 0. Both lead to an increase in the CV of estimates and reduce the average count when
sampling proportional to color. The reduced average count in turn enforces a larger sample of fields in
order to obtain the predetermined total count.
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When the areas of the field of view and the frame are fixed, a larger mean cell area means that cells not
counted in the frame provide a color signal not related to the local count, i.e. they are a source of noise.
This is particularly the case for cells on the left and lower margin of the field, which can never be counted
just because they become larger.

As illustrated in Fig. 6 and several others, predicting the efficiency of any of the sampling paradigms from
just the counting noise simply does not work. None of the common predictors of CE(N) takes the field-tofield variation into account (it is not known how to do that in simple ways, mainly because it is systematic
sampling in a 2D universe).

Faced with an analogous problem with the smooth fractionator we introduced the direct estimation of the
CE using two completely independent samples of reduced size (Gundersen 2002), resulting in two
independent estimates, which in turn is a firm basis for estimating the CE of their mean.

This strategy will work in all cases, but it has a price: the mean of 2 independent estimates est from 2
samples of size n/2 may be less precise than an estimate EST from one sample of size n. The decisive
factor is the relation between CE2 and the sample size n, CE2 ∝ 1/na, where a may be 1.0 or larger. For
SR, a = 1.0 (the slope is always -1.0), but for SURS and Smooth a > 1.0 is often the case (due to
negative covariances).

The proportionator primarily derives its efficiency not from a negative covariance but from selecting a
different sampling distribution, cf. Fig. 4, and by exploiting the positive relation between the count and the
weights, illustrated in Fig. 5. The resulting slope of the relation between sample variance and sample
size is in all examples -1.00 (Fig. 6, left) or quite close to that (-1.07 and -1.21 in the center and right
panels, respectively).

As illustrated in Fig. 15, the two estimators are therefore almost equally precise. The price for using the
mean estimator est from two independent samples of size n/2, with a direct and unbiased estimate of its
CE, is therefore essentially nil.
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That is not the real situation, however. The real choice in the proportionator is between, on the one hand,
an estimator with unknown precision, deviating from the noise-prediction by unknown factors in the range
from ½ to 5 (or 10), for example, and on the other hand, an estimator with known precision and an
efficiency which is close to 100%. For the other estimators, SURS and Smooth, the situation is worse;
here the choice is between either an even more imprecise or an even less efficient estimators (because
the slopes are well below -1.0, cf. Figs. 6 and 10).
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Figure 15. The direct estimate of CE2 for two independent samples of size n/2 compared to the real CE2 for a
sample of size n. The values are from simulations in homogeneous (top row) and clustered (bottom row) spatial

distributions; the left column is from a sparse distribution, the right column from a distribution of ordinary density. The
identity line is shown. Symbols as in Fig. 5.

In ordinary practice, it is more useful to think of a direct estimation of the variance Vari(n) = (CEi(n).ni)2
of the estimate of the total number of particles ni in the i’th section. For the estimate of total number in all
m sections, Σn, one may then compute the overall CE:

CE m (∑ n ) :=

∑Var (n )
∑n
m

m

(6)
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Discussion
We shall first discuss the overall scope and purpose of proportionator sampling and estimation, then
discuss in detail its problems and possible solutions in the more narrow context of stereological
estimators of geometric quantities.

The proportionator uses automatic image analysis to obtain information about the distribution of the
structure or feature of interest from all fields of view in a section or a set of sections. This information is
first used to generate a sample with more of the structure and with less variation with respect to the
amount of structure. Secondly, the expert’s ‘correct’ count (or any other correct calibration of the signal or
information from the section) is converted to an unbiased estimate of the section total content. The
variation of these estimates is smaller again, and does not depend on the variation among the sampled
fields with respect to the content of the structure. Instead, the precision of the proportionator depends on
how tight is the relation between correct count and ‘size’ (analogous to a regression analysis).

As a basis for estimation of section total quantities, the proportionator is guaranteed to be unbiased.
Considering the general but often vague relation between the amount of color, of the observer’s choice,
and the amount of structure, it may generally be expected to be more efficient than other sampling
paradigms in common use. Potentially, it can be much more efficient, particularly when the stain is very
specific or the structure is sparse (or both). However, like the other two generally efficient sampling
paradigms, SURS and Smooth, it is not guaranteed to be more efficient than simple random sampling.
We shall therefore discuss the problems it may encounter in detail below.

The stereological scope of proportionator sampling and estimation is all the known estimators: volume,
surface, length, and number and connectivity. We have used the two extreme examples, volume and
number, because they represent the general range of relationship between content and count: there is a
1-to-1 correspondence between the amount of structure in the (thin) section and the probability of a point
hit, whereas the amount of structure and the count of structural elements have a much looser
relationship, because the amount of structure in the section depends equally on the number of elements
and their mean size. The reason that this particular difference did not show up in the simulations is likely
that we have been too particular in assigning the color a saturation of 50% in each pixel.

The proportionator is radically different from all other stereological sampling and estimation paradigms in
that it provides the total quantity in the section or the set of sections. All the ordinary global stereological
estimators, except the fractionator, provide densities, which are then converted to organ totals by
multiplying with a separate estimate of the volume of the reference space.

Proportionator sampling thus fits exceptionally well into the fractionator estimator of total number: the
simple sum of estimated section totals times the constant section sampling fraction is the organ total. In
order to emulate the common ratio estimators, one would need separate estimates of the total areas of
the reference space in the sections (technically, that would likely be obtained automatically during the
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initial scan of the entire section). The density would then be estimated as the ratio of sums of section
totals, as usual.

A much more interesting alternative to ratio estimators is to use sections of a constant sampling distance
(like for the Cavalieri-estimator of total volume). The 2D density of any probe, which is always known,
now has a known 3D density, and the sum of total counts directly estimates the organ total. As an
example, structure surface is estimated using cycloids of a known and constant density A / a on VUR
sections of a constant distance T. The sum of proportionator estimates of total intersection count,

ΣI, in

each section leads directly to the estimate of organ total surface (Baddeley et al. 1986)

⎛ aT ⎞
S := 2⎜
⎟∑ ∑I
⎝ A ⎠organsec tion

(7)

Analogous direct estimators of total quantities exist for all ratio estimators.

Combined with the local estimators of particle size, for example, the nucleators (Gundersen 1988) and
rotators (Jensen & Gundersen 1993), the proportionator would naturally provide the very informative
absolute size distribution: the total number of cells in each size class. The commonly used relative size
distribution (the percentage of cells in each size class) is a slippery basis for firm biological conclusions:
a reduction in frequency in some classes is often interpreted to mean a loss of these cells, but could as
well be caused by an increase in the number of cells in other classes. Such ambiguities are eliminated in
the absolute size distribution.

Proportionator sampling and estimation is of course not restricted to stereological estimators of
geometric or dimensional quantities. All kinds of histochemical and immuno-chemical quantities may
naturally be estimated from 2D sections. Using either a known constant or a calibrated relationship
between color and chemical content the result would be total chemical quantities per section. These are
converted to total organ quantities as simply as described above for the fractionator.

A pivotal feature of proportionator sampling and estimation using microscopes is the definition of ‘size’.
In the simulation we have used the total amount of color because it fits well into the common purpose of
staining sections: to identify some structure of particular interest. ‘Size’ can, however, be many other
features that can be quantitated and may have a positive relation to the feature under study. To mention
a few, it can be
•

The covariance between any template pattern or texture and the field of view,

•

The steepness of a gradient with respect to any measurable quantity,

•

The mass density in ultrasound microscopy (ultrasound scans),

•

The extinction of the electron beam in a particular part of the spectrum related to the presence of

plain contrast provided by heavy metals (in transmission electron microscopy) or the positive signal in
distinct parts of the spectrum of secondary electrons indicative of the presence of particular atomic
elements (electron energy loss spectroscopy).
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In all cases the requirements are simply that ‘size’ can be estimated automatically using detectors or
image analysis or similar techniques and that it is positively related to the quantity under study - which
clearly leaves room for a vast range of modalities that can be used as input for sampling and estimating
almost any well-defined quantity in 2D specimens or samples.

There is one use of microscopes that deserves special attention: the detection of rare events. A prime
example is the detection and quantization of micrometastases in so-called sentinel lymph nodes, which
are the primary ‘filters’ in the drain from a malignant tumor, but there are many other examples in both
pathology and toxicology. There is a range of common cancers where the presence of such metastases
is of large prognostic and therapeutic significance. Their size relative to that of the lymph nodes is,
however, such that a very large number of thin sections have to be examined in order to obtain the most
important information, “none found”, with a sufficient degree of precision (the information may be decisive
for using or not using some very unpleasant and high-risk treatment for a lethal condition). Even using
specific immuno-stains providing a high contrast at a relatively low magnification the examination is very
expensive in terms of skilled human labor and in clinical routine can only be performed on a rather limited
number of sections per patient. One might evidently increase the real value of the procedure enormously
by examining a very large number of sections automatically, and then let the expert judge a rather low
number of signal-weighted fields sampled with the proportionator. Given the consequences of the
information and the imperfect quality of immunological stains, no one is likely to let the last step be
automatic. Although probably of secondary importance, it is a nice feature of such a procedure that a
positive count would result in an unbiased estimate of the total number of micrometastases, that may
turn out to be of independent prognostic significance.

Just as the simulations have indicated the magnitude of potential advantages using the proportionator,
they have clearly indicated where there may be problems in the practical application and implementation
of the procedure. It mostly has to do with the size-count relation, shown in Figs. 5 and 13.

The estimation procedure may break down if a count of 1 is made in a field of very low sampling
probability, then the estimate from that field, the count divided by the probability, can be arbitrarily large
(it is still an unbiased estimate). Evidently, fields of a very low sampling probability are rarely actually
sampled, but if there are many of them, it may occur. We have not managed to generate a spatial
distribution where this problem became significant. It is clearly possible to provoke the break down of the
procedure if a significant fraction of cells are arbitrarily small; they would all have a count of 1 irrespective
of their small size. We have not simulated this situation because it is biologically unrealistic: although
cells may certainly vary much in size, their size has a definite lower limit. Another possibility is a
clustered distribution where cell size and clustering is correlated such that at low densities the cell size is
small (and vice versa). We consider, however, this process too special to be dealt with in this initial and
explorative study. We use the expression ‘break-down’ for the effect of these problems because they are
probably rare, but when present, they alone can make the procedure useless.

What will certainly occur in practice is a degrading of the ideal size-count relation by noise in the
relationship. Although the proportionator enjoys freedom from the usual field-to-field variation, it has
some new problems of its own, since there are several sources of noise.
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First of all, the count is a discrete variable, typically of low value, whereas field ‘size’ will often be an
essentially continuous variable, so their relation cannot be a continuous curve. This source of noise is,
however, insignificant compared to all others.

More to the point, the stereological probes generate random and noisy hit-and-miss transforms. Even
with a rather large areal fraction of colored structure in the field, the randomness of the points means that
hits can range from none to all of them. Similarly, a profile may be in the field but outside the frame or the
forbidden line may intersect it. The magnitude of this noise is illustrated in Fig. 14. Its impact on the sizecount relation is indicated in Fig. 5, where it is the main source of noise (saturation is the only other
significant one in that example, and only in the lower panels). The counting of 3D particles in disectors
adds noise since a particle may be present but not counted because its position on the z-axis forbids that
(it is present in the look-up section or only present in the guard zones of the optical disector). The nature
of this noise is identical to the previous one, but it may be pronounced if large particles are studied in thin
disectors.

The use of thick sections for optical disector counting further degrades the size-count relation because of
saturation of the signal. Histochemistry is not ideal photometry, for a number of reasons, and two or more
overlapping structures in a point of a thick section do not provide a signal that is the simple sum of the
signals of individual structures. As previously mentioned, the choice of a saturation of 50% in each pixel
for the simulation, may, however, have been too selective.

All the above sources of noise are unavoidable, but with freedom to design the study and the sampling
constants of all probes, they may be kept at bay. As an example, the noise introduced by a large mean
size of cells should evidently be avoided by using a lower magnification and reducing the sizes of both
the field of view (the area over which the color signal is integrated) and of the frame - no cell need to be
magnified to about half the frame for proper identification. This is not simulated, because it only affects
Smooth and proportionator, and we have not included any optimization in the simulation study, as
already mentioned.

What may really matter in practice is the noise due to the technical preparation of the sections and the
stain and technical aspects of the imaging in the microscope. Overall, the dependence on automatic
image analysis makes the proportionator very sensitive to all kinds of technical imperfections and
problems. Folds in the section and large precipitations of stain, both generating very strong but spurious
color signals, can clearly make real havoc in the color-count relation, as an example. They are also
generally incompatible with unbiased estimation and simply have to be avoided (they are, after all, due to
bad laboratory practice). Uneven staining of sections is another not uncommon technical problem that
will generate noise.

The microscope itself will generate noise in several ways. Bad adjustment of the light source, the
condenser, and the optics evidently generates noise. Particularly at low magnification, which is likely
used for the automatic, initial scanning and assigning of color values to pixels, the illumination in the field
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of view is uneven (more bright centrally), a source of noise which may actually be removed automatically
during the image analysis using simple algorithms.

Unspecific staining is obviously a source of noise. Very few chemical stains are specific for a particular
cell type, and even very specific antibodies sometimes produce some staining of the ‘background’ and
frequently stain the edges of sections somewhat. This type of problem, may, however, be reduced to a
low level by paying attention to it. With present sampling strategies unspecific staining is mostly an
esthetical problem, a problem that not so many try to minimize or eliminate.

The long list of (mostly technical) problems above may not have much impact when efforts are put into
minimizing them. But there also problems of unspecificity that are difficult to solve. Using an unspecific
chemical stain like the very popular hematoxylin-eosin stain, all cell nuclei are blue. If the particular cell
type under study is a small fraction of all cells present the proportionator will only be efficient if the
special cell has the same spatial distribution as the majority. As previously mentioned, if the relatively
rare cell under study is spatially separated from the more frequent other cells, the color-count relation
may be inverse, and the proportionator is distinctly inefficient. Only a specific stain can solve such
problems.

The direct CE estimation for proportionator sampling and estimation in a section solves a long-standing
problem in optimizing sampling for stereological purposes. The commonly used SURS sampling strategy
is systematic in 2D and the sampled fields are thus not independent. The commonly used predictions of
the CE for number estimation therefore does not include a term for the contribution from the field-to-field
variation, but only a prediction of the contribution from the 1D systematic sampling of sections and the
ubiquitous counting noise.
As already pointed out, in all situations in Fig.6 the actual CE2 in one section is anywhere in the range
from half the counting noise alone (for Smooth) to about 15-fold larger than the prediction based on just
counting noise. Admittedly, none of the sampling strategies are optimized, but even with a five times
smaller frame and five times more fields (about 150) for SURS in the clustered spatial distribution, the
real CE2 would still be several fold larger than the prediction. In short, for the only common sampling
strategy, the lack of a realistic idea about the CE seems to be a severe problem. The direct estimation of
the CE of SURS might in principle be implemented, but that has at least two problems:
•

For the estimator based on two smaller samples to be as efficient as that of one large sample of

size n, the smaller samples must be larger than n/2, i.e. the user must perform extra work in order to
know just the precision.
•

How much larger than n/2 each of the smaller samples has to be is not known in general, and it

would therefore be necessary to make a separate study of that for each application, a rather heavy
investment.

On this background, it is adequate that proportionator sampling allows realistic estimates of the real CE
(which includes the counting noise) without extra cost. It is first of all a prerequisite for not being overly
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optimistic and thereby unintentionally inflates the variation between animals (the observed variance
between animals = the biological variance + the real CE2).
Moreover, the fact that proportionator sampling in roughly homogeneous tissue may have a CE2 lower
than the counting noise, known from unbiased estimates of the CE, not from assumed correct
predictions, can of course be exploited profitably: aiming at a CE of 0.1, one may then count not 100
cells in 24 fields (Table 2) but ~70 cells in about 16 fields with a known CE of 0.1 due to field-to-field
variation and counting noise, a rather welcome bonus.

Finally, the directly estimated, real CE is available for all stereological estimators (and all other
estimators within the scope of proportionator sampling and estimation), including those for which
predictions simply do not exists. As an example, the length of test lines for intersection count and the
curvature of all structure boundaries exclude a simple prediction of the CE of surface estimation (it would
depend on the curvature density).

We are not unaware of the fact that all estimates of efficiency in this study are based on simulation another predictor! We have, however, as carefully as we could, not made the parameters of the
simulation optimistic in favor of proportionator sampling (and in the same spirit we have not simulated
sampling of really rare events, where proportionator sampling is essentially guaranteed to be arbitrarily
more efficient than any blind sampling technique). Finally, preliminary studies of its performance on
authentic tissue under true circumstances in microscopes with all kinds of noise, while measuring the
time spent doing it (including outlining of reference spaces), indicate efficiencies relative to SURS in the
range 8- to 25-fold (in a specific stain with severe staining of the background and a specific stain with a
clean background, respectively). An ordinary chemical stain of cell nuclei in a dominating cell type with a
rather inhomogeneous spatial distribution showed a relative efficiency compared to SURS of 25-fold
(Gardi et al. 2007).

It is therefore our belief that microscopic examinations of sections for a large range of scientific purposes,
in particular stereological ones - but not only those - may be made much more efficient and user-friendly
with proportionator sampling and estimation. All the necessary technology is already off-the-shelf, and
thousands of specific antibody stains and similar probes are also readily available. In the near future, the
fast development of hardware/software and the growing list of specific markers may make today’s
commonly used sampling strategy for scientific microscopy rather obsolete.
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Abstract
Quantification of tissue properties is improved using the general proportionator sampling and estimation
procedure: automatic image analysis and non-uniform sampling with probability proportional to size
(PPS). The complete region of interest is partitioned into fields of view, and every field of view is given a
weight (the size) proportional to the total amount of requested image analysis features in it. The fields of
view sampled with known probabilities proportional to individual weight are the only ones seen by the
observer who provides the correct count. Even though the image analysis and feature detection is clearly
biased, the estimator is strictly unbiased. The proportionator is compared to the commonly applied
sampling technique (systematic uniform random sampling in 2D space or so-called meander sampling)
using three biological examples: estimating total number of granule cells in rat cerebellum, total number
of orexin positive neurons in transgenic mice brain, and estimating the absolute area and the areal
fraction of β islet cells in dog pancreas. The proportionator was at least eight times more efficient
(precision and time combined) than traditional computer controlled sampling.

Introduction
The proportionator combination of biased image analysis and non-uniform sampling leading to unbiased
estimation was previously studied using simulation (Gardi et al. 2007). The proportionator is based on
automatic weight assignment to every field of view using image analysis, followed by systematic uniform
random sampling (SURS) on the accumulated weights. An unconditionally unbiased estimate is ensured
using very well-known general statistical techniques (Hansen & Hurwitz 1943; Horvitz & Thompson
1952). The so-called Horvitz-Thompson estimator provides an unbiased estimate when the actual counts
in the sampled fields of view are ‘correct’ (the actual counts are done by an expert user and not by image
analysis) and the exact sampling probability of every field of view is known.
The weight of each field of view is automatically assigned by image analysis. The image analysis assigns
weight to a field of view according to the amount of a requested image analysis feature. For estimating
the number of green GFP-expressing neurons, for example, the weight of each field of view may be its
amount of green color observed under fluorescence illumination.
As shown in Fig. 1, the fields of view are first arranged according to the smooth fractionator (Gundersen
2002) based on their weights, and then the accumulated weight Z is computed for this ordering. With a
random start, a sample of the specified size n is sampled systematically on the ordinate of accumulated
weight, using a sampling period of Z/n. These fields of view with known co-ordinates are then presented
to the user.
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Accumulated Weight
9

12

Figure 1. Proportionator sampling. The ordinate
shows the accumulated weights. Sampling on the
ordinate is systematic uniform random sampling,
after a smooth fractionator arrangement of the
fields of view according to their weight. The
sampled fields of view are marked with darker
color. Figure modified from (Gardi et al. 2007).
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The expert user assigns the unbiased count xi for each sampled field of view with a weight zi, using any
relevant stereological probe (points, lines, frames, or disectors, optical or physical). The unbiased
estimate X of the total content in the section is then simply

X :=

Z
n

n

xi

i

i

∑z

(1)

The relation between the biased weight of a field of view and the correct count in the field may be
positive or negative. Regardless of that, the estimate is always unbiased. The precision (CE) is, however,
much dependent on the relationship between weight and count: the more positive the better the
precision, if absent or negative the precision may be rather poor. Also, all kinds of noise in the
relationship between weight and count reduce precision.
This study compares the actual performance of the proportionator to the traditional SURS (Gundersen et
al. 1999; Gundersen & Jensen 1987) by applying it in three biological examples: estimating total number
of granule cells in rat cerebellum, total number of orexin neurons in transgenic mice brain, and absolute
and relative area of β islet cells in dog pancreas.
Methods and Materials
In the preceding papers (Gardi et al. 2006; Gardi et al. 2007) smooth fractionator and proportionator
sampling were described, tested and compared using simulations. The simulation framework was built on
top of the existing stereological software CAST (VisioPharm, Hørsholm, Denmark). As mentioned in the
appendix A in the (Gardi et al. 2006) the weight assignment procedure was designed and implemented
from the start as an external component to CAST as a dynamically loaded library (dll). Currently, this
weight assignment gets an image and one requested color voxel as input, and gives back a weight as
output.
The weight assignment used in this study is very basic but robust. The input image consists of voxels,
and the requested color, pointed out by the user, is also a voxel. Each voxel has a color which is a
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mixture of red, green and blue. The voxels are observed in 3D color space with these three fundamental
colors as axes (Fig. 2). The distance D from every color voxel in the image to the requested color voxel is
measured in this 3D color space. Since the fundamental color values are in the range of 0 to 255, the
maximum possible distance in this cube of 3D space is √(2552+2552+2552) = 441.67. For each voxel, the
proximity to the requested voxel as a percentage of the maximum distance is calculated:

Proximity = 100 ⋅

441.67 − D
441.67

(1)

An additional feature in the weight assignment is that the user may indicate the minimal color proximity
beyond which voxels will be disregarded. Voxels contributing to the weight thereby are enclosed in a
sphere around the requested voxel, cf. Fig. 2. The weight assigned to each field of view is the sum of the
proximity percentages from all voxels in the field.

Figure 2. The weight assignment. Voxels are
mapped in 3D color space of red, green and blue. X
indicates the requested color. ● indicates two
examples of image voxels, the one inside the sphere
contributes to the weight, and the other one is
neglected.
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The proportionator is compared to the traditional SURS using the above-mentioned three biological
examples, using a microscope system modified for stereology (detailed setup is presented in appendix
A). In all examples, four independent estimates are obtained for each slide: two estimates using the
proportionator and two using SURS. The relative variance between the two estimates in each repetition of
the same method is used to provide a (coarse) indication of how accurate the method is. The number of
fields of view observed, as well as the time spent on delineating the region and assigning weights is
recorded. A pilot study is performed for each example to adjust the sampling fractions necessary for
obtaining approximately the same total counts using the proportionator and SURS. Those fractions
remain constant throughout the whole example and the slides within it, regardless of the total number of
fields of view in each slide. In each slide, the region of interest is delineated independently four times and
color requests and weight assignments are performed independently for the two proportionator
estimates. The ranges of weights differed between slides due to the difference in color, staining, and
section artefacts.
Total number of granule cells in rat cerebellum
The estimation of total number of granule cells in rat cerebellum using the optical fractionator (West et
al. 1991) with a varying sampling fraction (Dorph-Petersen et al. 2001; Horvitz & Thompson 1952) was
done on a systematic, uniformly random sample of sections from two normal rats. Following immersion
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fixation in 4% phosphate-buffered formaldehyde, the cerebellum was isolated and divided into halves.
One random half was embedded isotropically in 5% agar using the isector (Nyengaard & Gundersen
1992), embedded in glycolmethacrylate (Technovit 7100, Kulzer, Wehrheim, Germany), and cut
exhaustively with a block advance of 40 µm. Every 24th section was taken by SURS and stained with a
modified Giemsa stain (Larsen & Braendgaard 1995), providing six and eight sections, respectively. The
final screen magnification was 2800X using a 100X objective. The color inclusion sphere was 20%. The
areas of the 2D unbiased counting frame (Gundersen 1977) and the field of view were 418 µm2 and
14000 µm2, respectively. Step lengths in the x- and y-direction for the SURS were 1864 µm and 1332 µm
(providing a field of view sampling fraction of 5.64·10-3) resulting in a total disector areal sampling
fraction of 1.68·10-4. With a sampling fraction of 1.09·10-3 for the proportionator, the disector areal
sampling fraction was 0.32·10-4 (19% of SURS). The Q—-weighted section thickness was 35 µm and the
height of the optical fractionator was 25 µm. The estimator of the total number of cerebellar granule cells
is

N (cells) :=

1
1
1
⋅
⋅
⋅ 2 ⋅ ∑Q−
SSF ASF HSF

(2)

where the factor 2 is the inverse hemisphere sampling fraction, SSF is the section sampling fraction, ASF
is the areal sampling fraction and HSF is height sampling fraction using the Q—-weighted section
thickness:

tQ−

∑(t i ⋅ Qi− )
:=
∑ Qi−

(3)

Generally speaking, this is an example of a semi-clustered distribution where the very irregular granule
cell layer constitutes roughly a ¼ to 1/3 of the organ, cf. Fig. 3.
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Figure 3. Estimating total number of granule cells in rat cerebellum. The blue granule cell layer is clearly visible
at 1.25X (upper left panel). The area of interest is delineated coarsely and partitioned into fields of view. The upper
right panel shows the fields of view with their assigned weight on a grey-scale. Middle left panel shows the distribution
of sampled fields (yellow rectangles) for the proportionator, the selected fields of view are almost surely in the granule
cell layer. As shown in the middle right panel⎯sampling with the traditional SURS⎯such fields of view may or may not
hit the blue region. The lower two panels are examples of counting at 100X magnification (oil lens).

Total number of GFP orexin neurons in mice brain
Two brains were studied from mature transgenic mice, where orexin neurons in lateral hypothalamus and
adjacent perifornical area could be visualized in situ by expression of enhanced green fluorescent protein
(Burdakov et al. 2006). Brains had been immersion fixed in 4% phosphate-buffered formaldehyde for a
few hours, cryo-protected and frozen in liquid nitrogen. The brains were cut exhaustively using a
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cryomicrotome with a microtome advance of 80 µm and every second section was chosen by SURS. Eight
and six sections were observed from the two brains. The total number of orexin neurons was estimated
using fluorescence light and the optical fractionator. The final screen magnification was 1680X using a
60X objective. The color inclusion sphere was 5%. The area of the 2D unbiased counting frame was

18100 µm and the field of view area was 43200 µm2. Step lengths in the x- and y-direction for SURS
were 298 µm and 223 µm (field of view sampling fraction of 0.65) resulting in total area sampling
fraction of 0.272. With a fields sampling fraction of 0.28 for the proportionator, the result was a total
area sampling fraction of 0.117 (43% of SURS). The Q—-weighted section thickness was 45 µm and the
height of the optical fractionator was 35 µm. Total number was estimated as in the previous example.
The orexin neurons have a mildly clustered distribution in the reference space. The example was selected
in order to test the performance of the proportionator in a situation with a stain with a high and very
varying unspecific ‘staining’ of the background, cf. Fig. 4.

Figure 4. Estimating total number of GFP-expressing orexin neurons in transgenic mice brain. The upper row
shows the same region of interest at 10X objective magnification in bright field and during color identification using
fluorescence light. Note the greenish background noise. Counting is performed using a 60X oil objective using the
optical disector, as shown in the panels below. The small inserts indicate the positions of the sampled fields.

Area of β cells in dog pancreas
Two arbitrarily sampled paraffin blocks from a dog pancreas were used for studying the estimation of
absolute and relative area of insulin producing β cells. The pancreas had been perfusion fixed with 1%
paraformaldehyde and 1% glutaraldehyde, it was cut into 3 mm thick complete cross sections and
embedded in paraffin (Kroustrup & Gundersen 1983). A 3-µm-thick section was cut from each block and
mounted on a Superfrost+ glass slide. Using an automatic stainer (Benchmark XT, Ventana, Illkirch
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Cedex, France), the β cells were stained with an insulin antibody (1:50 guinea pig anti-swine insulin,
code A0564, DAKO, Glostrup, Denmark) and XT UltaView DAB. All cell nuclei were stained with
Haematoxylin, cf. Fig. 5.

Figure 5. Estimating area of β cells and total tissue in dog pancreas. Upper panel to the left, the area is
delineated using a 1.25X objective. Note the sparse but quite uniformly distributed islands of β cells. Upper panel to
the right, the brown β cell color is identified at 4X objective magnification and weights are assigned. Images from the
sampled fields of view with a 60X objective and the point grid probes are shown at the panels below.

The final screen magnification was 1680X using a 60X objective. The color inclusion sphere was 15%.
The total area of a field of view was 36300 µm2. Step lengths in the x- and y-direction for SURS were
1580 µm and 1180 µm (field of view sampling fraction of 0.0196). The proportionator had an areal
sampling fraction of 0.00383 (20% of SURS). The area per point (a/p) for the β cells was 386 µm and
for the containing tissue 1540 µm; both counts were performed in the same fields, which, for the
proportionator, were selected based on the amount of insulin-stain. The estimator equation for the total
area of β cell in each section is:
A(β cell) := Total[P(β cell)]·(a/p)

(4)

These estimates are all what is needed if (a sufficiently large sample of) parallel sections are sampled
uniformly with a constant separation, T. The total volume of β cells in the pancreas is then obtained by
the Cavalieri-estimator:
V(β cell) := T · ΣA(β cell)

(5)
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In the (unlikely) situation that the sections are uniformly sampled with unknown or varying distances,
one would have to use the classical volume fraction estimator
VV(β cell/tissue) := Total[P(β cell)]/Total[P(tissue)]

(6)

which requires the additional counting of points hitting the reference space and an independent estimate
of the total pancreatic volume, V(tissue), to obtain the total volume of β cells in the pancreas:
V(β cell) := VV(β cell/tissue) · V(tissue)

(7)

Both estimators require determination of various dimensional aspects of shrinkage for the total volume
of β cells to be unbiased. The pancreatic β cells are an example of a roughly homogeneous distribution of
small and sparse events, their volume fraction is only ~0.027.
Results
The first example studied was the estimation of total number of granule cells in rat cerebellum. The
distinct blue stain of the granule cell layer was clearly visible with bright field 1.25X objective and made
the color identification and weight assignment fast and reliable (Fig. 3). The small area sampling fraction
of the counting frame (3%) with a 100X objective made the identification of an empty field a fast
process. Fig. 6 shows the count distribution, as well as the relation between weights, counts and
estimates.
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Figure 6. The distribution of individual samples and the bivariate sampling distributions when estimating
the total number of granule cells. The panel to the left shows the distributions of the correct counts per disector.
The gray histogram is the cell counts in SURS samples, while the full drawn histogram is for the proportionator (the
distributions are normalized to the same mode). The middle panel shows the correct count and weight for all fields
sampled with the proportionator. The contribution from each field to the total estimate is proportional to the slope of a
line from origin to the data-point. The estimates are shown to the right (the ordinate is fraction of maximal estimate),
the horizontal line is the average estimate. The slope corresponding to that average estimate is the slope of the line
shown in the middle panel. The CE of the proportionator is the CE of the slopes around this slope. For the
proportionator, the variability of the counts themselves is therefore irrelevant (it is insensitive to field-to-field
variation).

As illustrated in Fig. 6, left, the proportionator samples fields with a much higher average count than
SURS (9.8 vs. 2.2), and one therefore needs only to study about ¼ of the number of fields necessary for
SURS. Moreover, the CV of the proportionator estimates from each field (Fig. 6, right) is much lower than
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that among SURS fields (the grey distribution in Fig. 6, left): 0.24 vs. 0.63. Despite the lower number of
fields studied, the statistical efficiency of the proportionator (roughly 1/CE2) is therefore much greater
than that of SURS: ~17 vs. 2.5, cf. also Table 1, which shows the summary of results with regards to
estimates and precision.
As described in Gardi et al., 2007, it is possible to estimate the CE of the proportionator estimate for
each section by taking two independent samples of size n/2 instead of one sample of size n. In ordinary
practice, it is more useful to think of a direct estimation of the variance Vari(n) = (CEi(n).ni)2 of the
estimate of the total number of particles ni in the i’th section. For the estimate of total number in all m
sections, Σn, one may then compute the overall direct CE:

CE m (∑ n ) =

∑Var (n)
∑n
m

(8)

m

The same strategy does not work for SURS because SURS sampled FOVs are dependent.

SURS
Pancreas, tissue
Pancreas, β cells
GFP orexin

Estimate

Estimate CE

Total Count

Observed FOVs

0.073

686

54

0.078

76

54

1100

0.57

97

114

2.01·108

0.63

255

115

51.2 mm2

0.038 (52%)

0.081 (111%)

188 (27%)

11 (20%)

2

0.023 (30%)

0.066 (84%)

88 (116%)

11 (20%)

1152

0.14 (25%)

0.14 (24%)

98 (101%)

43 (38%)

1.62·108

0.18 (29%)

0.14 (22%)

303 (109%)

31 (27%)

53.4 mm

2

1.48 mm

2

Direct CE

neurons
Granule cells
Proportionator
Pancreas, tissue
Pancreas, β cells
GFP orexin

1.52 mm

neurons
Granule cells

Table 1. Summary of estimates and precision for the three biological examples. Values are means per animal
(or per slide for pancreas). Values in brackets are proportionator percentage of SURS. ‘Estimate CE’ are the CVs of the
replications. Proportionator with direct CE was run by splitting the proportionator sample into two independent
samples, cf. text.

The poor precision of the SURS estimator of total number of both granule cells and GFP orexin neurons is
indicative of the section inhomogeneity or field-to-field variation. Note, however, that there is only a total
of two replications to provide the estimated CEs and also the direct CE estimates are the result of two
comparisons of two independent samples - and of half-size. Consequently, all CE estimates in Table 1 are
rather imprecise. In ordinary practice, one would average the direct CE estimates over all m animals in
each group,

Proportionator Sampling and Estimation

CE :=

∑ CE

11

2

m

(9)

m

and thereby obtain much more useful estimates.
It is necessary to emphasize that the sampling design for each of the three examples is made to ensure
that the results of SURS and proportionator sampling and estimation are as comparable as possible.
Since the counting noise is roughly proportional to ΣQ-, the number of fields studied are adjusted (in the
pilot study) to provide roughly the same total count. The frame size and the disector height are the same
for both sampling strategies. It follows that none of the sampling designs are optimized for the
corresponding strategy.
As an example, the statistical efficiency of SURS might be improved by sampling about three times more
fields. The counting frame could then be reduced to two maximally separated frames per field with a
combined area of 1/6 of the present frame. The six-fold higher number of frames examined would
considerably reduce the impact of tissue inhomogeneity on SURS precision (the various ways of
optimizing the proportionator are discussed below).

SURS

Total Counting

No Of

Overhead Time

Total Time

Relative Efficiency

Time (min)

Slides

Per Slide

(min), T

of Proportionator

(min)

Compared to SURS

Pancreas, Tissue

19:41

1

1:00

20:41

Pancreas, β cells

19:41

1

1:00

20:41

GFP orexin neurons

16:45

7

1:00

23:45

Cerebellar Granule

41:37

7

1:00

48:38

Pancreas, Tissue

4:19

1

5:00

9:19 ( 45%)

8x

Pancreas, β cells

4:19

1

5:00

9:19 ( 45%)

25x

GFP orexin neurons

8:44

7

5:00

43:44 (184%)

9x

Cerebellar Granule

10:06

7

2:00

24:06 ( 50%)

24x

cells
Proportionator

cells

Table 2. Average time spent for counting one animal (or one slide in the pancreas example). Values in brackets
are for the proportionator in percentage of SURS. The last column is computed using Eq. 10, below. The CE2 used is a
weighted average of EstCE2 and DirCE2: CE2 := (2*EstCE2 + DirCE2)/3, taking into account the lower number of
observations for the Direct CE estimates.

The example of optimizing a strategy at the expense of studying more fields underlines the importance of
taking the time spent per animal into account when trying to make realistic comparison of sampling
strategies. If T is the time spent per animal, the relative efficiency (time and precision) of the
proportionator compared to SURS is

Relative Proportionator Efficiency =

2
× TSURS
CE SURS
2
CE Proportionator × TProportionator

(10)
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Table 2 shows the total time spent on each of the examples. Since the poor SURS estimator already took
twice as much time as the proportionator, SURS is clearly never going to be as efficient as the
proportionator for cerebellar granule cell counting.
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Figure 7. Individual samples and weights when estimating total number of GFP-expressing orexin neurons.
As shown in the middle panel, the example is clearly characterized both by fields with spuriously very large weights
(with very low counts) and large counts in fields of low weight. Panel descriptions are as in figure 6.

The second example was the estimation of the total number of orexin neurons in transgenic mice brain.
Weight assignment for the GFP-expressing orexin neurons was only possible with a 10X objective under
fluorescence light (Fig. 4). The noisy and greenish image contributed to non-trivial color identification and
weight assignment. The requested color had to be fine tuned, and the maximum distance in 3D space
(Fig. 2) had to be carefully adjusted to avoid picking up the background noise. The region of interest was
small, and the number of total fields of view was not more than 40 per slide. The large sample size for
both the proportionator and SURS (28% and 65% - respectively) made the color identification and weight
assignment (for each slide) the most time-consuming operation in the proportionator (Table 2) and made
the proportionator non-beneficial with regards to time as compared to the traditional SURS, cf. Table 2.
The individual samples and weights are shown in figure 7.
The pronounced inhomogeneity did, however, make SURS both very inefficient and quite time
consuming, so in the comparison in this really difficult example the proportionator came out about eight
times more efficient, solely because of a much better statistical efficiency. The genuine efficiency of the
combination of sampling proportional to weight and then estimating inversely proportional to it is
highlighted in this example. Even if it takes twice the time to accomplish this, it is much more efficient
thereby to avoid the inhomogeneity w. r. t. numerical density than the brute force counting of really
many fields.
The third and last example is the estimation of the area of β cells in dog pancreas using point counting.
The β cells were clearly visible as dark brown color with a 1.25X objective. Due to camera artefacts at the
tissue edges, which were also visible as a shade of brown, the region was delineated with a 1.25X
objective, but the color identification and weight assignment was done with a 4X objective (Fig. 5). The
number of fields of view was approximately 3000 (calculated to fill up the entire view at 60X), which led
to a precise but time-consuming weight assignment operation at 4X. Identifying the color was fast, but
the actual stage movement for observing the total number of fields of view led to approximately 3
minutes of stage movement (Table 2).
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Figure 8. Individual samples and the bivariate sampling distributions when estimating area of β cells
(upper row) and containing tissue in dog pancreas. The upper right panel clearly indicates a special problem in
sampling small and sparse events with the proportionator: non-zero counts may occur in fields of low weight and they
provide very high estimates (upper two data points to the right), decreasing the precision. The sampling of total tissue
(lower row) is performed using the weights of the insulin-stain and the count-weight relation is therefore very poor.
Panel descriptions as in figure 6.

Fig. 8 shows the statistical characteristics of the counts, weights and estimates. The β cells are a typical
case of proportionator performance in detecting relatively sparse events: it avoids very well the fields
with low counts and focus on fields of a high count. The occasional positive count in a field of very low
weight, providing extreme estimates and reducing precision, were too rare to really offset the efficiency
which was roughly 25 times better than that of SURS, about equally due to better precision and faster
performance.
The estimation of total tissue area based on sampling of the β cell stain was a long shot (and it is
unnecessary for estimating total β cell volume, as outlined above). Because of the rather homogeneous
distribution of islets in the sections, a large total amount of β cell stain, i.e. a large weight, provides
proportionator sampled fields with large tissue areas as indicated in the first panel in the lower row of
Fig. 8. The count-weight association is very weak, however, and the estimate is not very precise. The
procedure is fast, however, and the combined efficiency is clearly better that of SURS.

Discussion
This is the first study of the performance of the proportionator in real examples, and an obviously
preliminary one. The main purpose was to get some experience with implementing the novel sampling
mechanism; the imprecise estimates of efficiency were only of secondary importance (hence the low
number of animals studied). The efficiency estimates did, however, provide encouragement for the
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continued work with this radically different sampling and estimation paradigm for quantitative
microscopy.
With respect to the estimated efficiencies all examples indicate that the proportionator is much more
efficient than SURS. However, the estimates of efficiency are not very precise and the examples are all
inhomogeneous at various scales, so the above conclusion may not be valid in many cases of general
interest. The combined efficiency nevertheless turned out, somewhat surprisingly, to be very robust
against poor count-weight associations as witnessed by the GFP and pancreatic tissue examples.
The proportionator is unique among the efficient sampling strategies in that it allows the real precision,
the direct CE in Table 1, to be estimated unbiasedly⎯and at no extra cost to or effort of the user (Gardi
et al., 2007). There are several reasons why this is a very large advantage:
•

The estimator imprecision due to field-to-field variation (the tissue inhomogeneity) is not predictable

using the current statistical predictors (Kieu et al. 1999) of the CE (because fields are sampled
systematically, and predicting the precision of that in 2D sections is mathematically difficult). As amply
illustrated in Gardi et al., 2007), in inhomogeneous tissue the real CE may be several-fold larger than the
(incompletely) predicted one.
•

For number estimation in very homogeneous tissue, the CE of the proportionator is lower than the

counting noise, which is generally CEnoise = 1/√count, implying that one has to count 100 cells for this
part of the CE to be ~0.1. To take advantage of the higher precision of the proportionator, the dedicated
researcher would like to know precisely what the precision is in her sections before counting 70 cells in
16 fields instead of 100 cells in 24 SURS fields (both with a CE of 0.1 in large sections of homogeneous
tissue).
•

The proportionator, correctly performed, is guaranteed to be unbiased, irrespective of the count-

weight relation. This relation may, however, be unexpectedly weak or even negative (or something may
go wrong with the automatic weight assignment) and it is a comfortable safeguard that this will then be
reflected in an (unexpectedly) high CE, which is shown on the monitor right after counting in the last
field.
The many practical problems encountered in the wide range of examples selected for this study allow us
to identify a number of features that may improve the efficiency of proportionator sampling and
estimation. A number of these were anticipated, but we wanted to keep the technical set-up and the
software as simple as possible at this stage, considering that the starting point was the software
developed for the primitive simulation study.
It is characteristic of the proportionator that it is insensitive to ordinary field-to-field variation; the
section inhomogeneity with respect to the feature under study becomes a signal rather than a noise. On
the other hand, any noise in the count-weight relation, shown in Figs. 6 to 8, decreases precision. The
specific characteristic of the tissue and the stain, including antibodies, give rise to many kinds of ‘noise’,
discussed extensively in Gardi et al., 2007. However, many of the sources of noise are of a technical
character and are potentially preventable or may be overcome.
The microscope and the optics are much more intimately integrated in the proportionator procedure
than in ordinary microscopy. For optimal performance a number of features are important:
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At low magnification, the illumination of the section is very uneven, cf. Fig. 3. This is relatively

easily removed by incorporating simple image analysis algorithms (Bischof et al. 2004; Osadchy &
Keren 2004) in the procedure.
•

Various diffraction phenomena may occur at the edges of the section at very low magnification. To

minimize such problems it is necessary to have a range of low magnification objectives to choose from.
Depending on the manufacturer of the microscope, 1X, 1.25X, 1.6X, 2X, 4X, 6X, 10X, and 15X are
often available.
•

Almost all inhomogeneous organs also show section-to-section variation. The obvious way of

turning also this noise into a signal is to make the weight assignment and sampling on the whole set of
sections in one run. That requires that the microscope is equipped with a multi-slide stage, usually
these accommodate 8 sections, which in most cases would be enough for one animal (if not, one
should analyse every second section in one series and the others in another one, that essentially
eliminates their variability (Gundersen, 2002)). When applicable, this stratagem alone may increase
the efficiency of the proportionator manifold. For optimal efficiency it is necessary that the staining
intensity and the section thickness are roughly constant among sections.
•

If the total tissue area becomes large at the scale of the final magnification, one may use SURS

subsampling of FOVs before weight assignment and proportionator sampling. Once the number of FOVs
becomes larger than a few thousand, efficiency is unlikely to improve if many more FOVs are sampled,
the obvious exception being the analysis of rare events.
The low magnification scanning of all FOVs is also critical for proportionator efficiency and may be
optimized in several ways:
•

The initial indication of the position of the section on the slide may be performed by the fast

dragging of a rectangle.
•

In many cases, the area of interest is the whole section and no further delineation is necessary

since all empty FOVs between the section and the above, outer rectangle will not produce the
requested specific signal (obtaining a weight of 0) and they are therefore automatically eliminated in
the sampling proportional to weight.
•

Automatic detection of the section boundary (Gomez et al. 2007; Jonasson et al. 2007; Sahoo et

al. 1988; Skarbek W. & Koschan A. 1994; Wang et al. 2006) may in some cases be an alternative to
the above.
•

Some modern stereological software systems like NewCast® (VisioPharm Hørsholm, Denmark)

already make a fast scan at low magnification and present the composite image of the whole section
on the monitor. When the area of interest is just a (small) part of the section, the necessary manual
delineation by the expert user may now often be performed on this so-called ‘SuperLens’ image,
generally much faster than the interactive delineation used by most software. If the initial scan was
performed at a sufficient resolution, the information for the weight assignment is already available,
which will further reduce the time spent on setting up each section.

The partitioning of the section into FOVs should also be considered. The ‘catchment area’ for
collecting the weight information may in many cases be different from the precise FOV at high
magnification. It should be as large as the stereological test system and often also include a guard area
around it, both defined by the user in the pilot study. Additionally, it may be necessary to increase this
area to allow for imprecision in the translation of section co-ordinates between very different
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magnifications (sensitive to the so-called parcentering of the lenses in question). As illustrated in Fig. 3,
this feature would have improved the estimator considerably in the analysis of the rat cerebellum. The
frame area was only 3% of the FOV and most of the data points below the line in Fig. 6, middle, owe
their relatively low count to the fact that the weight for the total FOV poorly matched the count in a very
small area of the FOV.
The indication of the requested colour may easily be optimized in several ways, since we just used
primitive pointing at a characteristic pixel:
•

The range of colours actually represented in the section by the many instances of the structure

under study should be taken into account.
•

The box enclosing these colours in colour space may automatically be enlarged by a preset amount

to make the weight assignment sufficiently sensitive and still specific.
•

The colours indicated in the first section may often be used on all following ones, particularly if the

above box is large enough.
•

The weight assignment is faster if all image pixels that happen to be inside the box are given a

weight of 1, all others are disregarded (implicitly given a weight of 0). The weight of the FOV is then
simply the sum of weights of all pixels in it.
•

The fine tuning of the colour selection should be interactive using a stored image with indication of

all pixels of weight 1.
•

The pancreas tissue example is particular in that is does not have a single characteristic colour.

Inspection of the high magnification images in Fig. 5 clearly indicates that pancreas tissue, due to
counter staining, possesses a large range of colours⎯including shades of brown similar to the insulin
antibody stain. In such cases the requested ‘colour’ should be pointed out by dragging rectangles over
the tissue, proving a rather large box enclosing all requested colours. The stain specific for a particular
phase, the insulin stain in the example, is then indicated separately (it is likely already stored in a file
which is simply reused). The weight assignment for the pancreas tissue may now be a fast Boolean
procedure: A weight of 1 is assigned to all pixels with a colour in the large box, unless they are in the
‘insulin-box’ and therefore disregarded.
•

The assignment of weight based on pixel colours may most likely be more sensitive and specific if

colours are represented in a space of hue, saturation, and intensity (Pydipati et al. 2006) instead of the
primitive red-green-blue representation used here.
The use of other automatically detected features than colour is a very promising area of research.
The proportionator principle has just three requirements:
•

the weight assignment must be automatic,

•

it must produce a number in the range 0 to a suitable maximum for each FOV,

•

and the weight should have a positive relation to the correct signal to be provided in sampled

FOVs.
We have just used colour of individual pixels because it is very simple to implement (and fits into the
general strategy that stains are used to positively enhance the structure under study). However, even
now there is an enormous amount of features of an image that may be extracted automatically and
quantitated (Gonzalez & Woods 2002) - and they may all be used for proportionator sampling and
estimation, as discussed in Gardi et al., 2007. As an example, if the distinct edges of the granular cell
layer in the cerebellum are detected and given a weight according to their amount in each FOV, the
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sampling of Purkinje cells would be greatly facilitated. However, if all FOVs are at the edges of the
granular cell layer, every second will still not contain Purkinje cells. Purkinje cells are only at the edge,
which in the direction of the blue-not blue gradient is neighbouring the cerebellar surface, the natural
section edge ⎯and that neighbour-relation is evidently also an automatically detectable feature. Although
outside the scope of this paper, also the correct signal from sampled fields is in no way restricted to just
a stereological count, it may be any correct signal from the FOV, including calibrated photometry or
structure mass provided by acoustic microscopy, just to mention a few examples.
Editing the weights is in practice often an advantage. The map of weights as shown in Fig. 3, top,
right, makes it rather easy to detect problems. Editing may take many forms:
•

The user may simply indicate that certain fields must be ignored because of technical problems like

folds or localized staining artefacts, for example (this is not, however, compatible with an unbiased
estimate).
•

The weights are just numbers, and almost surely biased ones w. r. t. the structure under study. All

kinds of transformations that preserve the positive relation to the count (and do not exclude any field
with structure) are allowed.
•

One may add a constant to all weights to avoid that FOVs with a very small weights provide a

positive count. If this happens too often it is likely to decrease precision markedly because these
estimates are very high (the contribution to the total from each field is proportional to the count
divided by the weight).
•

If the count-weight relation, illustrated in Figs. 6 to 8, is best represented by a monotonous curve

and not a straight line one may transform all weights to √weight or use any other similar mathematical
transform that rectifies the relation.
•

If just colour is used for weight assignment, as in this paper, the count-weight relation for Purkinje

cells, at the edge of the blue, detected granular cell layer, may be biphasic: after a maximum at a
moderate weight, Wm, it decreases towards higher weights. This might be remedied by penalizing all
weights larger than Wm by assigning final weights as Weight’ := weight - Wm.
•

Unspecific staining of the physical edges of the section is sometimes encountered even with highly

specific antibodies. Automatic detection of section edges, discussed above, may be followed by
reducing the weight of all pixels in a rim near the edge to some small weight (it must be larger than 0
to preserve unbiasedness, the rim could of course also contain the specific structure under study).

To summarise all of the above, this is the first report of the real performance of the proportionator, but
we do not anticipate it to be the last. Biological research has for decades profited enormously from the
availability of very specific markers for proteins or peptides or gene sequences or products of specific
expressions etc. (as it has from less specific chemical stains for a century). With the proportionator we
strongly believe that this quantization will be much more efficient and thereby in itself promote the
widespread use of reliable stereological procedures.
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Appendix A – Hardware Setup
The system used was an Olympus BX50F-3 microscope (Japan), with a motorized stage manufactured by
Prior Scientific Instruments model H101BX and Joystick Prior model H152EF both connected to Prior
controller box H128V3 (Cambridge, England) which connects via a serial port to a computer. A
Heidenhaim microcator model ND 281 (Traunreut, Germany) was connected via a serial port as well. An
Olympus 100W high-pressure mercury burner USIHIO BH2-RFL-T3 with lamp USH-102D model UULS100HG was transmitting the fluorescence light. The fluorescence filter used (if applicable) was “pe UN51006 F/TR C59531”. When normal bright field light was needed, the Olympus halogen lamp JC12V
100W HAL-L U-LH100 was applied. An Olympus DP70 digital camera with a 1.45 million pixel CCD
coupled with pixel-shifting technology resulting in images with a resolution of 4080 x 3072 pixels was
connected to the computer via a dedicated PCI bus card. The following Olympus lenses were used:
UPlanApo 1.25x/NA 0.04, UPlanFl 4x/NA 0.13, UPlanApo 10x/NA 0.40, UPlanFL 40x/NA 0.75, UPlanApo
60x/NA 1.4 oil, UPlanApo 100x/NA 1.35 oil. The computer used was a mixed brand, Intel based, running
a specially upgraded Computer Aided Stereology Tool (CAST software - Visiopharm, Hørsholm, Denmark)
based on a code branch that was made on 10/November/2003 from the original Olympus CAST code
version 2.3.0.2.
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Abstract
‘BranchSampler’ is a system for computer-assisted manual stereology written for handheld
devices running Windows CE. The system has been designed specifically to streamline data
collection and optimize sampling of tree-like branching structures, with particular aims of
reducing user errors, saving time, and saving data in formats suited for further analysis in
other software, e.g. a spreadsheet. The system can be applied in a wide range of
applications, from biomedical science to agriculture and horticulture. It can be applied for
sampling nested generations of lung bronchioles and renal arterioles or for collection and
optimizing sampling of crops for precision agriculture. Although the system has been
designed specifically for sampling branching structures, it is sufficiently flexible to be used
for other applications involving nested stereological designs. We describe the system
specifications, software and Graphical User Interface (GUI) development, functionality and
application of the handheld system using four examples: (1) sampling monkey lung
bronchioles for estimation of diameter and wall thickness (2) sampling rat kidney for
estimating number of arteries and arterioles in a specific generation (3) mapping fruit
(apple) tree yield in an orchard, and (4) estimating the total leaf surface area of
chrysanthemum plants in a greenhouse.

Introduction
Sampling on tree like, nested branching structures is a task encompassing research in
medical biology to botany and precision agriculture. Whether one is sectioning a whole
human lung to observe a portion of it under the microscope or measuring parts of a tree to
estimate the yield or leaf area, nested systematic uniform random sampling can be very
efficient.
In biomedical research, tissue samples are typically observed through the microscope lens.
The initial preparation steps may involve sectioning and sampling of big chunks of tissue
(for example of lungs) before detailed observation using a microscope, often with the
assistance of an interactive stereology software interfaced with precise microscope stage
controllers.

Handheld Stereology Software System

A major thrust in agricultural research over the last two decades has been towards the
development of ‘precision farming’ strategies to manage spatial and temporal variability in
bioproduction systems. Whether the objective is to optimize for sustainability, to reduce
environmental impact and/or to maximize quality or yield, variability must be measured and
understood before management becomes practical. There are two general approaches to
the development of technologies for precision agriculture. One is to explore new
technologies that will allow on-the-go sensing, decision-making and adjustment for each
plant or group of plants (e.g. Ehsani et al, 2004; Tang et al., 2001). An alternative approach
is to map the field, greenhouse or orchard via visual inspection, quantitative monitoring and
sampling, or remote sensing for purposes of decision support and modeling (e.g. Stafford et
al., 1996; Anderson et al., 1999). With either approach, one must design systems that meet
requirements for unbiased sampling to minimize biases and to control variances.
In both the biomedical and the agricultural contexts, the contribution of sampling error
variance to the total observed variance should be small compared to the biological variance.
The biological variance is the only meaningful variance for management purposes, and it
cannot be directly observed from the data (Mandel, 1964; Gundersen & Østerby, 1981).
Principles of sampling apply equally whether measurements are carried out manually or are
fully automated (Cruz-Orive, 1997; Wulfsohn et al., 2004).

Stereology
Stereology can be considered a stochastic approach to measurement (Baddeley & Jensen,
2005). The material or object is regarded as the population of interest, and a section or
projection of (a part of) the object is a sample from which statistical inferences can be made
about the object, i.e. estimates of structural quantities such as volumes, surface areas,
lengths, numbers and connectivity, and their variability.
Suppose we have some n-dimensional (n = 1, 2, 3) object Y contained in a bounded object,
the d-dimensional ‘containing space’ X (n ≤ d). The target quantity β(Y) is a total measure of
a well-defined geometric subset of Y, such as volume, surface area, and curve length or
particle number. To give two examples that will be returned to in this paper: our containing
space may be an orchard, and the target parameter the number of fruits in the field and
their size distribution (the yield). The containing space may be a single lung or a group of
lungs, and the target parameter the mean volume of a Clara cells.
Stereological estimators are stochastic versions of exact geometric identities of the form
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β (Y ) = ∫ α (Y ∩ T )dT

(1)

where T is a uniform random (UR) ‘probe’ intersecting the population X (Fig. 1), α(Y ∩ T) is
a geometric quantity associated with the sample (the intersection) Y ∩ T, and the
integration ranges over all possible positions of the probe T (Baddeley & Jensen, 2005). The
probe T could be a randomly positioned stack of parallel 2D section planes, a 2D projection
of fixed size (e.g. an image), a 1D line probe (e.g. laser beam or metal rods), a 0D point,
etc. The quantity α(Y ∩ T) is said to be an unbiased estimator of β(Y) under a specific
sampling design. Examples of α(Y ∩ T) are the number of intersections between a test line
and a surface, the number of intersections between a test surface and a tubule, and the
number of points of a UR positioned regular point grid intersecting the feature of interest
(‘point counting’) (Fig. 1). There are some common features of a stereological estimator in
practice, irrespective of the target quantity: (1) a well-defined sampling procedure, (2) the
number of intersections (counts) between a probe (periodic ‘test system’) and the object,
and there will also be (3) a scaling factor (‘grid constant’) associated with the geometry of
the specific probe and the magnification of observation.

Fig. 1. Notation for observations of probe-object intersections. T = UR probe; X = d-dimensional
containing space; Y = n-dimensional object (n ≤ d); a = area of sampling window; h = height of
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sampling volume; Q = number of planar transects with curve or tubule; A = area of planar profile; B
= length of planar curve; L = length of intersections between isotropic test lines and profile; I =
number of intersections produced by a test line with a surface; P = number of test points hitting the
feature.

There are many kinds of UR sampling, including simple random sampling and various forms
of systematic sampling. Systematic uniform random (SUR) sampling is commonly used in
stereology because it is easy to implement and is often more efficient then simple random
sampling. For estimates involving surface area and curve length, random orientation in
space (isotropy) is also required.
Obtaining accurate, non-destructive quantitative estimates of the morphology for a whole
branching structure like blood vessel networks or plant canopies is complicated by the
complexity of 3D architectures and by the opacity of the tissue at the macro-scale of
measurement. Often requirements for unbiased sampling simply cannot be met using
current sensor technologies. For some applications, obtaining measurements manually can
be very efficient in terms of time and accuracy, and especially so if unbiased designs can be
optimized and data collection supported using computer technology.

Objectives
Our objective is to develop software for computer-assisted manual stereology using
portable, handheld devices. The goal is to streamline data collection, implementation of
multiple nested sampling steps, and optimization of sampling with respect to variance
components, as well as to reduce experimenter biases (e.g. during sample preparation). A
portable system is especially valuable in situations where a stationary computer aided
stereology system is either not available or is not suitable (e.g. at macroscopic scales).
Specific requirements for the software include:
• Runs on a small handheld device.
• Implements multistage (systematic) uniform random sampling for estimation as well as
standard variance prediction equations. Features include data logging capabilities, a
random number generator and summary statistics such as computation of sample sizes,
estimates

and

variances.

Different

stereological

estimators,

parameters and variance prediction equations can be selected.

estimator-specific
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• Consistent user interaction and record keeping. Easy data entry, view and change. Time
stamp automatically attached to data.
• All data and settings are collected on the handheld device and automatically saved to
one output file. Output and log files can be easily ported to a desktop computer for
further analysis in e.g. a spreadsheet program.
• A sampling session can be easily stopped in mid-session or continued from where left
off by opening the session output file.
• Easy positioning information indicating next element of population to sample by
providing absolute (within the sampling object/space) and relative (to previous location)
positioning information.
• Ability to run multiple sets in parallel on any sampling stage, which is equivalent to
running multiple independent runs on the same field in one task, while always stepping
forward in the sampling space. Software must keep track of all the independent runs in
parallel, and give the user the correct next position within all the possible runs.
Information within one run (for example, number of sampled segments on a certain
vessel) is applied to parallel runs if applicable.
• Non-relevant user interface options are disabled to prevent user errors. Some machine
preferences (for example, user interface colours, advanced options) are kept on the
machine.

Examples of application
The functionality, user interface and output of will be illustrated using four examples of
sampling designs, two in biomedical research and two in a precision horticulture context:
(1) Sampling monkey lung bronchioles for estimation of diameter and wall thickness (2)
Sampling rat kidneys for estimating numbers and sizes of arterioles in a specific generation
(3) Yield (fruit number and diameter) vs. height above ground of apples in an orchard, and
(4) Total leaf surface area of chrysanthemum plants in a greenhouse.

Example (1) – Lung bronchioles diameter, wall thickness, cell number and cell volume
The two branches of the trachea, called bronchi, subdivide within the lobes of the
mammalian lung into smaller and smaller airways known as bronchioles. Bronchioles

Handheld Stereology Software System

terminate in alveoli, tiny air sacs surrounded by capillaries. The bronchioles are interesting
from a disease point of view. For example, in asthma, the bronchiole walls thicken, and the
diameter of the bronchioles gets smaller making it harder to inhale and exhale (Woodruff et
al., 2002, 2004). One can regard the entire bronchioli structure as a tree-like branching
structure and define different generations of bronchioles. Starting with the main bronchi,
which divide into bronchioles, one can say this is the first generation of bronchioles. The
second division is the second generation; the third division is the third generation and so
forth. During tissue processing the bronchioles are separated from the parenchyma by
dipping the lung into acid. The acid dissolves the alveoli and leaves the bronchioles
undamaged (Phalen & Oldham, 1983). When looking at a whole left or right lung of human
or animal, one can sample the exact same generation of bronchioles for estimating diameter
and wall thickness, as well as different cell types, number and volume of, e.g Clara cells.
BranchSampler can be used to help sectioning the lung bronchioles following a nested
systematic uniform random design, so the same generation of bronchioles is sampled, the
estimate is unbiased, and the coefficient of variance of the estimates is controlled. Instead
of chemical fixation by instillation or perfusion of the whole lung (Ochs, 2006), small lung
pieces, sampled correctly, could be selected. The lung has uneven regional distribution of
structures. BranchSampler may be helpful for random and uniform selection of regions,
followed by the application of further sampling techniques and probes on the sampled
regions instead of the entire lung (examples of probes are given in Ochs et al., 2004;
Weibel et al., 2006). Figure 2 shows a ventral view of a monkey lung cast and the sampling
procedure. Figure 3 shows a human lung being sampled and sectioned with the assistance
of BranchSampler, prior to microscopy.
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Fig. 2. Monkey lung cast, ventral view. At this scale, sampling is done on up to the 3rd branching
level. The 1st and 2nd generation are bronchus and the 3rd is bronchioles, and they are marked A, B
and C, respectively. Note the counter-clockwise ordering and labeling scheme of units within a
generation. Assume that the sampling period on generation A is 1 (i.e. everything is selected), on B is
2 and on C is 4, and that the random starts are 1, 1, 2. The final sample consists of the C generation
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bronchioles marked with a circle. These will be carefully cut out and placed under the microscope for
further sub-sampling. Image courtesy of Charlie Plopper, University of California, Davis.
Fig. 3. Sampling prior to microscopy.
Human lung is obtained after autopsy
and prepared for acid treatment. The
trachea and the main airways only are
visible at this stage and can be selected
with the help of BranchSampler. A
handheld

can

be

used

in

locations

where desktop or laptop computers are
not comfortable to use.

Example (2) – Kidney arterioles – number, length and diameter
The nephron is the basic structural and functional unit of the kidney. There are
approximately one million nephrons in a normal adult human kidney (Nyengaard &
Bendtsen, 1992) and each consists of a glomerulus, afferent and efferent blood vessels,
collecting ducts and more. The renal artery divides into levels of smaller and smaller
arteries - it divides into arcuate arteries which divide into cortical radial arteries which divide
into afferent arterioles that supply blood to the glomerular capillaries. The kidney is very
important in blood pressure regulation by means of the renin-angiotensin system. The renin
produced in juxtaglomerular apparatus in the kidney has a significant systemic effect, while

10
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the renin-angiotensin system plays a very important regulatory role on the kidney
microcirculation (Arendshorst et al., 1999). Angiotensin II increases blood pressure by
causing the muscular walls (the smooth muscle) all over the body to constrict (Allen et al.,
1999). The cyclooxygenase enzyme-2 (COX-2) blocker is an anti-inflammatory and pain
killer drug and it inhibits the renal tubuloglomerular feedback (Castrop et al., 2001, 2003).
It is possible that treatment with COX-2 influences the number and size of arterioles in the
kidney and thereby, influences the renin-angiotensin system and the body’s blood pressure.
It is therefore of interest to estimate the number of arterioles in the kidney before and after
treatment with various drugs.

Fig. 4. Sections from the kidney of a 14-day old rat. Results of sampling steps prior to microscopy.
Sections are sampled during preparation and placed under the microscope. A and B are kidney
sections from control rats, C and D are sections from rats treated with COX-2 blocker. Images
courtesy of Boye L. Jensen, University of Southern Denmark.
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During tissue preparation, the whole kidney is submerged into a bath of acid, after which
only the vessel system remains intact (Casellas, 1993). This vessel system can be looked at
as a tree (Fig. 4). The arteries branch from the major vessel (the renal artery) and are the
first generation. These divide into second generation arteries, arterioles and so forth. It is
possible to measure diameter, length as well as number of arterioles, all quantities of
interest from a biological perspective. The task of sectioning the kidney can be split into two
phases: sampling steps prior to microscopy (Fig. 4), and subsequent sampling under the
microscope lens (Fig. 5), due to the small size of the rat kidney. Similar to the previous
example, a certain generation level is selected before the use of microscopy. The resulting
generations are viewed under the microscope lens and can be further sub-sampled, if
needed. Figures 4 and 5 show examples of sections of control and COX-2 treated rat
kidneys.

Fig. 5. Sub-sampling the kidney sample under the microscope. Arterial generations are defined based
on a rough classification of the diameter. In this example, the labeling is done clockwise. Assume that
B is the final sampling generation. Performing SURS on the B level will select some arteries. The sum
number of next generation arteries branching from the sampled B levels is the count. The next
generation arteries under B4 are marked with *. Thus, if B4 is sampled, then it will contribute a count
of 7 next generation arteries. Image courtesy of Boye L. Jensen, University of Southern Denmark.
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Example (3) – Yield estimation
In the third example, the distribution of total yield as in a small apple orchard is to be
estimated using a three stage systematic uniform random (SUR) nested sampling procedure
– a ‘fractionator’ design (Gundersen, 1986; Wulfsohn et al., 2006) – to select a sample of
fruit for measurement of number, size and height above ground, and by using two levels of
replication at the tree level to estimate the variance of the estimator:
(1) Assign a unique label to each tree (the primary units, PU) in the orchard and then
conceptually divide the population of trees containing fruit into two independent sets,
by randomly assigning each tree to a group.1 Steps 2–5 are then carried out
independently (i.e. with new random starts at each stage) for each group.
(2) Take a SUR sample of trees with probability 1/m1 = 1/7 where m1 is the period. This is
carried out by selecting a random number between 1 and 7 to obtain a random start r1,
and then selecting trees with indices r1, r1 + 7, r1 + 14, …
(3) The trees in the sample are now treated as a sub-population of branches from which a
¼ SUR sample is taken by selecting a random starting branch between 1 and 4, and
then stepping systematically every 4th branch thereafter, e.g. beginning from the
bottom of the stem and stepping upwards, and then over to the next tree in the sample
when fewer than four branches remain on the present tree. Stem internodes containing
apples are defined as branches segments in the sampling scheme.
(4) Similarly, within the selected branches from step 3, a 1/12 SURS sample of branch
segments is taken with random start.
In practice, steps 2–4 are carried out in one pass, selecting apples for measurement as
one steps systematically through the trees, and ignoring any tree structures that do not
contain the population of interest (apples).

1
This can be done in two ways. One is to assign each tree to one of the two groups, i.e. (systematic, or
simple) random sampling of trees without replacement (wor) and multiply Eq. (2) by k=2 (k is the number of
independent sets) to obtain the correct overall estimate. This procedure is used by the Random Groups (RG)
method. Alternatively, simple random sampling with replacement (srs wr) can be used, in which case a tree
may appear more than once in either group. This procedure is used by the Direct CE procedure, and k=2 as
well, since there are 2 replicates. The advantage of using srs wr, is that the requirement for independent
replicates (which is the basis for repeated sampling procedures for estimating variance, including RG and
Direct CE) will be better met. The advantage of splitting the population wor, is that it is less time-consuming
and possibly less expensive, because the overall total sample size will be similar to that of the original
unreplicated sampling design.
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(5) The final sample is the union of all apples contained in the sample of branch segments
(the final stage sampling units). Every apple in the final sample has been selected with
the same, known probability, the so-called ‘sampling fraction’, f = 1/(7·4·12) = 1/336.
The following measurements are recorded for each sampled branch segment: (i) the
number of apples; (ii) the diameter of e.g. one fruit on the segment (say, always the
most distal unit); (iii) an unbiased estimate of the height above ground of the segment
in, say 75 cm ranges, by recording the zone within which the base of the branch
segment falls as measured using a graduated pole with 75 cm wide divisions positioned
alongside the tree. Height zone is recorded as a category (e.g. 0 = < 0.75 m, 1 = 0.751.0 m, etc.).
An unbiased estimate of the total number of fruit in the orchard is given by the average of
the two independent estimates:

Nˆ + Nˆ 2
n +n
= 336 1 2
Nˆ = 1
2
2

(2)

where ni = total number of fruits counted in sample i (i = 1, 2). The coefficient of error of
the estimate (2) is estimated ‘directly’ by the SEM/mean where SEM = SD/√k is the
standard error of the mean and SD is the standard deviation of the two independent
estimates. For k = 2 replicates, this is given by

Nˆ − Nˆ 2
n −n
= 1 2
CE ( Nˆ ) ≈ 1
n1 + n2
Nˆ 1 + Nˆ 2

(3)

The average of the sampled fruit diameters provides an unbiased estimate of the true mean
fruit diameter. Similarly, a histogram of the diameter measurements will be representative
of the diameter distribution of fruit in the orchard. To estimate the yield (number and
diameter) as a function of height above ground, the above relations are applied to data
within each height zone class.

14
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Fig. 6. Estimating canopy leaf area. (A) Selecting a SUR sample of 1 in 3 plants with random start 2
(from left) from 10 plants ordered in a smooth arrangement. (B) A ruler-type fractionator used to
sample leaves. Leaves are sampled if their insertion point on the stem lies between the prongs (which
delineate sampling windows of length u). The sampling windows are positioned systematically with
period U = m·u and random start r. The sampling fraction is f = u/U = 1/m. One window edge (e.g.
the bottom one) is designated as an exclusion line and the other as an inclusion line. Leaf insertion
points are sampled if they lie inside the window or intersect the inclusion line. Insertion points
intersecting the exclusion line are not included in the sample. (C) A transparent grid of points is
superimposed randomly onto the selected leaves. A counting corner is specified (here, the upper right
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corner of the cross). The number of points P hitting the leaf surface is multiplied by the grid constant
a/p to estimate the leaf area. Photographs courtesy of Marco Sciortino, University of Bologna, Italy.

Example (4) – Canopy surface area estimation
In our final example, the leaf area index of a canopy made up of 30 ‘Coral charm’
chrysanthemum plants is to be estimated using a systematic sample of 1 in 10 plants,
followed by a systematic sample of 1 in 9 leaves on the sample of plants, and finally point
counting using a point counting grid with grid constant 4.2 cm2/point to estimate the total
area of sampled leaves. The estimated total area in cm2 is given by

Aˆ = (10)(9)(4.2)∑ P = 378∑ P

(4)

where ΣP is the total number of points counted on the final sample of leaves. The variance
of the estimate of total area can be written as the sum of three terms: (1) the variance due
to taking a sample of plants; (2) the within-plant variance due to taking a sub-sample of
leaves; and (3) the mean within-plant variance due to point counting (Sciortino et al.,
2006):
2

2
CE 2 ( Aˆ ) = CE 2fp + CE fl + CE pc

(5)

If there is visible heterogeneity between the plants, they can be first arranged in a unimodal
symmetric arrangement according to increasing and then decreasing height in an
application of the ‘smooth fractionator’ (Gundersen, 2002) to reduce the error component
due to taking a systematic sample of plants, CEfp. If smoothing is implemented with
chrysanthemum plants, the first component will be small (CEfp < 0.02) and can be neglected
(Sciortino et al., 2006). The sampling procedure is illustrated in Fig. 6.

Software Description
The BranchSampler software was built using C++/MFC and Microsoft eMbedded. The
resulting software package consists of one small robust executable that is easy to install and
uninstall and that produces one interchangeable output file for each sampling session. The
output file is easily transferable between devices and operating systems. Memory
consumption of the executable and the output file is minimal. The version described in this
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paper was written for devices running Windows CE. The software itself can be readily ported
to different handheld models and to smartphones. Transfer to other operating systems (e.g.
PalmOS4 or Symbian6.1) requires only that the user interface (i.e. MFC in win CE) be
changed. More details of the specifications are given in the Appendix.

Type

Description

Examples

Category

Category value
stored.

colour, size class,
cell type,
infestation level

Value

Numerical value
stored. Does
not add to
estimated total.

fruit diameter, leaf
angle, weed
density

Sum

Value adds to
estimator total.

Fractionator

Up to four
nested SUR
stages. Product
adds to total.

Symbol

Real
number

•

Integer
(default)

Grid constant
(default = 1)

X

•

X

X

X

total branch length
under projection

+

X

X

X

Total number of
growth units on a
tree-structured
plant

1
12
123
1234

X

X

X

Table 1. Classes of data and estimators.
The user interaction consists of two main parts (Fig. 7). The first part is setting up the
session sampling scheme, parameters, and estimators. As part of the setup stage the user
provides the output file name. Data values cannot be entered before the settings are saved.
Output files can also be used as templates. Opening an existing file as a template will use
the sampling and estimator settings, generate new random numbers, but discard the data.
Several classes of target parameters can be defined (Table 1). Variance prediction models
can also be setup, to provide on-the-go estimates of the sampling error variance (CE2) and
help in designing efficient sampling schemes from a pilot study. The variance models
implemented in BranchSampler are summarized in Table 2. Two of the procedures (Direct
CE and Random Groups) require repeated sampling from the parent population. The
remaining models use the sampled data to predict components of the error variance (e.g.
due to taking a systematic sample of elements, due to point counting for area or volume
estimation), and can be selected (or changed) and viewed at any time during the sampling
(values are continuously updated as new data is entered), or when the session is complete.
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The second part is the actual sampling and data collection, which consists of entering count
values and indicating unavailable positions (the ‘remainders’ described in example (3)).
Both session settings and collected data are accumulated and logged to the output file.
The output file can be loaded anytime if, say, the sampling session was interrupted and
closed. It is in Comma Separated Value (csv) format, and can be opened directly using
Microsoft Excel or other software that reads this format. A help file is available as an html
document that can be opened from within the application. The approach, similar to this
paper, is to describe the set up and use of the various features, through a number of
examples, ranging from simple to more sophisticated applications. In addition, the help file
includes a description of all user interface components.

Setting up sampling scheme and estimator
The first step is to set up the sampling design and estimator types. The Period tab is used to
set up the stages and corresponding sampling periods for multistage systematic sampling
designs, and to specify repeated sampling level(s). Up to four nested sampling stages can
be specified, and unused sampling stages disabled to simplify the user interface (unused
columns will appear faded on the screen). This is illustrated for example (3) in Fig. 8.1. The
first column has been disabled, and the three sampling stages, in sequential order from left
to right, have been defined in columns 234. Descriptions of the stage (i.e. Tree, Branch,
Segment) are entered into the top row of cells, and the corresponding sampling periods (i.e.
7, 4, 12) selected from the drop-down lists in the Period row. Selecting a period
automatically generates a random start value for the corresponding stage (which does not
appear in this view, but on the Position tab). The RND buttons can be used to generate new
random starting points before the sampling proceeds, but become inactive once sampling
begins (but see advanced options). Numbers of iterations (Tot.Itr.) for repeated sampling, if
applicable, are also selected for each stage in this view. Two iterations at the tree level have
been specified, as shown in the figure.
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Fig. 7. Functionality flow chart. Circled numbers refer to screenshots shown in Fig. 8.

Details of the estimator types, data value types, stereological grid constants and variance
prediction parameters are specified in the Estimator view. The set up for example (3) is
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shown in Fig. 8.2. The three measurements are described in the top row of cells (height,
fruit diameter, number of fruits) with corresponding types (cf. Table 1), and grid constants
(and/or scale factors) using the next three rows of cells. In the example shown, for
illustrative purposes a constant of 0.75 has been input for the scale of the height class rule,
but in practice the user may choose to leave the default of 1 and process height class data
from the output file, e.g. to specify heights as the mid-point values of the ruler.

1

Period tab: Three nested sampling stages have been
defined

(Tree,

systematic

Branch,

sampling

Branch

periods

of

Segment)
7,

4,

and

with
12,

respectively. The unused first of four possible sampling
stages has been disabled for clarity. Random starts are
generated automatically for each sampling stage when
the respective periods are selected. These appear under
the ‘Original Start’ row of values in the Position view, in
this example as 4, 2 and 9, respectively. Two iterations
have been specified at the Tree level for variance
prediction using repeated independent sampling (Direct
CE). The default is 1, i.e. no repetitions.

2

Estimator tab: The three estimated parameters are
specified by labels, estimator types, estimator grid
constants (default = 1) and models for prediction of the
variance component:

Height in m class measured

using a graduated ruler as a category value () with
Grid Constant 0.75; Fruit diameter in cm as a real
value ( ;); Total fruit number as a three stage SUR
estimate (1234, which is equivalent to 234 because
column 1 has been deactivated, which by default sets a
corresponding period of 1) with Direct CE variance
prediction model and Show CE2 activated (the CE2 is
then displayed in the CE boxes).
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Position tab: Shows the sampling location in absolute
and

relative

positions,

the

current

iteration,

and

remainder entry fields. Only three (3) additional branch
segments are found on the current branch, but the
sampling scheme indicates stepping 9 segments along
the branches in the sample. A value of 3 remaining
segments is entered in the corresponding column.
Depressing the Rem button will then update the relative
and absolute sample positions accordingly. The ability to
type

in

several

remainders

simultaneously

is

an

advanced option that can be set from the Menu. Note
that current iteration is 2/2. The two iterations are
completely independent. In the case shown the second
iteration got a lower random start then the first
iteration.

4

Updated relative and absolute positions are displayed
after the remainder is entered. In the example, the
experimenter needs to step 4 branches to branch 6 on
the same tree, and then to segment 6 on the new
branch.
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Data tab: Data and comments are entered here and
estimated values and sample size related information
are displayed.

6

Depressing Add will store the current data along with
all settings and a time stamp to the output file, update
all estimates and clear value fields ready for the next
input. An entire record can be deleted using the X
button on the menu bar.

The now highlighted § and

▐§ buttons on the menu bar can be used to step

backwards to the previous record or to the first record,
respectively.
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Values stored in earlier records can be viewed or

7

changed – the Add button becomes the Chg button. The
output file record will indicate that values have been
changed; however only the latest data are stored.

Fig. 8. User interface screenshots corresponding to numbered nodes in Fig. 7. White boxes indicate
active data entry fields. The example shows set-up for carrying out sampling of trees in an orchard to
estimate the total yield (number and mean size) of fruit as a function of height above ground, and
estimator variance using repeated sampling at the tree level.

i

c-d are used for session setup. e-

show a sampling session underway.

CE Type can be selected from a drop-down list at set-up or at any time during the session.
There are a few restrictions. Random Group and Direct CE estimators only become available
if more than 1 iteration (Tot.Itr.) has been specified. The point counting estimator (PntCnt)
is only available in columns 123. PntCnt is not available under column 4 because the model
requires the total number of final sampling units on which point counting was carried out,
ne, as well as the total count, P (Table 2). The count of final sampling units must always be
specified in the column to the immediate right of the column used for point count data. This
is illustrated for example (4) in Fig. 9. The two sampling stages, ‘Plant’ and ‘LeafNode’, with
respective periods of 10 and 9 have been specified in the Period tab. Two estimated
parameters are specified in the Estimator view (Fig. 9.2): ‘Area cm2’ and number of leaves
‘#Leaves’. Area is estimated by point counting on leaves, and it is the number of leaves in
the sample that is used as the number of sampling units for area estimation, ne, in the
model for point counting. Thus, for the PntCnt model for area (selected under Type in the
‘Area’ column), the ‘#Leaves’ data must be defined in the column immediately to the right
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of ‘Area’, as shown. Two components of variance (cf. Eq. 4) are being computed for this
example. The contribution due to point counting using the PntCnt model, and the
contribution due to taking a sample of leaves using the Poisson model, which will use the
total count (‘Sum’ on the Data tab) under ‘#Leaves’ as number of counts n (Table 2),
because this CE model has been selected beneath the ‘#Leaves’ column. The CE values
shown in Fig. 9.2 (shaded cells), are the estimated CE2 terms (Show CE2 has been selected
for both quantities) at the end of the sampling session (six data records). Notice that the
total CE(A)2 of the area estimate due to these two sampling stages (the final two terms in
Eq. 4), 0.006 + 0.033 = 0.039 (CE = 0.197), is almost entirely due to sampling leaves (the
second term). Point counting is recognized for its remarkable efficiency (Cruz-Orive, 1997)
and for this application compares very favourably with much more sophisticated and
expensive techniques, such as the use of image analysis and commercial area meters
(Sciortino et al., 2006).

Fig. 9. Canopy surface area example. c Periods: Plants are sampled with period 10, and leaves with
period 9. d Estimator: Area is estimated using a SUR sampling scheme with periods indicated in the
Period tab (1234), and a point counting grid with constant 4.2 cm2. The number of leaves is
estimated using the same SUR periods and may be specified as Type 1234 with grid constant 1.
Equally valid, the estimator can be specified as an additive value (+) with grid constant 10 x 9 = 90
(as shown). The estimated CE2 components at the end of the session were 0.006 and 0.033 for
PntCnt (point counting) and Poisson (leaf fractionator sample), respectively, for an estimated total
CE2 = 0.039. e Data: The output file, “CanopyAreaExample.csv”, contains 6 data records. The final
sample contained 29 leaves on which a total of 64 points were counted. The estimated number of
leaves in the canopy is 2610, and the estimated surface area is 24,192 cm2. f Position: The random
starting point (O.Start) was the 2nd leaf insertion point on the 6th plant in the canopy. The final
sample of leaves were selected from 6 leaf nodes on 3 plants – these are the number of sampling
units (S.Units) of each stage included in the final sample.
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Variance model

Procedure

Utilization

Reference

Any
sampling
design

Wolter
(1985)

( βˆi − β ) 2
∑
1
i =1
CE 2 ( βˆ ) ≈
β2
k ( k − 1)

Take k independent
samples from the
population using the
well-defined sampling
design. Sampled
units are replaced
back into the
population each time,
before selecting the
next sample.
Split population PU’s
into k groups
according to stage 1
sampling procedure
(i.e. systematically
for SUR sampling).
Apply sampling
procedure
independently to
each group.

Any
sampling
design

Apply to sample data.
Assumes finite
population, which is
Poisson distributed.

Used in
pilot
studies.
Suitable
for
samples of
some
biological
structures.

Scheaffer
et al.
(1996)

Split sample at first
sub-sampling stage
into two systematic
sets

Multi-stage
SUR
sampling

Cruz-Orive
(1990)

Split sample at first
sub-sampling stage
into two systematic
sets

Multi-stage
SUR
sampling

Cruz-Orive
(2004)

Apply to sample data

‘Noise’ due
to point
counting

Gundersen
& Jensen
(1987)

k

Direct CE

k

Random
Groups

1− f ∑
i =1
CE 2 ( βˆ ) ≈
k ( k − 1)

( βi − β )2
k

∑ βi2
i =1

f = aggregate sampling fraction

Poisson

CE 2 ( Nˆ ) ≈

1− f
n

,

n = number of counts

Fractionator
(CO-90)

np
⎛ Nˆ − Nˆ i 2 ⎞
1
⋅ ∑ ⎜ i1
CE ( Nˆ ) ≈
⎟
3n p i =1 ⎝ Nˆ i1 + Nˆ i 2 ⎠

2

2
j

Gundersen
(2002)
Gardi et al.
(2006)

Scheaffer
et al.
(1996)
Wolter
(1985)

Maletti &
Wulfsohn
(2006)

np = number of primary units (PU’s)
Nil = estimated number from set l of PU i
2

CE j ( Nˆ ) ≈
Fractionator
(CO-04)

1
np

⎡ 1 − f 2 ⎡⎛ Nˆ − Nˆ ⎞2 1 ⎤ 1
1
i2
⎢
⋅ ⎢ ⎜ i1
⎟ − ˆ ⎥+ ˆ
∑
ˆ
ˆ
Ni ⎥ Ni
i =1 ⎢ 3 − 2 f1 ⎢ ⎝ N i1 + N i 2 ⎠
⎣
⎦
⎣
np

f1 = first sub-sampling stage fraction
np

2

Point
counting

(

CE ( Aˆ ) ≈ 0.0724 b

a

)

n p ∑ ne Pi
i =1

P2

Â = estimated area, P = number of
points hitting object, ne = number of
units, np = number of sampled units, b/√a
= dimensionless shape factor
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2
Table 2. Variance prediction models available in Branch Sampler. CE ( Nˆ ) = squared

coefficient of error of estimated total number, or equivalently, the variance component of an
2

estimate of target parameter β due to taking a sample of elements. CE ( i ) = average withinstage squared coefficient of error.

Sampling
The Position and Data records are used to assist in sample collection, data input and
optimization of the sampling strategy. The initial random starting points generated by the
random number generator at set-up appear in the Position tab under the corresponding
stages as ‘O.Start’. Position in the containing space (e.g. which tree, branch, branch
segment, and bud to include next in the sample) is given in two forms: absolute coordinate
(in the sampling space) and relative to the previously sampled position (Fig. 8.3).

The

‘Rem’ (remainder) data cells in the Position tab are available to help users keep track of
position in the containing space under complex multistage SUR designs, when stepping
must occur within several nested levels. Consider our example (3) where we are sampling
every 7th tree, every 4th branch within the selected trees, and every 12th segment within the
selected branches on the selected trees. Suppose we have just started a session, and need
to start by sampling the 9th bud on the 2nd branch on 4th tree (our random starting points)
as shown in Fig. 8.3 (the relative and absolute positions at start are identical). We then find
that there are only 3 branch segments on the specified tree and branch. We select a value
of 3 from the drop-down list in the Rem cell corresponding to branch segments (Fig. 8.3)
and then depress the ‘Rem’ button. This tells the program that we are only able to step 3
units along the corresponding sampling stage. The next step in this multiple sampling
scheme is to step 4 branches to branch 6 on the 4th tree, and then to segment number 6 on
the branch (3 available on present branch plus 6 on the next branch, equals the 9 units
required). Upon depressing the Rem button, the Relative and Absolute positions will be
updated accordingly (Fig. 8.4). That is, the relative positions will become 0, 4 and 6, while
the absolute positions will be displayed as 4, 6 and 6. When a remainder value is entered
for the primary sampling stage (i.e. tree), then the sampling session will terminate.
The remainder function also keeps track of all positions within all iterations under repeated
sampling schemes, and allows the user to step continuously forward through the containing
space, while updating estimates and statistics for all iterations simultaneously. Some of the

26

Handheld Stereology Software System

memory management considerations are discussed in the Appendix. The record of
remainders is also used by the program to compute all sample size components (i.e. the
number of sampling units – trees, branches, segments).
Data values and comments are entered in the Data tab (Fig. 8.5-8.6). Changes can be
made to previous records (e.g. to correct errors, modify or add a comment, or add new data
to empty cells), by moving to the desired record, changing it and entering data (Fig. 8.7).
Cumulative values of all estimates and sums of values are also displayed in the Data tab.
Moving back to a previous record will display all values associated with that particular
record.

Output file
All data and positioning information are kept in the output file. Going back and forth for
viewing or changing data is actually going back and forth in the output file; nothing is
stored in the device RAM and therefore a power failure will not result in any information
loss. Post-processing and further analysis of data can be made using information stored in
this file.

Fig. 10. Output file from canopy surface area example (4). The first row contains all values at set-up
when the output file was first saved and is used by the program when an existing output file is used as
a template. Highlighted values include the time stamp, data values, updated estimates and sample
sizes, grid constants, periods and random starting positions, as well as CE2 values for each record.
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Parts of the output file generated for example (4) is shown in Fig. 10. Further analysis of
the data allows one to estimate the between-plant variability (i.e. the biological variability).
The estimated areas of each of the three plants can be extracted from the data and are
4158, 1134 and 18900 cm2. Thus, the mean area is 8064 cm2 = 0.81 m2 and the CV( Â ) =

ˆ) =
SD/mean = 1.18. We estimate the biological variability as CV ( A) = CV ( Aˆ ) − CE ( A
2

2

2

(1.18)2 – 0.039 = 1.353 (CV(A) ~ 1.16, decimal), which is 83% of the observed variation.
(The total CE2 was computed by BranchSampler, see Fig. 9.) From this we determine, that
the sampling scheme is sufficiently precise; we could have used a somewhat coarser point
counting grid.
Note that for this example, additional parameters can be estimated from the data in the
output file, such as the total number of leaves in the canopy (which was estimated because
the number of leaves in the final sample were recorded as part of the CE estimation), but
also the leaf area index (LAI, i.e. the ratio of total surface area to the known total ‘ground’
area of the plants), the mean leaf area, the mean internode length (i.e. from the number of
sampling units at each stage – plants, leaf nodes – and the distance between sampling
windows), etc.

Advanced options
A number of options are available, which are stored as machine preferences and can be
accessed from the menu. These include display preferences such as using colour coded
pages, showing the log tab, and advanced sampling options for experienced users, such as
being able to enter multiple remainders, to allow changing periods during sampling (for
stratified or non-uniform sampling designs), to provide a value for the shape factor (b/√a)
used by the variance model for point counting, to activate the random button (RND) for use
during a sampling session, and to generate random numbers for sampling without
replacement. Enabling the RND button through the sampling session provides one way to
implement simple random sampling for a given stage (either with or without replacement
depending on the settings chosen under advanced options).

Discussion
BranchSampler is intended for use by researchers needing convenient and accurate
measurements of nested branching structures in biomedical science, botany and agriculture.
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The system is valuable in preparation and during microscopy as well as basic experimental
studies of crop development and precision farming.
BranchSampler is designed to be useful for a wide range of multistage, complex sampling
schemes. The requirements for a consistent user interface and data management meant
that we chose to make some compromises (with the assumption that the user may need to
do additional analyses of the data), but provided access to all records. The more the
advanced options such as remainders and replication are used, then the more information is
available for in-depth analyses and interpretation of results. The relative contributions of
variance components are highly dependent on the heterogeneity between and within
sampling stages, and therefore, such information can prove invaluable in designing
sampling schemes that are efficient (low cost for a desired level of precision) for complex
spatial populations with high biological and spatial variability. The prediction of variance
components of systematic sampling designs is a very difficult topic that is the subject of
active research by statisticians and stereologists (Cruz-Orive, 2004; Baddeley & Jensen,
2005). Every sampling design may involve different ways to set up a variance prediction
model, as was illustrated using our two last examples. It is important to derive a consistent
set of rules that the sampler follows, including decisions on labeling and orientation, and
how decisions are to be made on-the-go when unusual events are encountered.
The flexibility provided by the software means that the user must have a good
understanding of sampling techniques to take full advantage of the advanced options. The
system can also be used by novice users, especially if predefined settings templates are
used. Consider the four examples illustrated in this paper. Suppose the goal is to obtain
estimates of the parameters, and the application is such that the user would be satisfied
with a crude estimate of the precision of the estimate. For this situation, the user should set
up only the values of the Periods and the value types and grid constants. A Poisson model is
commonly used as a model for the CE in pilot studies, and on this basis one would typically
aim for a design that produces total sample numbers and counts of about 100-150, for a CE
of approximately 8-10%. Experience with many biological systems shows that usually if
100-200 points are counted in total, the point counting error can be ignored (similar to
example 4). The user would start at the random start position generated by the program
(Position page) and then log data in the Data page. The user could simply aim to sample at
rates that yield a total of 100-200 counts or samples (at the appropriate ‘rate’ per step) on
the basis of the Sums displayed on the Data tab. The only data required to estimate the
target quantity and the CE using the Poisson and point counting models, are the period and
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estimator settings, and the data values. (If repetitions are run sequentially by starting a
new sampling session with new random starts each repetition, then the Direct and Random
Groups procedures also do not require any additional data.)
If the structure being sampled and the sampling design are both simple, so that it is unlikely
the experimenter will lose the sampling position, then the user may choose to not record
the remainder. This will speed up sampling, will not affect estimate values, and will still
allow CE estimations to be made using some variance models. However, there will be no
meaningful records kept of sampling positions or of sample sizes at various stages, and
some variance prediction models will not be available. Thus, under the ‘minimal’ scenario, it
is only necessary to set up the stage and estimator names, sampling periods and estimator
types (or open a template), obtain the random starting positions, and then input and view
data and estimates in the Data page. Basic statistics such as total variance and biological
variance would be calculated after sampling has been completed, using the data stored in
the output file.

Conclusions
We have developed software that runs on small convenient handheld devices and designed
to be used to assist with sampling, data input and optimization of multistage stereological
designs without a desktop computer. The development of the software was driven by
applications in bioscience and precision agriculture, but the software has sufficient flexibility
to be set up and used in a wide range of sampling schemes for other applications as well.
The system provides detailed logging and on-the-go estimates of CE components. A
consistent user interface and memory management is maintained – independent of the
application or sampling design – while meeting the goals of small RAM signature
requirements and easy portability of software and output data to other handheld devices
and desktop computers.
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Note
BranchSampler will be made available for free download (internet address TBA).

Appendix A – Implementation Issues
The software is intended to be used on handheld device with a limited amount of RAM
memory. It is built using Microsoft Visual eMbedded and MFC for WinCE. The software is
carefully split into three encapsulated components:
o

Graphical User Interface (using MFC) – Displaying data and results of calculations,
accepting user input. This component may need be changed when porting to an
operating system that is not compatible with MFC.

o

Logic – Calculating estimates, CEs, next iteration, absolute location, etc. Values are
accumulated while keeping the number, as well as first and second dimensions of the
values, i.e., number of X,

∑ X , and ∑ X

2

, split by odd and even at the stage below

the first stage units (i.e. the first sub-sampling stage) to accommodate the needs of
different CE formulas. The random number generator uses the standard C rnd()
function, randomized with number of milliseconds passed since 1970 on the device’s
internal clock.
o

Data – keeping the values. The data component uses a minimum amount of RAM by
saving directly to and reading from the output file. This prevents data loss with power
failure and allows the user to exit and continue from the last record seamlessly. The file
I/O of this component will need to be changed when using an operating system that
does not support traditional C standard input/output file access.

A major consideration was how to handle a dynamic number of iterations on each stage (a
user dependent value). The problem can be explained with the following example of
sampling buds using four nested sampling stages: tree, branch, branch segment, bud (Fig.
11): When choosing 1 iteration on all stages, the software has to keep track of the absolute
position of one bud, which is on (one) segment, which is on (one) branch, which is on (one)
tree. When the user changes the repetitions to 5 iterations at the tree stage, 6 on the
segment stage and 2 on the bud stage, the total number of iterations the software has to
keep track of is 5·1·6·2 = 60. In other words, the software has to keep track of 60 buds’
positions and counted values, each on (a same or different) segment, which is on a (same
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or different) branch, which is on (a same or different) tree. The user walks through the field
and steps through tree structures once only, but all (60) positions have to be maintained
and logged. The remainders and values should advance the absolute position and update
only the current iteration’s estimate. It is as if one has to carry out separate SURS on the
same field 60 times, but does it in one pass, always stepping only forward. Values and
estimates are logged separately for each of the 60 tasks, as we go along. Repeated
sampling type CE models (e.g. Direct CE and Random Groups CE) are calculated based on
the independent estimates and values of those 60 tasks.

Fig.

11.

Memory

allocation

example.

The

user

requested 5 iterations on trees, 1 on branches, 6 on
segments and 2 on buds. 5*1*6*2 = 60 memory
slots are allocated for value information (e.g. number
of flowers on the sampled buds over all iterations).

A

Each line in the rightmost column (———) represents
an

iteration

instance

and

has

countable

values

assigned to it. 5+(1*5)+(6*1*5)+(2*6*1*5) = 100
memory slots are allocated for location information
for each and every box or line in the figure. All
iterations below a location share this location value.

B

C

For example, the branch marked A has a branch
location that is shared with all 12 iterations below it.
The

segment

iteration

marked

B

has

location

information shared by the 2 bud iterations below it.
The location and value information are similar to a 4
digit number, each digit with a different base (lowest
significant digit on the right – i.e. bud stage). In our
case we have a number with base 5, 1, 6, 2. The
location of C is 2,0,3,1 (indices start from 0 and from
5 Iterations
on trees

6 iterations
on segments
1 iteration
on branches

2 iterations
on buds

top of containing stage). The liner memory location of
bud C is: 1+(3*2)+(0*6*2)+(2*1*6*2) = 31.
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