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Quantitative Microscopy 
hile light microscopy is almost 400 W years old [1, 21, developments of the 

past decade have offered a variety of new 
mechanisms for examination of biological 
and material samples. These develop- 
ments include exploitation of techniques 
such as confocal microscopy, scanning 
near field microscopy, standing wave mi- 
croscopy, fluorescence lifetime micros- 
copy, and two-photon microscopy. (See, 
for example, recent issues of Bioimaging 
and Journal of Microscopy.) In biology, 
advances in molecular biology and bio- 
chemistry have made it possible to selec- 
tively tag (and thus make visible) specific 
parts of cells, such as actin molecules, or 
sequences of DNA of 1000 base pairs or 
longer. In sensor technology, modern 
charge-coupled devices (CCD) cameras 
are capable of achieving high spatial reso- 
lution and high sensitivity measurements 
of signals in the optical microscope. In 
computer processing, we have learned 
how to process digitized images so as to 
extract meaningful measurements of 
“analog” quantities given digital data. 

The applications that motivate and ex- 
ploit these developments can be divided 
into those in which the goal is the produc- 
tion of images that are to be used as images 
by human observers and those where the 
images are to be analyzed to produce data 
for human interpretation. In the former, 
where we can speak of “specimen in” 
+“image out,” the issue is imageprocess- 
ing; in the latter, where we can speak of 
“specimen in” + “data out,” the issue is 
image analysis. As we hope to demon- 
strate in this paper, the two different ap- 
plications, processing and analysis, can 
lead to different sets of conclusions in the 
choice of algorithms and technical con- 
straints such as sampling frequency. 

In the case of image analysis, we can 
also make a clear distinction between 
problems of detection and problems of 
estimation. An example of a detection 
problem might be finding the spots pro- 
duced in a cell nucleus by molecular 
probes that are spgific for the DNA on 
either chromosome number 1 or chromo- 
some number 7. Using fluorescent dyes to 
color chromosome 1 green and chromo- 
some 7 orange-red, and to color the entire 
DNA content blue (see Fig. la), the cen- 
tral problem becomes the detection of the 
colored dots followed by simple counting. 

As a second example, we consider the 
measurement of the amount of DNA in 
each cell, in order to build a profile of the 
DNA distribution in a population of cells. 
In Fig. l b  we see cell nuclei that have been 
stained with a quantitative (stoichiomet- 
ric) staining reagent (Feulgen) and where 
the amount of stain per pixel is propor- 
tional to the DNA content per pixel. 

Waves and Photons 
Modern physics has taught us that 

there are two inter-related ways of de- 
scribing light -as waves and as a collection 
of massless particles, photons. Both of 
these descriptions are necessary in order 
to understand the properties and limita- 
tions of quantitative microscopy. 

Waves-The wave description leads 
naturally to a consideration of the wave- 
length of light being used, h, and the dif- 
fraction limits of modern microscope 
lenses. A modern well-designed, aberra- 
tion “free” microscope lens may be char- 
acterized as an linear shift-invariant 
system with apoint spread function (PSF), 
followed by a pure magnification system 
as shown in Fig. 2 [3]. 

The form of the PSF is circularly sym- 
metric and given by: 

1. (a) Human lymphocytes stained with 
fluorescent dyes DAPI (blue), Spectrum 
Green, and Spectrum Orange, to reveal 
total DNA content, the centromeric 
DNA of chromosome 1, and the cen- 
tromeric DNA of chromosome 7, respec- 
tively. Spectrum Green and Spectrum 
Orange are registered trademarks of 
Vysis Corp., Downers Grove, IL. (b) Hu- 
man tissue sampled with the absorptive 
dye Feulgen, which is quantitative for 
DNA content. The optical density pixel 
is proportional to the DNA content per 
pixel. 
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2. An ideal microscope lens has a point 
spread function that is circularly sym- 
metric h(r). This is followd by a magnifi- 
cation factor, M. Typical values of M 
are 25,40 and 63 times. Note that the to- 
tal lens system is not shift invariant be- 
cause moving the input image (in space) 
by a distance Ax will cause the output 
image to move by MAX instead of Ax. 

where J 1 ( * )  is a Bessel function of the first 
kind. We see that for this ideal case only 
two parameters are of consequence - the 
wavelength of light, h, and the numerical 
aperture of the lens, NA. The NA of the 
lens measures its ability to collect light, 
and is given by n-sin(9), with n the index 
of refraction of the medium between the 
lens and the specimen, and 0 the angle of 
acceptance of the microscope lens. Typi- 
cal values of n are 1.0 (air), 1.3 (water), 
and 1.5 (immersion oil). A maximum 
value for 0 is about 69”, which leads to 
values of NA that are less than 1.0 in air 
and less than 1.4 in oil. 

The optical transfer function (OTF) of 
an ideal circularly-symmetric microscope 
lens can be calculated. Because of the 
circular symmetry, H ( o x , q )  = F{  h(x,y)} 
= F{h(r ) }  = H ( a ) ,  where F { * }  is the 
Fourier transform operation. The OTF is 
given by: 

WO,) = I;:.[ c o s - l [ ~ j - [ $ j J ~ ] w r  < 2a 

0 w, >2a 

(2)  

The PSF, h(r), and the OTF, H((r), are 
shown in Fig. 3. It is the PSF that gives 
rise to the well-known Airy disk [4]. 

An important feature of the OTF is that 
it is bandlimited. That is, there exists a 
frequency, oc, such that IH(o,)l= 0 for /col 
> oc. This cutoff frequency is given by: 
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3. (a) Point spread function (PSF) and h(r) of an ideal microscope lens. Optical 
Transfer Function (OTP), H(o,) of the ideal microscope lens. Both are evaluated for 
a=l in Eqs. 1 and 2. 

4. (a) Small metaphase chromosome stained with the absorptive dye Giemsa in or- 
der to reveal the band structure. @) A 4 times enlargement reveals the small numer 
of pixels involved in the digital image representation. 

For green light with a wavelength of 
500 nm, and using an oil-immersion lens 
with NA = 1.4, this corresponds to a cutoff 
frequency of 5.6 cycles per pm (microns). 
The Nyquist sampling theorem would 
then imply that an image to be analyzed 
after sampling would require a minimum 
sampling frequency of 2 0 ~ .  In this exam- 
ple this implies 11.2 samples per micron 
or a maximum distance of 0.089 microns 
between samples. While this very fine 
sampling might appear to be “overkill”, 
we should remember that biological sam- 
ples do contain arbitrarily small physical 
details, and thus the Fourier spectrum is 
not limited by the input physical signal 
(the specimen) but rather by the diffrac- 
tion limits of the microscope objective (a 
low-pass filter). As a practical conse- 
quence, the examination of a small human 
metaphase chromosome, which is only 
about 1 by 2 microns leads to a digital 

image of only 15 by 30 pixels, as shown 
in Fig. 4. 

Another direct consequence of the ban- 
dlimited nature of the microscope optics 
can be found in procedures for autofocus- 
ing as well as for understanding the issue 
of depth-of-focus. When an image speci- 
men with Fourier spectrum I(%,%) is 
passed through a microscope with an OTF 
given by H(o,,o,), an output image 
O(%,q)  = Z(ox,oy) H(ox,o,) is pro- 
duced. The act of focusing or defocusing 
the microscope does not change the spec- 
trum of the specimen, but rather the OTF. 
In other words, the OTF is a function of 
the z-axis position of the microscope. We 
can make this explicit by writing H(oX, 
q, Az). A typical example of this depend- 
ency is shown in Fig. 5. 

It is clear that independent of the focus, 
H(w=O, &) = 1.0; all the light that enters 
the microscope through the objective leqs 
is assumed to leave the microscope 
through the ocular or camera lens. At the 
bandlimit of the lens, the amplitude of 
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5. As we move away from optimum fo- 
cus, as Az increases, the H(wJ21-r) sags. 
These measured data describe a 60 
times lens with an NA of 1.4 (oil immer- 
sion), and a wavelength of 400 nm 
(blue). The cutoff frequency, fc (from 
Eq. 3) should be 7.0 cycles per pm 

H(o=o,, Az) = 0.0, again independent of 
focus. Thus, autofocus algorithms can 
only expect to work well when they exam- 
ine midband frequencies (w, I 2a = 0.75, 
as seen in Fig. 3b) and when the input 
signal spectrum, Z(wX,q),), contains a suf- 
ficient amount of energy in that spectral 
band. A complete analysis of this can be 
found in [5].  

Further, the depth-of-focus - that dis- 
tance Az over which the image specimen 
can be expected to be observed without 
significant optical aberration -can be de- 
rived from considerations of wave optics 
and shown to be [6,7]: 

Again using the typical values of h = 
500 nm, NA = 1.4, and n = 1.5, we arrive 
at a depth-of-focus of Az = 0.13 p, a very 
thin region of critical focus. 

Photons-A second and equally im- 
portant aspect of the physical signal that 
we observe is the quantum nature of light. 
Assuming for the moment an ideal situ- 
ation, a single photon that arrives at a 
single CCD camera pixel may have been 
transmitted through a specimen (as in ab- 
sorptive microscopy) or may have been 
emitted by a fluorescent dye molecule. In 
either case, that single photon for h = 500 
nm will carry an energy of E = hv = hclh 
= 3.97 . J. While this is a seemingly 
infinitesimal amount of energy, modern 
CCD cameras are sensitive enough to be 
able to count individual photons. The real 
problem arises, however, from the funda- 
mentally statistical nature of photon pro- 
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duction. We cannot assume that in a given 
pixel in two consecutive but independent 
observation intervals of length T, that the 
same number of photons will be counted. 
Photon production is governed by the laws 
of quantum physics, which restricts us to 
talking about an average number of pho- 
tons within a given observation window. 
The probability distribution of photons in 
an observation window of length T sec- 
onds is known to be Poisson [8]. That is, 
the probability of p photons in an interval 
of length Tis given by: 

where y is the rate or intensity parameter 
measured in photons per second. It is criti- 
cal to understand that, even if there were 
no other noise sources in the imaging 
chain, the statistical fluctuations associ- 
ated with photon counting over a finite 
time interval, T, would still lead to a finite 
signal-to-noise ratio (SNR). If we express 
this SNR as 20 logio(cl/o), then, due to the 
fact that the average value of a Poisson 
process is given by p = y, and the standard 
deviation is given by o = f i  we have that 
SNR = 10 loglo($. 
In this context, it is important to under- 
stand that the three traditional assump- 
tions about the relationship between 
signal and noise do not hold: 

w noise is not independent of the signal; 
noise is not Gaussian, and; 
noise is not additive. 

Techniques that have been developed 
to deal with noisy images, under the tradi- 
tional assumptions-techniques for en- 
hancement, restoration, segmentation, 

and measurement-must be reexamined 
before they can be used with these types 
of images. 

Camera Evaluation 
Thinking in terms of photons has a 

direct effect on the evaluation of alterna- 
tive camera systems for quantitative mi- 
croscopy. When a photon strikes the 
photosensitive surface of a CCD, it may 
or may not cause a photoelectron to be 
collected in the potential well. The prob- 
ability of this happening is associated with 
the quantum efficiency of the material 
(usually silicon) and the energy (wave- 
length) of the photon. Typical values for 
the quantum efficiency for silicon are 
around 50%, increasing towards the infra- 
red and decreasing towards the blue end 
of the spectrum. But each photoelectron 
that is produced comes from one photon, 
so that photoelectrons (as well as photons) 
have a Poisson distribution. If a CCD well 
has a finite capacity for photoelectrons, C, 
then the maximum possible signal will be 
C and the standard deviation will be& . 
This means that the maximum SNR per 
pixel will be limited to SNR,, = 10 
loglo(C). Thus, even if all other sources of 
noise are negligible compared to the fun- 
damental fluctuations in the photon 
counts, the SNR will be limited by the 
CCD well capacity. If we choose to per- 
form on-chip integration after the well is 
full, then we will only achieve blooming 
- the leaking of the overfull well into other 
nearby wells. For three well-known CCD 
chips, these limits are given in Table 1. 

Each of these chips, when integrated 
into a well-designed camera, is capable of 
achieving these theoretical maximum 
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6. (a) Top: gray level step wedge with 8 levels. Bottom: the same step wedge as if 
each pixel were contaminated with Poisson noise and the rate parameter, y, were 
the original pixel value (with T=l in Eq. 5). (b) Heavy curve shows a horizontal line 
through the uncontaminated step wedge; thin line shows the result of the Poisson 
noise contamination. 
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Pixel Size 
Pm x P 

6.8 x 6.8 

Chip 

Kodak KAF 1400 

I 

Capacity SNRrnax 
photoelectrons dB 

32,000 45 

Sony PA-93 

Thompson TH 7882 

5 0 1  

11.ox11.0 80,000 49 

23.0 x 23.0 400,000 56 
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7. SNR as a function of the recorded brighness image for a cooled Photometrics 
KAF 1400 camera. The data were collected in both the 1 and 4 times gain modes. 
The data follo a log function (shown in thick gray line) to the maximum well capac- 
ity of the CCD photoelement. 

SNR values 191. The invariant among possible to determine the sensitivity c 
these three chips is the photoelectron ca: 
pacity per square micron. If we think of 
the well as having a volume given by the 
cross-sectional area times the depth, then 
the capacity per unit cross-sectional area 
for all three chips is about 700 photoelec- 
trons/pm2. 

The verification that the SNR is pho- 
ton-limited can be achieved by looking at 
the form of SNR(C) versus C. When the 
form is log(c), and the asymptotic value 
is that given in Table 1, then we can be 
confident that we are dealing with a well- 
designed camera that is, in fact, limited 
only by photon noise. An example of this 
type o€ result for a Photometrics CC200 
camera (Photometrics Corp., Tucson, 
AZ), based on the Kodak KAF 1400 chip, 
is given in Fig. 7. 

Using the Poisson model, it is also 
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each camera. There is clearly a scale factor 
(G) between photoelectrons (e-) and 
ADU. (An ADU is the step size of the A/D 
converter. That is, the difference between 
gray levels k and k + l )  Thus, the output y 
(in ADU) and the input x (in photoelec- 
trons) are related by y = G.x. It holds for 
any random variable that E{y} = E{ G.x} 
= G.E{x} and V{y} = V{G.x} = G*.V{x}, 
where E{ .}  and V{ .}  are the expectation 
and variance operators, respectively. Us- 
ing the additional constraint that x has a 
Poisson distribution gives E{y} = G.E{x} 
= G.y and V{y} = G2.V{x}= G2y. This 
means that an estimate of the scale factor 
is given by V{y} I E{y} = G, independent 
of y. The sensitivity, S, is simply 11G. The 
sensitivity for the three chips mentioned 
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above, in specific camera configurations, 
is given in Table 2. 

The extraordinary sensitivity of mod- 
em CCD cameras is clear from these data. 
In the l x  gain mode of the Photometrics 
KAF 1400 camera, only 8 photoelectrons 
(approximately 16 photons) separate two 
gray levels in the digital representation of 
the image. For the considerably less ex- 
pensive Sony camera, only about 500 pho- 
tons separate two gray levels. 

There are, of course, other possible 
sources of noise. Specifically: 

U Readout noise-which can be re- 
duced to manageable levels by slow 
readout rates and proper electronics. 
At very low signal levels, however, 
readout noise can become a signifi- 
cant component in the overall SNR. 
Amplifier noise-which is negli- 
gible with well-designed electronics. 
Quantization noise - which is inher- 
ent in the digitization process and 
yields an additive noise with SNR = 
6b + 11 dB, where b is rhe number of 
bits. Forb 2 8 bits, this means a SNR 
2 59 dB. Quantization noise can, 
therefore, be ignored when compared 
to the SNRs listed in Table 1, as the 
total SNR of a complete system is 
dominated by the smallest SNR. 

B Dark current-An additional stochas- 
tic source of photoelectrons is thermal 
energy. Electrons can be freed from 
the material itself through thermal vi- 
bration and then, trapped in the CCD 
well, be indistinguishable from “true” 
photoelectrons. By cooling the CCD 
chip to around -4O”C, it is possible to 
reduce significantly the number of 
“thermal electrons” that give rise to 
dark current. Clearly, as the integra- 
tion time, T, increases, the number of 
thermal electrons increases. The 
probability distribution of thermal 
electrons is also a Poisson process, 
where the rate parameter is an increas- 
ing function of temperature. It is 
straightforward to measure this dark 
current and typical results for the three 
cameras are presented in Table 2 [9]. 
There are alternative techniques (to 
cooling) for suppressing dark current. 
These usually involve estimating the 
average dark current for the given in- 
tegration time and then subtracting 
this value from the CCD pixel vatues 
before the AID converter. While this 
technique does reduce the dark cur- 
rent, it also reduces the dynamic range 
of the camera. 

All of this is of more than of academic 
interest when we consider the strength of 
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Table 2: Characteristics f e r  Pixel of Some Well-Known Cameras* 

~ Temperature C I Sensitivity ~ Da2t;rrnt 1 CamerdChip I e-/ADU 
I I I 

. ~~ I I 

I ,002 1 -42 1 PhotometricsKAF 
I1400 
I I I 

i ,043 1 +22 1 I 256.4 
Sony XC- 
77RRCE/PA-93 

I I 
I I I I 1 ,420 I -37 PhotometricsiTH 

I7882 
I I I 

*Both of the Photometrics cameras are cooled using Peltier elements. Both were evalu- 
ated in the 1 x gain setting. The Sony camera is being used in integration mode, with inte- 
gration time on the order of 3 to 4 seconds. (See [9].) 

I 1 1  

I 

(4 (b) 

8. (a) Interphase nucleus stained for both general DNA (gray) and centromeric DNA 
(white dots). Exposure time was 4 s, with a Photmetrics KAF 1400 camera. (b) 
Number of photons per pixel along the yellow line in (a). 

signals that are encountered in fluores- 
cence microscopy. An example is shown 
in Fig. 8 [lo]. 

Sampling Density 
There are other sources of noise in a 

digital image besides noise contamination 
of the pixel brightness. The act of sam- 
pling-cutting up the image into rows and 
columns in 2D and rows, columns, and 
planes in 3D - is also an important source 
of noise, which is of particular signifi- 
cance when the goal is image analysis. 
The potential effect of this kind of noise 
can be illustrated with the relatively sim- 
ple problem of measuring the area of a two 
dimensional object such as cell nucleus. It 
has been known for many years [ 111 that 
the best measure of the area of an “analog” 
object, given its digital representation, is 
simply to count the pixels associated with 
the object. The use of the term “best esti- 
mate” means that the estimate is unbiased 
(accurate) and that the variance goes to 
zero (precise) as the sampling density in- 
creases. We assume here that the pixels 
belonging to the object have been labeled, 

thus producing a binary representation of 
the object. The issue of using the actual 
gray values of the object pixels to estimate 
the object area will not be covered here but 
can be found in [12, 131. 

To illustrate the issue let us look at a 
simple example. When a randomly placed 
(circular) cell is digitized, one possible 
realization is shown in Figure 9. The equa- 
tion for generating the “cely’ is (x-eXl2+(x- 
ey)’ 5 R2 where R is the radius of the cell. 
The terms ex and e, are independent ran- 
dom variables with a uniform distribution 
over the interval (-112, +1/2). They repre- 
sent the random placement of the cell with 
respect to the periodic (unit) sampling 
grid. 

In the realization shown in Fig. 9, the 
area would be estimated at 84 pixels. 
However, a slight shift of the circle with 
respect to the grid could change that, for 
example, to 81 or 83 or 86. The sampling 
density of this figure can be expressed as 
about 10 pixels per diameter. To appreci- 
ate what effect the finite sampling density 
has on the area estimate, let us look at the 
coefficient-of-variation of the estimate, 

the CV = GIP, where CJ is the standard 
deviation of the estimate of the area and p 
is the average estimate over an ensemble 
of realizations. 

If we denote the diameter of the ce!l by 
D, and the size of a pixel as s x s, then the 
sampling density is Q = D/s. The area of 
the circle, A I ,  that is always green (in Fig. 
9), independent of (ex, ey),  is given by: 

A, = - ( D - ~ s ) *  n 
4 

The number of pixels associated with 
this is: 

The area of the region, Ab, that is blue 
(in Figure 9) is given by: 

n 2 n  

Ab =-(D+2s)  4 - - - ( D - ~ S ) *  4 (8) 
and the number of pixels, Nb, associated 
with this region is: 

n 2 n  

(9) 
N b = - ( Q + 2 )  - - ( Q - ~ s ) ’  =2nQ 

4 4 

The area of the circle is estimated by 
counting pixels, and the contribution from 
the green region is clearly N I .  The total 
number will be NT = N I  + n, where n is a 
random variable. Let us make a simplify- 
ing assumption: Let us assume that each 
of the pixels in the blue region can be part 
of the object-with probabilityp, and part 
of the background-with probability (1 - 

N = 84 = area 

9. Given small variations in the center 
position of the circle, pixels that are col- 
ored green will always remain part of 
the object, and pixels that are colored 
white will always remain part of the 
background. Pixels that are shown in 
blue may change from object to back- 
ground, or vice versa, depeqding on the 
specific realization of the circle center 
with respect to the digitizing grid. 
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p )  and that the decision for each pixel is 
independent of the other neighboring pix- 
els in the blue region. This, of course, 
describes a binomial distribution for the 
pixels in that region. In fact, this assump- 
tion is not true and the behavior of neigh- 
boring pixels is somewhat correlated. But 
let us see how far we can go with this 
model. Under this assumption: 

,U= E{N,}  = E { N ,  +n}  = N ,  + E ( n )  
7t 

= N,+Nhp=-(Q-2)’+27tQp 
4 (10) 

and 

O ( N ~ )  = Jm = o(n) 

=Jrn=&Gim (11) 

We have made use of the assumption 
that NI is deterministic-the pixels are al- 
ways green-and that the mean and vari- 
ance of the binomial distribution for Nb 
samples with probabilityp are given by Nb 
p and Nb p (  1 - p ) ,  respectively. 

This immediately leads to an expres- 
sion for the CV of our estimate as: 

We can now study the convergence of 
the CV as the sampling density increases. 
As Q increases in this two-dimensional 
image, we have: 

This type of argument can easily be 
extended to the three-dimensional case, 
where the results are: 

(14) and 

Q 2 lim CV(Q) = k3 1 = k3Q- 
Q-1- Q (15) 

Finally, for the N-dimensional case, we 
have: 

The conclusion is clear. As the sam- 
pling density Q increases, the precision of 
our estimates improve as a power of Q. 
While the independent binomial behavior 
cannot be strictly true, the arguments pre- 

sented do show the type of convergence 
that can be expected and how that varies 
with Q. These results have also been 
shown experimentally in a number o f  pub- 
lications [ 11-17]. An example is shown in 
Fig. 10. The measurement is the volume 
of spheres that have been randomly placed 
on a sampling grid. The quality of the 
estimator (voxel counting) is assessed by 
examining the CV. 

It is clear from Fig. 10 that as the 
sampling density increases by one order 
o f  magnitude from Q = 2 to Q = 20 sam- 
ples per diameter that the CVdecreases by 
two orders of magnitude. This illustrates 
the relation between CV and Q shown in 
equation 15. 

Choosing Sampling Density-We are 
now presented with an interesting conun- 
drum. Let us say we wish to measure the 
area of red blood cells. Their individual 
diameters are on the order of 8.5 pm [ 181. 
If we use a lens with NA = 0.75, and blue 
illumination with h = 420 nm (near the 
absorption peak of hemoglobin), then ac- 
cording to Eq. 3 and the Nyquist theorem, 
a sampling frequency of fs > 2 . fc = 7.2 
sampies per pm should be sufficient. This 
frequency will give around 60 samples per 
diameter, which according to published 
results [14] should lead to more than 
enough precision for biological work, that 
is, a CVbelow the 1% level. If, however, 
a small chromosome, as in Fig. 4, is sam- 
pled with the same lens, then the approxi- 
mate sampling density per chromosome 
“diameter” will be about 10 pixels, and the 
CV above the 1 % level. 

The question then becomes, should we 
choose the sampling density on the basis 
of the Nyquist sampling theorem or on the 
basis of the required measurement preci- 
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10. For each sampling density value, Q, 
expressed in voxels per diameter, 16 
spheres were generated with randomly 
placed centers. The volume was meas- 
ured by counting voxels and the 
CV(Q)=o(Q)/p(Q) calculated accord- 
ingly. 

sion? The answer lies in the goal of the 
work. If we are interested in autofocusing 
or depth-of-focus or image restoration, 
then the Nyquist theorem should be used. 
If, however, we are interested in measure- 
ments derived from microscope images, 
then the sampling frequencies derived 
from measurement specifications (as ex- 
emplified in Fig. 10 and equations 13, 15, 
and 16) should be used. 

Calibration 
Finally, we come to the issue of using 

independent test objects and images to 
calibrate systems for quantitative micros- 
copy. In this section, we will describe 
procedures for calculating the actual sam- 
pling density as well as the effective CV 
for specific measurements in a quantita- 
tive microscope system. 

Sampling Density-A commercially 

Pixel Position I 

11. (a) Fluorescence test pattern that can be used to measure the sampling density. 
The yellow line goes through a series of bars that are known to have a 2pm center 
spacing (5001p/mm). (b) The intensity profile along the yellow line indicated on the 
left. 
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12. Fluorescently-labeled latex micro- 
sphere, observed in absorption mode 
with a Nikon Optiphot microscope and 
Nikon PlanApo 60x, NA=1.40 lens, and 
digitized with a Coho 4810 CCD camera 
(Cohu Corp., San Diego, CA), and a 
Data Translation Quickcapture frame 
grabber (Data Translation Inc., 
Marlboro, MA). The beads were ob- 
tained from FCSC (Flow Cyclometry 
Standards Corp., Research Triangle 
Park, NC). 

prepared slide with a test pattern (a stage 
micrometer or a resolution test chart) is, in 
general, necessary to determine the sam- 
pling densities Ax, and Ay, in a microscope 
system and to test whether the system has 
square pixels, that is if Ax =Ay. An exam- 
ple of a digitized image of a test pattern is 
shown in Figure l la .  A horizontal line 
through a part of the image is shown in 
Fig. 1 lb. The image comes from a resolu- 
tion test chart produced by Optoline (Op- 
toline Associates, Andover, MA) and 
taken in fluorescence with a 63 x lens and 
an NA = 1.4. 

Using a simple algorithm, we can proc- 
ess the data in Fig. 1 l b  to determine that, 
averaged over 14 bars in the pattern, the 
sampling distance Ax = 2.9 samples / pm. 
By turning the test pattern 90°, the sam- 
pling distance Ay can be measured. Fur- 
ther, this test pattern can be used to 
compute the OTF [3, 191. 

System performance-All measure- 
ment systems require standards for cali- 
bration, and quantitative microscopes are 
no exception. A useful standard is pre- 
pared samples of latex microspheres 
stained with various fluorescent dyes and 
they can also be used in absorption mode. 
An image of one such microsphere is 
shown in Fig. 12. 

The sphere shown in Fig. 12 comes 
from a population that is characterized by 
the manufacturer as having an average 

diameter of 5.8 pm and a CV of 2%. We 
can, therefore, use a population of these 
spheres to calibrate a quantitative system. 
When measuring a population for a spe- 
cific property (such as diameter), we can 
expect a variation from sphere to sphere. 
The variation can be attributed to the basic 
instrumentation (such as electronic cam- 
era noise), the experimental procedure 
(such as focusing), and the “natural” vari- 
ability of the microspheres. Each of these 
terms is independent of the others, and the 
total variability can therefore be written 
as: 

‘:oral = ‘2quzp “ Z m c  + O;pher (17) 

For a given average value of the de- 
sired property we have: 

 tal = c Y t u ~ p  + “,”mc + cv?ihe- (1 8) 

Through a proper sequence of experi- 
ments, it is possible for us to assess the 
contribution of each of these terms to the 
total CV. This total value will then reflect 
the contributions from both of the effects 
described in detail above-the various 
noise sources (quantum, thermal, elec- 
tronic) and the effect of the finite spatial 
sampling density. 

As an example, let us say that we wish 
to examine the CV associated with the 
measurement of the diameter of the micro- 
spheres. The diameter of these spheres can 
be estimated from the two-dimensional 
projected area of the spheres according to 
the estimator .-J? . 

We start with a single sphere placed in 
the center of the microscope field-of-view 
and critically focused. An image is 
grabbed, corrected for the deterministic 
variation of the background illumination, 
and then segmented to provide a collec- 
tion of labeled object pixels (we will not 
discuss the algorithms for background 
correction and proper segmentation in this 
article. Both topics have been discussed 
extensively in the literature [20,21]). The 
area and derived diameter are then deter- 
mined. We then repeat this procedure, 
without moving the sphere, to acquire a 
total of N estimates of the diameter. For 
this protocol it is clear that Oproc =(Tspher = 
0, and that only the variability associated 
with the equipment (the various noise 
sources) will contribute to the total CV. 
When this technique was applied with 
N=20 microspheres, the result was CVrotal 
= CV,,,, = 0.1%. Note that this value is 
better than one might expect on the basis 

of the SNR per pixel, because a number of 
pixels were involved in determining the 
diameter estimate. 

We now take the same microsphere 
and move it out of the field-of-view (in all 
three directions x, y, and z )  and then back 
into the field at a random position. This 
tests the variability associated with the 
sampling grid as well as the effects of 
focusing, while keeping Ospher = 0. When 
this procedure was repeated (N=20), the 
result was: 

Cyoial = ,/CVeiurp + CVLoc = 0.33% , 
which means that CV,,, = 0.31%. 

We are now ready to measure the total 
CV by looking at a population of spheres. 
For N=185, the measured C V C ~ , ~  = 1.41%, 
which means that: 

Cypher = ,/Cy:tal - (CV$, + CV,”roc) = 1.37% 

a value somewhat smaller than the manu- 
facturer’s specification. The results are 
summarized in Fig. 13. 

Summary 
We have seen that modern CCD cam- 

era systems are limited by the fundamen- 
tal quantum fluctuations of photons, 
which cannot be eliminated by “better” 
design. Further, proper choice of the sam- 
pling density involves not only an under- 
standing of c lass ic  l inear system 
theory-the Nyquist theorem-but also the 
equally stringent requirements of digital 
measurement theory. Experimental pro- 
cedures that rely on the CV can be used to 
evaluate the quality of our quantitative 
microscope systems and to identify which 
components are the “weakest link.” Typi- 
cal values of relatively straightforward pa- 
rameters such as size can easily be 
measured to CVs around 1%. 
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