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A new technique is presented which allows the use of a 
front-end sensor head for in situ and on-line character- 
ization of cell concentration and cell size during fermen- 
tation. An epifluorescence microscope is mounted in a 
port of a bioreactor viewing directly into the agitated 
broth. Still images from cells are generated using pulsed 
illumination. They are directly visualized on a monitor 
and used for automatic image analysis. The cell concen- 
tration and morphological information are determined 
by counting and evaluating the cell images with respect 
to their depth from focus characteristic. An in situ micro- 
scope was successfully tested during yeast fermenta- 
tions and yielded results which correlated well with re- 
sults from a hemocytometer. @ 1995 John Wiley & Sons, 
Inc. 
Key words: in situ microscopy on-line biomass deter- 
mination * cell concentration - depth from focus * image 
an a I ysis 

INTRODUCTION 

During a biotechnical process, educts are converted into the 
products desired via microorganisms in a bioreactor. The 
microorganisms in which the real conversion occurs can be 
considered as “microbioreactors” in the actual bioreactor. 

* To whom all correspondence should be addressed 

They obviously play the central role in the bioprocess. Con- 
sequently, the cell concentration and the biological state of 
the cells are of greatest importance. The mass of the mi- 
croorganisms per volume cultivation broth is called the bio- 
mass concentration, in short the biomass. The microorgan- 
isms can be biologically active (“alive”) or inactive 
(“dead”). In this context, biomass can be separated into 
vital biomass and necromass. 

The determination of biomass is usually performed via 
sampling of a defined aliquot of the cultivation broth, sep- 
arating of the cells by centrifugation, washing of the cells, 
and drying them at elevated temperature (about 105°C) to 
constant weight. The drying process lasts 24 h, making this 
method inappropriate for use as an on-line technique. 

Closely related to biomass is the concentration of cells. 
This quantity is determined by microscopic counting of 
cells in a defined aliquot of the cultivation broth using a 
hemocytometer chamber. The counting of cells in a sam- 
pled aliquot is labor-intensive and, therefore, is not suitable 
for on-line measurements and automatic process control. 

If the concentration of cells and/or the biomass could be 
instantaneously available, then this would significantly im- 
prove the possibilities of process control and process opti- 
mization. This fact has led to many attempts at developing 
reliable sensors for the on-line and in situ determination of 
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cell concentration and biomass. So far, more than 20 dif- 
ferent approaches have been investigated in this field. Com- 
prehensive reviews are given by Harris et al.,” Clarke et 
al.,’ Scheper,17 and Sonnleitner et al.” 

In most on-line techniques the biomass or cell concen- 
tration is indicated by parameters that are integrally mea- 
sured in an undefined measuring volume, for example, flu- 
orescence or turbidity. Their relation to biomass is estab- 
lished by calibration with a standard cultivation or by a 
mathematical model. However, the problem here is that 
there is no defined and constant relation between such in- 
tegrally measured indicator quantities and the biomass in a 
complex medium. Neither the biomass itself nor the me- 
dium is just an unstructured substance with constant prop- 
erties. Thus, the meaning of these macroscopic parameters 
is more or less restricted to well-defined routine processes 
with only little variation of interfering parameters. 

Measuring devices which detect selectively single cells, 
like flow-cytometers or Coulter counters, can be applied for 
automatically counting cells in an open loop connected to 
the bioreactor. Unfortunately, these devices cannot be used 
in situ and the cells have to be prepared in a suitable way 
(sampling, diluting, dying) before they can be measured. 

A new on-line method should thus detect the biomass 
directly and selectively and be as easy and safe to operate as 
a pH-probe. It should be a procedure which would yield 
quantitative values for parameters that characterize the cell 
population, for example, cell concentration and cell size. 
Additionally, it should be automatic and fast enough for 
on-line control. 

As an attempt to meet these requirements, the concept of 
in situ microscopy was developed by H. Suhr, P. Speil, G .  
Wehnert, and H. Storhas (Bioreaktor n i t  In Situ Mikroskop- 
sonde und Messverfahren. Deutsche Offenlegungsschrift 
4032002. Deutsches Patentamt, Munchen Germany, 1990). 
This concept can be summarized as follows. 

A microscope is directly mounted in a port of a bioreactor 
and generates in situ images from the agitated broth using 
pulsed illumination. Thus, microscopic images of the cells 
are provided during the fermentation, allowing for visual 
and automatic examination of morphological and statistical 
parameters. In particular, the objects in the image which are 
identifiable as cells can be counted and their counting rate is 
a direct measure of the cell concentration. The authors de- 
scribe two alternatives for defining the sample volume: The 
f is t  alternative is to use a mechanical construction for re- 
petitively enclosing new samples with defined volume in 
front of the microscope objective. The second alternative is 
to set optical limits to the sampling volume, by defining a 
maximum value for the optical blur of particle images 
caused by the particle’s distance from the plane of focus 
(depth from focus). We call a microscope probe directly 
immersed in a bioreactor with a mechanically or optically 
defined sample volume an in situ microscope (ISM). 

Based on the first alternative, one of us (C.B.) presented 
a sterilizable ISM with a miniaturized and automized me- 
chanical sampling me~hanism.~ This sensor was used for 

on-line monitoring of the cell concentration during fermen- 
tations of Saccharomyces cerevisiae. Additionally, the size 
distribution of the cells was registered on-line. 

In this article, we describe an ISM with a purely optical 
definition of a virtual sample volume by depth from focus. 
This version of an ISM does not need moving parts and it 
exhibits a front-end sensor head. Mechanical complexity is 
thus removed at the cost of more complex software that has 
to define a three-dimensional probe volume from a two- 
dimensional image. As the lateral width of the probe vol- 
ume is already given by the boundary of the imaged object 
field, it is “only” the extension in the direction of the 
optical axis that cannot be directly evaluated from the two- 
dimensional image. In other words, to define the sample 
volume for the counting of cells, the distance of the counted 
objects from the plane of exact focus (called depth in this 
study) is yet to be inferred from the microscopic image. 

In principal, the depth in photographic images can be 
deduced from the simple fact that the blur of object images 
increases with distance from the plane of exact focus. But, 
to tell real edge smoothness from the optical blur in objects, 
either several images of the same scene with different cam- 
era adjustments have to be generated, or additional infor- 
mation about the objects must be p r o ~ i d e d . ~ * ~ * ~ , ’ ~ * ’ ~  

However, if the spatial concentration of a particle sus- 
pension is to be derived from a two-dimensional image, 
then the circumstances are quite different. In this context, 
the type and the variability of the imaged objects (the par- 
ticles) are normally given a priori. Thus, one ordinary mi- 
croscopic image of a suspension of a known type must be 
sufficient to evaluate the particle concentration by proper 
analysis of defocus. To our knowledge, and somewhat sur- 
prisingly, this fact appears not to have been noticed in lit- 
erature prior to the above-mentioned 1990 patient publica- 
tion by Suhr et al. 

Using a threshold of optical blur, the particles imaged by 
an ISM can be assigned to a defined depth interval around 
the plane of focus without a second image of the scene, 
provided that the characteristics of the suspension vary only 
within a range that can be evaluated by the algorithm used. 

Evidently, biomass in the sense of dry weight can be 
calculated from the microscopically determined cell size if 
the cell density (dry weight/cm3) and its change throughout 
the process is known. 

In this study, we present tests of an ISM with optical 
probe volume based on the depth from focus approach. 
Concerning the instrumental side, it had to be demonstrated 
that a microscopic “live-view’’ into the agitated suspension 
with front-end sensor head is possible. Concerning the al- 
gorithm, the automatic evaluation of the concentration from 
single ISM images considering the blur by defocus had to be 
demonstrated. 

The use of fluorescence microscopy in our ISM allows an 
estimation of the metabolic state of cells and of the viability 
of the culture, because active cells show a significantly 
stronger fluorescence than inactive ones do. 

It is clear that the type of test fermentation chosen for this 
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first systematic investigation is particularly favorable for the 
working principle of our ISM. The image analysis for or- 
ganisms with a much more complex morphology (e.g., hy- 
phae) would be very different from the one presented here. 
Other microscopic observation techniques would be better 
suited for media which are strongly fluorescent. In any 
case, an ISM (with adapted illumination) can always pro- 
vide on-line microscopic images for direct visualization and 
for processing with optimized algorithms. 

MATERIALS AND METHODS 

The construction of our ISM and the tests performed during 
yeast fermentations are described in detail by Schneider. ’* 

Experimental Setup 

As explained above, we investigate an ISM with an opti- 
cally defined sample volume. This concept allows a con- 
struction with front-end sensor head, schematically shown 
in Figure 1. 

A direct-light microscope is fitted in the inner tube of the 
sensor housing. The inner tube is inserted in an outer tube, 
which serves as a sterile barrier during the fermentation and 
also during steam sterilization. The outer tube is mounted in 
a port (diameter 25 mm) of the bioreactor. During steam 
sterilization, the inner tube is removed. Both tubes consist 
of stainless-steel (V4A). At the front end of the outer tube 
a sealed quartz glass window is situated. This front-end is 
directly immersed in the cultivation broth. 

The inner tube of the ISM contains the objective (Olym- 
pus D APO lOOX UV, oil immersion, iris diaphragm set to 
NA = 0.95), a dichroic mirror with 45” reflection at 337 

I pulsed 1 
cultivation- 
broth 

cells 
\ o  
0 

P- I I SIT- 
camera I monitor 

image 
analysis 
(cell-conc. U +cell-size) 

Figure 1. 
ume and automatic image processing. 

In situ microscope (ISM) with optically defined sample vol- 

nm and 45” transmission at 450 nm, and an outcoupling 
mirror for the fluorescent light. The inner tube can be ad- 
justed by a micrometer screw, thus allowing precise adjust- 
ment of the plane of focus with respect to the quartz win- 
dow. Correct focusing of the ISM is achieved by adjusting 
the micrometer screw under visual control of the cell images 
on a monitor. 

To profit from the fluorescence of intracellular NADP(H) 
for a selective observation of microorganisms, we use an 
epifluorescence scheme with excitation wavelength 337 nm 
(nitrogen laser) and emission wavelength of about 450 nm. 
The beam of a pulsed nitrogen laser (Starna LSI, VLS-337, 
pulse length 3 ns, peak power 40 kW, wavelength 337 nm) 
is space filtered (lens 1, pinhole, lens 2) and focused by lens 
3 via the dichroic mirror into the plane of the exit pupil of 
the objective, thus realizing Kohler illumination. 

Immersion oil is used between the quartz window and 
objective, that is, the quartz window, serves as a slide cover 
glass. The objective acts as a condenser and illuminates the 
microorganisms in front of the quartz window. 

Backward-emitted fluorescent light is collected by the 
objective, which projects an image into the entrance win- 
dow of a SIT camera (silicon-intensified target camera TV 
11-22, sensitivity lux). The emitted light is separated 
from the excitation light by the dichroic mirror and two 
filters (Schott, interference highpass filter 365 nm, yellow 
glass filter GG 395). 

An IBM-compatible personal computer (Intel processor 
80486/33 MHz) with frame-grabber (Matrox IP8) counts 
trigger pulses from the SIT camera and synchronizes the 
laser pulses with selected half-images of the camera. A 
program chooses a suitable pulse frequency that is adapted 
to the statistics of the number of cells in the images. The 
image frequency changed typically from one image every 2 
s at the beginning of the fermentations to one image every 
20 s at their end. 

The images are directly shown on a monitor. Figures 2 
and 3 show examples of monitor images at cell concentra- 
tions of 5 

Simultaneously, the images were stored on laser video- 
disc for further processing. Our programmed algorithm (de- 
scribed in the ‘‘Automatic Image Analysis” section) carried 
out an evaluation of the cell concentration and the average 
cell size. Its speed of about 1 min per counted cell on a 
486166 processor was not yet fast enough to deliver the 
evaluated parameters with good statistics in real-time during 
the test fermentations. 

lo7 cmV3 and 5 * lo8 cmP3, respectively. 

Test Fermentations 

Fermentation 1 

The organism used was Saccharomycies cerevisiae strain H 
1922. It was cultivated at 30°C, pH 4, in a synthetic me- 
dium with 3% glucose. l 6  The fermentation was carried out 
as a batch fermentation in a 4-L glass vessel (Institut fur 
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Fermentation 2 

This fermentation was carried out as a fed-batch fermenta- 
tion with the same starting composition as fermentation 1, 
except for a glucose starting concentration of 1%. Glucose 
was fed in 14-mL quantities of a 30% solution at the fol- 
lowing times after the start: 160 min, 230 min, 255 min, 
and in decreasing intervals thereafter. 

Figure 2. Typical ISM view into the bioreactor, showing yeast cells in 
the agitated broth at a cell concentration of 5 . lo7 C I T - ~ .  This image has 
been photographed from the monitor during the fermentation and shows a 
70 pm X 70 pm area corresponding to 256 X 256 pixels. 

Technische Chemie, Universitat Hannover), equipped with 
a stirrer (600 rpm), baffles, a pH- and a PO,-electrode, a 
heat exchanger, a Pt-100 thermometer, dispensers for 2N 
sulfuric acid and 2N sodium hydroxide, an outlet valve, and 
an ISM which was fitted in a port of the bioreactor. 

The aeration rate was 1 vvm. Aliquots of the cultivation 
broth were taken at regular time intervals to determine the 
cell concentration using a hemocytometer (Thoma counting 
chamber). 

Figure 3. 
concentration of 50 . lo7 C I I - ~ .  

The same ISM view into the bioreactor as in Figure 2, at a cell 

Fermentation 3 

This fermentation was carried out like fermentation 1. 

Calibration with Standard Particles 

The distance of the cells from the plane of focus is to be 
determined by evaluating the optical blur of the cells. In the 
“Automatic Image Analysis” section, numerical measures 
for the optical blur of imaged cells are defined, which have 
to be calibrated with respect to the distance of the cells from 
the plane of focus. To get an initial calibration, standard 
particles resembling yeast were moved in precise steps 
along the optical axis in front of the ISM. The ISM gener- 
ates images that are analyzed by the image analysis algo- 
rithm and evaluated with respect to the blur measures. This 
way, the blur measures can be related to a defined position 
of the standard particles along the optical axis. Thus, the 
particles can be localized-a necessity for the determination 
of their concentration. 

As standard particles, fluorescent latex spheres (Poly- 
sciences Inc., Fluoresbrite Carboxylate microspheres, 4.4 
p.m and 5.0 pm, dyed with Fluorochrome BB, excitation 
maximum 365 nm, emission maximum 468 nm) were used. 
They were embedded in two-components silicone (Wacker 
Chemie, Silgel601, refractive index 1.399). These samples 
were brought in front of the ISM and their position was 
varied stepwise with a precision translation stage on an 
optical bench. 

ESTIMATING CONTRAST AND DYNAMIC RANGE 
FOR AN ISM 

For the purpose of scaling and roughly estimating the count- 
ing statistics and the contrast achievable with an ISM, we 
used a simplistic optical model. The model is based on the 
assumptions of geometrical optics without diffraction’ and 
of spherical fluorescent objects in a transparent and nonflu- 
orescent medium. (The actual automatic image analysis 
used for the concentration measurement, as described in the 
next section, does not rely on any of these assumptions, but 
is based on the calibration of edge blurring with real cell 
populations.) A detailed presentation of the optical model 
by one of us (H.S.) is in preparation. Here we only present 
its results. 

We adopt the following nomenclature: rp is the radius of 
spherical model particles as an idealization of cells; C is the 
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concentration of these particles (number/cm3); E ,  is the il- 
luminance of the sharp image of a single particle; NA is the 
numerical aperture: p is the transverse magnification; A, is 
the area of the whole registered image; and () brackets de- 
note expectation values. 

If we assume that a particle can only be detected if its 
residual brightness, after suffering blur from defocus, is at 
least 25% of its original brightness E,, then the model gen- 
erates the following expectation value ( z )  for the number of 
counted particles per one microscopic image: 

(z) = 4 * (NA)- ’  * (rp) . (AI@*) * C 

If we insert into this formula the parameter values valid for 
the ISM image in Figure 3 [AI@* = (70 pm) * (70 pm), p 
= 100, NA = 0.95, (rp) ~ 2 . 5  pm, and C = 50 . lo7 
cmP3], then we obtain ( z )  = 25 cells per image. From 
Figure 3 we can count about 28 cells. 

As a measure of contrast in our model we define the 
quotient Q of the expectation value of the particle signal E ,  
over the background signal EB from strongly blurred cells. 
(Note that the model does not include the contribution of 
extracellular fluorophores to the background illumination.) 
Assuming that there is no correlation between size and 
brightness, we obtain: 

Here, rOF denotes the radius of the illuminated object area 
which is in most cases larger than the area that is actually 
imaged. y is a correction factor that represents the influence 
of the distance between surface of exact focus and the ISM 
window. Evidently, if the focus is adjusted nearer to the 
window surface, then there is less space between the focus 
and window, and, correspondingly, the contribution to the 
background from this side of the focus diminishes. At best, 
this limitation of one of the two sides from the focal plane 
can reduce the background by 50%, that is, double the 
contrast. Thus, y is a function of the distance between the 
focus and window and its values lie between 1 and 2. 

Using the same set of parameter values given above for 
estimating (z) in combination with y = 2, we obtain Q = 
0.2. Thus, the model predicts already for a moderate con- 
centration a quite low contrast which concurs with the ob- 
servation from our ISM. Together, the equations for ( z )  and 
Q establish a guideline according to which the design of an 
ISM can be optimized. 

The upper end potential of the dynamic range of an ISM 
is mainly limited by the decreasing contrast at higher con- 
centration. (The highest value determined in our first tests 
was C = 6 lo8 cmP3.) We estimate that cells of a diam- 
eter of 5 pm can still be detected at high concentrations of 
about C = lo9 cmP3, provided that the illuminated object 
area is made small and that a low-noise camera is used. 
According to the scaling law given above for Q, populations 

of smaller cells should generate better contrast and thus 
allow higher concentration limits for the ISM. 

The lower end of the possible dynamic range of an ISM 
can be extended by taking advantage of a possible high 
frequency of image generation. If, for example, about ten 
images per second can be taken with the set of example 
parameters specified above, and if Poisson statistics are 
valid, then a cell concentration of about C = lo6 cmP3 can 
be determined in 10 min with a statistical error of about 
10%. 

AUTOMATIC IMAGE ANALYSIS 

The principal goal of the image analysis described is to 
localize and count cells for the determination of their con- 
centration. The localization is achieved by implementing an 
algorithm to measure the optical blur and thus the distance 
from proper focus (depth). An essential feature of such an 
algorithm should be that it requires only one calibration for 
each specific cell species, so that it is applicable to different 
organisms by simply exchanging the calibration function. 
This means that the calibrated algorithm must make allow- 
ance for the typical variability of size, shape, and brightness 
within the same species. 

A second goal of the image analysis is the identification 
of focused cells to characterize the cell size without being 
misled by optical blur. 

Photographs of typical images generated by our ISM on 
a monitor at different concentrations during a batch fermen- 
tation of S. cerevisiae (fermentation 1) are shown in Figures 
2 and 3.  Besides the cell images, one can observe a con- 
siderable noise generated by the SIT camera and an increas- 
ing amount of background when the cell concentration 
rises. 

The automatic analysis of these images based on a depth 
from focus algorithm was developed by Scholz.” 

The algorithm carries out the following steps: (1) back- 
ground elimination; (2) adaptive filtering to smooth the im- 
age without changing the cell sharpness; (3) generating a 
blur-sensitive feature vector for each individual cell image 
by applying a sequence of band filters; (4) determining the 
cell’s depth from the orientation of the feature vector which 
is calibrated with respect to the depth; and (5) calculating 
the concentration by using the counted cell number in com- 
bination with their depth localization and determining the 
average segmented cell area of sharp cell images. 

First, the background is computed as the running mean 
over the past images of the ongoing fermentation. It is then 
subtracted from the actual image, to allow the later detec- 
tion of cells by means of one constant brightness threshold 
over the whole image. 

If one would use a common smoothing operator to sup- 
press the camera noise (including the larger noise structures 
extending over several pixels), then the edge slope of the 
cell image, that is, its sharpness, would be decreased. 
Hence, to avoid the loss of our depth-information, the 
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Figure 4. Three-dimensional plots of gray values of a 32 X 32 pixel sector containing one cell image before and after adaptive smoothing. 

smoothing operator has to adapt its orientation parallel to 
the contours of the cell-image. Our adaptive filter was de- 
veloped by Geissler.’ 

The direction of a contour can be obtained from the di- 
rection of smallest variance, referred to as local orientation. 
It is possible to calculate the local orientation from the 
variances of gray values in different directions by using the 
vector-addition technique. l4 To illustrate the effect of our 
adaptive filter, the gray values of an image sector contain- 
ing one cell are plotted in Figure 4 before and after the 
adaptive filtering. Additionally, Figure 5 shows the overall 
effect of adaptive filtering on the original in Figure 2. The 
noise is indeed suppressed without flattening the cell im- 
ages. A noticeable undulation has been introduced as an 
artefact, but this feature does not disturb the further pro- 
cessing because its amplitude close to the actual cell image 
is low, as can be seen from Figure 4. 

The next step is to detect the cells by identifying gray 
values above a suitable threshold. Subsequently, they are 
segmented from the background by a region growing pro- 
cedure that is stopped when a gray value of lle of the 
brightness maximum is reached. 

The binary image after segmentation only serves to find 
the borderline of the detected cell object (which, in some 
cases, is generated by more than one cell). To find its in- 
dividual distance from the focal plane, it has to be embed- 
ded into a flat background without other objects. For this 
purpose, a linear brightness background is fitted to join the 
smoothed borderline, so that the cell signal continuously 
merges into a structureless background. 

The algorithm automatically counts the number of bright- 
ness maxima in each segmented object and interprets it as 
the number of contributing cells. Overlapping cell images, 
double cells, and budding cells are thus registered according 

to their multiplicity provided that they show distinct max- 
ima. This procedure was a simple, advantageous step to 
deal with image objects which are generated by several 
cells. One problem that still remains is that two maxima 
which completely overlap cannot be separated and the un- 
derlying double cell is consequently underrated as only one 
single cell. 

Depth from Focus 

To obtain the distance between the cells and the plane of 
focus, a criterion is required from which the distance can be 

Figure 5. The scene of Figure 2 after application of adaptive filtering. 
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evaluated. It is obvious that increased blurring generates 
smoother features and thus longer spatial wavelengths in the 
Fourier spectrum of the image. Therefore, a bandpass de- 
composition of the individual cell image would seem an 
appropriate tool for specifying blurring. A sequence of 
bandpasses with increasing spatial frequencies can thus gen- 
erate from each particle image a blur-sensitive feature vec- 
tor. A well-suited way of getting such a decomposition with 
a multigrid data structure is the Laplace pyramid.4312 Re- 
peating smoothing and subsampling operations iteratively 
with regard to the sampling theorem, we obtain a series of 
images G(p) called the Gaussian pyramid, where G(’) is the 
original individual cell image. From one level P to the next, 
the resolution of these images decreases by a factor of two 
and the finer scales of the original image are gradually 
removed. 

The Laplacian pyramid is then constructed as the differ- 
ence in successive levels of the Gaussian pyramid. Each 
level of the Laplacian pyramid thus constitutes the original 
image filtered with a bandpass of a certain spatial fre- 
quency. The higher levels correspond to lower bandpass 
frequencies. 

Each individual cell image is thus decomposed in its in- 
dividual Laplacian pyramid, Lo, L’ , . . . L”. We denote by 
(LPl2 the sum of all squared gray values in level P .  It is a 
measure for the weight of this level’s spatial frequency in 
the original cell image. Then, the vector (IL0l2, lL1I2, . . . 
ILnl2) is a blur-sensitive feature vector for the cell analyzed: 
If the optical blur increases, then the higher components 
containing the lower spatial frequencies go monotonously 
up, while its lower level components go down. The orien- 
tation of this feature vector, which can be numerically spec- 
ified by the ratios of different vector components, is the 
final depth indicator. The individual cell brightness does not 
interfere with this measure for depth because it is repre- 
sented by the same linear factor in all vector components 
and thus determines only the vector length. 

To find the numerical correspondence between the depth 
and the orientation of our feature vector, we performed 
calibration measurements using standard particles at a de- 
fined depth with respect to the ISM imaging (see the last 
paragraph in “Materials and Methods”). Embedded in a 
transparent gel, fluorescent latex spheres of 4.4 and 5.0 pm 
were moved along the optical axis of the microscope in 
steps of 0.5 pm by using a precision translation stage. Fig- 
ure 6 shows the ratios of the second and the third compo- 
nents to the first component of the feature vector as function 
of the depth of a 4.4-pm standard particle. The resulting 
calibration graphs are almost symmetric with respect to both 
sides of the plane of exact focus and can well be approxi- 
mated by Gaussian curves. 

These calibration curves exhibit a certain sensitivity to 
the size of the standard particles. The 5.0-pm standard par- 
ticle generates calibration curves with higher minima and 
smaller slopes than the 4.4-pm particle. This is due to the 
increased presence of larger scales in larger objects so that 

0.0 1 I I 1 .  I I ,  

-15 -1 0 -5 0 5 10 
Distance [prn] 

Figure 6. The ratios of the third (lower graph) and the second (top graph) 
component to the first component of the feature vector as function of depth 
for a standard latex sphere with a diameter of 4.4 km. The dots represent 
measurement points and the curve is fitted for visual guidance. 

their signal in higher levels of the Laplace pyramid is in- 
creased as well. 

Keeping in mind that the detailed structure and the mean 
of the size distribution of microorganisms can change ap- 
preciably from one fermentation to the next, as well as 
during a fermentati~n,~’” it is necessary to provide calibra- 
tion curves for an interval of particle sizes according to their 
biological variance. Therefore, a series of calibration curves 
yielding a calibration function with a two-dimensional vari- 
able is needed. This calibration function was constructed in 
the following way. 

As starting point, the calibration function was calculated 
by interpolating and extrapolating linearly the Gaussian 
curve fits obtained for the two particle sizes. With this 
“zero-order’’ calibration a fermentation of S. cerevisiae 
over 24 h (fermentation 1) was evaluated and the resulting 
data for the cell concentration compared with the data ob- 
tained from a Thoma counting chamber. Then, the calibra- 
tion function was varied in small steps until the congruence 
between the ISM results and the results from the Thoma 
chamber were optimized. This learning procedure thus gen- 
erates the final calibration function that is adapted to a given 
species of microorganisms with its variability so that it can 
be used for all later fermentations of this microorganism. 

RESULTS 

On-Line Microscopic Images 

An example of the microscopic images that were shown on 
a monitor during a batch fermentation of S .  cerevisiae (fer- 
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mentation 1 in “Materials and Methods”) is given in Figure 
2 .  It shows a concentration of about 5 lo7 cmP3 when the 
background from unsharp cell images is still weak. The 
strong noise in this image is due to the image intensifier in 
the SIT camera. The image in Figure 3 is taken at a later 
stage when the concentration has reached a value of about 
5 . 10’ C I I - ~  and the background from unsharp cell images 
is strong. The decrease of the average cell size from the first 
to the second image can clearly be discerned as well as the 
increase in cell concentration. 

The counting rate as estimated from the geometric optics 
model concurs well with what we can visually count from 
these images (see “Estimating Contrast and Dynamic 
Range for an ISM” subsection). 

The predicted increase of the background with higher cell 
concentration is also obvious from these pictures. Unfortu- 
nately, quantitative measurements with respect to the mod- 
eled contrast Q were not yet possible because our SIT cam- 
era autonomously controlled its sensitivity and signal offset. 

Automatic Characterization of Biomass 

Figure 7 shows a plot of the cell concentration data (solid 
dots) taken with the ISM during a batch fermentation of S .  
cerevisiae over 24 h (fermentation 1 in “Materials and 
Methods”). Each datapoint is evaluated from the counted 
and depth-specified cells which are received within a time 
window of 20 min. At the beginning of the fermentation this 
time window corresponds to 600 images, and at the end to 
only 60 images, because the image frequency can be grad- 

0 Offline Method 
Depth from Focus Method 0 

ually lowered while the counting rate of cells incrkases. 
Because this was the first application of our algorithm to a 
fermentation process, no optimized calibration function was 
yet available. Out of necessity the evaluation was carried 
out using the preliminary calibration obtained from standard 
latex particles. For comparison the cell concentration was 
determined every 2 h by taking aliquots and visually count- 
ing the cells in a Thoma counting chamber. The samples 
were diluted so that about 1000 cells were counted in the 
Thoma chamber. These comparative data are represented in 
Figure 7 by circles. Their estimated error due to error 
sources after taking the sample from the culture broth is 
10%. 

Both sets of data agree well for the first 10 h of fermen- 
tation. They show clearly the second lag phase in the pop- 
ulation growth after the consumption of glucose. The dis- 
crepancies of up to 20% in the second part of the fermen- 
tation are probably due to a strong decrease in the average 
cell size (observable at the monitor) with which the prelim- 
inary calibration curve could not yet cope. Additionally, at 
higher cell concentrations the background from unsharp cell 
images induces stronger noise in the images. However, it 
cannot be decided from these data whether the indication of 
the stationary phase by the ISM, or the indication of con- 
tinuing growth by the Thoma chamber at the end of the 
cultivation, is correct, 

Figure 8 shows the second measurement run, which was 
performed with a fed-batch fermentation of S .  cerevisiae 
(fermentation 2) .  The solid dots represent data received in 
time windows of 20 min each, and the time windows cor- 
responding to neighboring dots are displaced by 1 min. The 
calibration function used had been completed by a learning 
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Figure 7. Cell concentration determined with the ISM (solid dots) and 
with Thoma counting chamber (circles) as function of time during a batch 
fermentation of S.  cerevisiue (fermentation 1). Here, the ISM was still 
preliminarily calibrated with standard latex particles only. The curve is 
fitted for visual guidance. 

Time [h] 

Figure 8. Cell concentration determined with the ISM (solid dots) and 
with Thoma counting chamber (circles) as function of time during a fed- 
batch fermentation of S .  cerevisiae (fermentation 2) .  
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procedure from the former fermentation according to the 
explanation in the ‘‘Automatic Image Analysis” subsec- 
tion. Some gaps in this graph are due to interruptions for 
technical control of the setup. Comparative results from a 
Thoma counting chamber are indicated by circles in Figure 
8. The agreement between the data sets of the ISM and the 
Thoma counting chamber is convincing. 

Another batch fermentation is shown in Figure 9 (fer- 
mentation 3). Here the evaluation was done in the same way 
as in Figure 8.  The solid dots represent the results of the 
ISM and the circles the data from the Thoma counting 
chamber. The overall agreement is good, but the discrep- 
ancies in some details are not yet well understood. For 
example, the ISM seems to clearly indicate the first lag 
phase at the beginning of the fermentation, and the statis- 
tical fluctuation in this part of the graph is low. Neverthe- 
less, the agreement with the corresponding datapoint of the 
Thoma chamber at this stage is poor: a deviation of about 
50% is obtained. The second lag phase appears in agree- 
ment with the comparative measurement. The stronger 
noise at the end of the fermentation is caused mainly by low 
contrast due to the high cell concentration. This noise is 
aggravated by the autonomous camera control which at this 
stage reacts to the strong decrease in fluorescence activity. 
Also, there seems to be an average discrepancy of about 
10% with respect to the Thoma counting chamber. The 
onset of the stationary phase of the fermentation is simul- 
taneously and well indicated by both graphs. 

Because it is possible that some of the Thoma chamber 
results are impaired by imperfect representative sampling, 
and by other errors, the discrepancies at some points of the 
data set should not be overemphasized at this stage of the 
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Figure 9. Cell concentration determined with the ISM (solid dots) and 
with Thoma counting chamber (circles) as function of time during a batch 
fermentation of S. cerevisiae (fermentation 3 ) .  

investigation. The statistical relevance of the fine structure 
of these data can only become clear through more measure- 
ments with a comparative standard that is well characterized 
with respect to its own error. 

As a first attempt to extract automatically a morpholog- 
ical parameter from the microscopic images, an algorithm 
to monitor the average cell size was installed. As size pa- 
rameter, the segmented area of the cell image with border- 
line at lle of the maximal brightness was used. A definition 
of “sharp cells” was established by using only those cells 
that, according to our calibration function, were situated 
within a 3.5-pm distance from the plane of proper focus. 
Figure 10 shows the average segmented cell area as a func- 
tion of time during fermentation 3. This curve is in accor- 
dance with our observations at the monitor, which indicated 
an obvious decrease of the cell size in the later phase of the 
fermentation. The absolute value of the average segmented 
area is systematically about 30% smaller than the biological 
cross-section for two reasons. First, the segmented area 
stops by definition before the outer boundary of the cell 
image (see previous subsection). Second, small cells are 
slightly overrepresented in the selected ensemble for the 
area determination, because their larger content of low spa- 
tial frequencies entails an underrating of their depth in the 
algorithm used. 

DISCUSSION 

The experiments presented show the possibility of generat- 
ing on-line still images from cells in an agitated culture 
broth by using an in situ microscope with pulsed laser illu- 
mination. The determination of the cell concentration from 
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Figure 10. 
mentation 3.  

Average segmented cell area as function of time during fer- 
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these images was performed entirely by automatic image 
evaluation using a depth from focus concept and no me- 
chanical sampling. The results could be well correlated with 
the results from conventional off-line determination using a 
Thoma counting chamber. 

The in situ and on-line capability of in situ microscopy 
with optically defined probe volume is thus demonstrated. 
Nevertheless, the calculation time of our algorithm (on an 
Intel 486/66-processor) with about 1 min per image is still 
by about a factor of ten too long for a real-time evaluation 
with comparable statistics as in the data documented. 
Therefore, the data presented were yielded by the algorithm 
from stored images. Further development of the algorithm 
and, not to be forgotten, the next processor generation, will 
certainly speed up the automatic evaluation so that it keeps 
pace with the on-line ISM images. 

At high concentrations, the background of unfocused par- 
ticle images created a problem that impaired our ISM. The 
performance at the upper end of the dynamic range can be 
improved by using a low noise camera with optimized op- 
tics according to the geometric optics model. 

The evident potential of an ISM to provide on-line mor- 
phological information was demonstrated on a basic level 
by using a monitor as visual “live documentation” from 

with the application of a pH-probe. Already, an ISM with 
mechanical sample volume can provide an automatic eval- 
uation with good statistics in real-time.3 

In this work an ISM with a front-end sensor head and an 
optically defined probe volume has been shown to provide 
on-line microscopical images from the fermentation broth. 
Its automatic evaluation can presently be done with a speed 
of about one image per minute on a 486166 processor, 
which is not yet fast enough to allow sufficient cell- 
counting statistics in real-time. The next processor genera- 
tion with improved software should certainly remedy this 
problem. 

The depth from focus method for concentration measure- 
ments from one ordinary microscopic image has been suc- 
cessfully implemented in the automatic image analysis. Fur- 
thermore, the direct microscopic view into the bioreactor 
facilitates the on-line determination of morphological pa- 
rameters (e.g., the cell size) and of fluorescence activity. 

Future work will be devoted to developing the software 
for biomass determination and for retrieving more of the 
morphological information from the ISM images. Other mi- 
croscopic observation techniques will be investigated for 
application to cultivations in complex media that do not 
allow cell detection via fluorescence. 

cells in the reactor and by installing a software routine for 
computing automatically the average cell area. The results 
of the automatic image analysis were in agreement with the 

This research was financed by the ABB Corporate Research 
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subjective visual impression from the monitor. This fact 
hints of the possible relevance of visual on-line inspections 
of the process-the most direct way of using an ISM. 

Obviously, the fluorescence activity of the cells would 
also be an interesting and easy parameter to measure for an 
ISM. Unfortunatelv. because of an internal automatic con- 
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