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Abstract

Biofilms are bacterial colonies enveloped in a matrix of extracellular polymeric secretions. Confocal scanning laser microscopy
used in conjunction with different image analysis techniques to investigate the structure of biofilms. A major goal is to recons
three-dimensional structure of biofilms, and compute or estimate the biovolumes. Our previous research focused on the utilization
sensing techniques and Geographical Information Systems for quantitative analyses of confocal images. The present study i
potential problems in microbial imaging, and uses two approaches, the program COMSTAT and a Geographical Information Syste
method, to reconstitute three-dimensional structures and estimate biovolumes. Volumes of thirty fluorescent polymeric microspheres with a
known diameter were estimated and used as a ground truth, to statistically compare both methods. In a next step, the two appro
used to estimate the biovolume of a section through aPseudomonas aeruginosabiofilm. Difficulties were encountered in image acquisiti
due to the optical properties of the microbeads. Our results indicate that the Geographical Information Systems approach produ
consistent with the existing COMSTAT approach, and close to theoretical values, despite many problems inherent to each phase o
process. Also, the image classification process encountered several limitations. It is suggested that the unique constraints of the m
world may generate additional problems, especially related to image classification.
 2004 Elsevier SAS. All rights reserved.

Keywords:GIS; Biofilm; Bacteria; Image analysis; CSLM; Biovolume
hin
nd
he
mi-
copy
al
ted
de

[10]
es

ved
lex
ed i

ated
”

eral
4].

g/
co-
py)

een
ch as
on,
lor,
1].
-
The
ation
d
of

of
1. Introduction

Biofilms consist of bacterial colonies encapsulated wit
a matrix of extracellular polymeric secretions (EPS), a
form under a range of environmental conditions [24]. T
study of biofilms has been facilitated by advances in
croscopy, such as the confocal scanning laser micros
(CSLM) [3,7,13,19] used in conjunction with analytic
imaging [9,14], digital analysis [2,12], and semi-automa
image processing [10]. Different approaches have been
veloped based on CSLM in order to assess structure
and spatial variability within biofilms [9]. These approach
have allowed the microstructure of biofilms to be obser
while in their intact hydrated state. Biofilms are comp
environments, where bacterial aggregates are suspend
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polymeric matrices of varying densities and often separ
by water canals that form a primitive “circulatory system
and permit enhanced mass transfer [26]. Very often, sev
species may interact to form specialized “consortia” [16,2

Bacterial and biofilm images, acquired using analo
nondigital (dark-field microscopy, phase-contrast micros
py, interference microscopy, or fluorescence microsco
[28], and analytical (CSLM) approaches [11,13], have b
processed using various enhancement techniques, su
mathematical filtration, deconvolution, intensity correcti
thresholding, cleaning, difference imagery, pseudoco
contrast stretching [13], and finally image classification [1
Biofilms have also been analyzed using molecular tech
niques and, subsequently, digital image analysis [15].
outcomes of these approaches have included enumer
of bacteria [27], determination of growth, viability, an
metabolic condition, assessment of the microstructure
biofilm, microenvironmental analyses [27], quantification
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biodiversity, and computer control of microscope stage [1
The concept of “image classification” is used in this pa
as a synonym of the “traditional single-stage hard clas
cation” to define the “hard partition of feature space and
signment of each pixel to one of m classes” [8].

In summary, the analysis of two-dimensional images
been well developed [13–15]; however, the application
these techniques to three-dimensional images is problem

We propose adding the powerful analytical tools of G
graphical Information Systems (GIS) to produce a new
age analysis approach. GIS may be defined as a “dec
support system involving the integration of spatially ref
enced data in a problem solving environment” [4]. It can
used to detect changes within biofilms as a result of cha
ing environmental conditions or stressors. Classified ima
of bacteria are transformed into maps that may be anal
with GIS and spatial statistical techniques. These anal
may be used to address specific research questions.

Reconstituting the 3-D volume of a biofilm has rep
sented a major focus in studies performed to assess
tial variability within biofilms. An even more importan
goal has been the computation or at least approximatio
the biovolume (volume of the biofilm, in voxels). A sp
cial program named COMSTAT has been developed
has become very valuable for computing the area occupie
by bacteria in each layer, thickness distribution and m
thickness, fractal dimension, roughness coefficient, distr
tion of diffusion distances, and surface to volume ratio
These elements have been treated using analysis of var
(ANOVA) to compare the structure of biofilms produced
different species [5]. In addition, textural and areal pa
meters have been defined to compare various biofilms [
Other approaches have used parameters like fractal mea
ment to extrapolate the two-dimensional results to three
mensions [25]. In other cases, restoration of image volu
has been achieved using inverse volume filtering, correc
of geometric distortions, and shading of flat field correcti
in conjunction with quantitative analysis techniques [2
Given that most of these volumetric approaches have b
developed recently, Internet-based programs have allo
for the assessment of parameters by simply uploading an
age to specific sites (Jan Kreft’s website, http://www.cf.
uk/biosi/staff/kreft/). For example, websites have been
veloped (e.g., J. Xavier, Universidade Nova de Lisboa, P
tugal) where researchers could submit biofilm images into a
database and analyze all images in the database using
set algorithms online (Joao Xavier’s website, http://ww
itqb.unl.pt:1111/~jxavier/cur\_eng.htm). Finally, many p
grams such as Image-J, Confocal Assistant or other p
ages are typically associated with scanning laser conf
microscopes and provide either a method of reconst
ing the three-dimensional structures, or a method of e
mating the actual volume (Olympus website, http://ww
olympusamerica.com/).

Our approach does not differ in terms of output, but
terms of methodology [22]. Previous approaches have
.

-

e

-

-

l

lized digital images of biofilms from CSLM in conjunc
tion with fluorescent lectin probes [1,11,12,17,19,20] to
velop a tool that will ideally determine or conservative
estimate the volume occupied by bacteria in a certain
gion of space [21]. Our method illustrates how geograph
tools used currently for other purposes (e.g., the 3-D ana
is regularly used to display geomorphologic features) m
be used to assess the structure and spatial variability w
bacterial biofilms in conjunction with image-processing an
remote-sensing techniques, based on images obtained
CSLM, without focusing on the computation of structu
parameters. The method is similar in concept to a small-s
application used to calculate the silt volume in Powers La
North Dakota [23]. If the average volume(s) of a bacteri
is known, then an estimation of the number of bacteria
be performed easily. Applications may include the study
biofilm formation and growth, bacterial colonization, d
termination of enzymatic activities [22], and quantificati
of microbially produced mineral precipitates. However,
use of GIS techniques takes a step further than applica
of various image-processing techniques, combining it w
unique powerful analytical tools. In addition to utilizing th
approach for natural systems, as well as calibrating it u
fluorescent spheres, we will compare the efficiency of
method with the already existing COMSTAT, based on
lizing fluorescent microspheres as a reference, and unkn
volumes of lab-grown colonies [18].

2. Materials and methods

The “scale” of microscopic images is important to u
mately assessing spatial (and temporal) variability in s
ples; therefore, “calibration” is necessary. In this rega
some authors proposed using fluorescent microspher
known sizes [18]. The microspheres may be incorporate
gel capsules [18]. The microspheres used in our researc
produced by Molecular Probes (T-8883), and called Tra
FluoSpheres carboxylate-modified microspheres, 1.0
(excit./emiss. 488/645 nm). The microspheres have a re
tive index of 1.6. Refractive index matching between
lens, lens media and mounting media is very critical.
avoid these interferences, we mounted the beads in oil
duced from synthetic hydrocarbons and advanced polym
by Stephens Scientific (M4004), having a refractive ind
of 1.515. We used a 100× oil immersion objective of the
Bio-Rad MRC 1024ES confocal scanning laser microsc
with the same oil. 30 beads were sampled and five section
through the upper half were obtained for each of them.
thickness of each section was 1 µm, and the distance
tween sections was 0.2 µm. The output was represente
grayscale image.

Unsupervised (automated) classification of images
formed using Erdas Imagine 8.5 was based on gener
2 classes (“beads”, respectively, “biofilm” and backgrou
after a maximum number of 20 iterations per pixel a
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a convergence threshold of 0.95 (Erdas Imagine Sup
http://support.erdas.com/). The output of classification
exported to ArcView GIS 3.2 grid files. For all surfaces,
eas were computed in ArcView GIS in pixels.

Volumes were estimated using the formula:

V =
5∑

i=1

Aid = d

5∑

i=1

Ai, (1)

whereAi is the area of each section andd is the distance
between sections.

Following GIS computations, COMSTAT [5,6] was us
to estimate the biovolume in voxels. The original progr
has been modified to allow for exporting the results
a comma-separated values (CSV) format. Our appro
outputs areas in pixels, but COMSTAT expressed area
percentages of the entire image. The COMSTAT results w
converted into cubic µm using the formula:

V =
5∑

i=1

Ai
512× 512

100

1

10× 144.26× 144.26
, (2)

where 512 is the pixel width/length for each image, an
1/144.26 is the size of each pixel (computed based on
microscale displayed by the confocal microscope), in µ
the distance between images was 1 µm.

To test our method on biological samples, aPseudomona
aeruginosatype culture (12121, American Type Cultu
Collection (ATCC)) was grown on glass microscope slid
in 250 ml flasks containing Difco Nutrient Broth, suppl
mented with dextrose (8 g Difco and 2.5 g dextrose per lit
The medium and bacteria were incubated one week at r
temperature prior to analysis. Cells were stained with the
cleic acid stain Syto-9 (Molecular Probes). Slides were v
alized using a 100× oil immersion objective of the Bio-Ra
MRC 1024ES confocal scanning laser microscope with
produced from synthetic hydrocarbons and advanced p
mers by Stephens Scientific (M4004). Five optical sectio
1 µm thick each, were taken at 0.5 µm from each other.

Images of sections through the biofilm were proces
using Erdas Imagine. Briefly, a first step was to enha
images through contrast stretching [8], in order to elimin
the noise and facilitate the separation of bacteria from
background. The method of histogram equalization yiel
the best results. In the next step, a 3× 3 high pass filter was
applied to the enhanced images [8]. Even though struc
parameters can be computed for these images using E
Imagine, they were not measured in our study. Follow
processing, images of the sections through the biofilm w
classified using unsupervised classification similarly to
images of microspheres and exported to ArcView G
into a grid format. Following the export to ArcView GIS
all maps were additionally filtered to eliminate noise a
produce smooth, continuous surfaces. The five surfaces
overlaid using ArcView GIS, and corresponding areas w
computed using the same program.
s

The following formula was used to convert areas
pressed by COMSTAT as percentages of the entire im
into pixels:

AP = A%
1024× 1024

100
, (3)

whereAP is the area in pixels,A% is the area expresse
as a percentage of the entire image, and 1024 is the
width/length for each image. Volumes were derived us
Eq. (1), and the fact that the vertical distance between image
was 0.2 µm.

Finally, volumes were computed based on the conver
of voxels into cubic µm using the formula:

VP = Vµm3

12.9× 12.9
, (4)

whereVP is the volume in voxels,Vµm3 was the volume
in cubic µm, and 1/12.9 was the size of each pixel in
(computed again based on the microscale displayed by
confocal microscope).

In addition to the images produced using ArcView G
Image J has been used to overlap raw (unclassified) ima
producing three-dimensional reconstruction of the volu
displayed in this paper for visualization purposes.

3. Results

The refractive properties of the beads caused sev
problems, displayed below in Fig. 1, obtained using Imag

1. As a result of the loss of axial and lateral resoluti
the object becomes less resolute (i.e., becomes “fuz
for deeper images. The problem was less noticeable fo
beads near the cover slip, but had a more serious im
on the beads deeper into the sample.

2. Due to the refractive index of the beads, two side effe
occur. One is to focus the light passing through the
and the other is to attenuate the light intensity [21]. T
focusing effect produces a diffraction ring pattern tha
spreads out from the bead away from the light sou

Fig. 1. Distortions caused by the refractive properties of the fluoresce
microbeads.



450 A.I. Petrisor et al. / Research in Microbiology 155 (2004) 447–454

sing
op
k

per
e
, al

tion
sam
d in
ume
3).
e

five
lumn
lumn

2)

ol.
of
lar
rmat
ion
ter-

alf
es.
tter
me

is-
ge,
yer
e of
the
its
tion
on,
ten-
he
sing

a-

ow-
h-

e fi-
sing
?”

ere

ere
This makes the bead appear to get larger as focu
further. The light attenuation tends to result in a dr
off in intensity making the lower half of the bead loo
dimmer.

To overcome these problems, we used only the up
portion of the bead. Since the vertical distance between th
top and bottom sections of each microsphere was 0.5 µm
computations were adjusted accordingly.

The calibration process was based on the assump
that all beads have a perfect spherical shape and the
diameter of 1 µm. The calibration results are presente
Table 1. The table sums up the calculations of each vol
using our approach (column 2) and COMSTAT (column
For each set of five images representing halves of beads, th
real volume was:

V = 1

2

4πr3

3
= 1

2

4π(d/2)3

3
= πd3

12
= 3.1415

12
= 0.2618 µm3, (5)

Table 1
Computation of the volume of upper halves of microspheres using
sections through each sphere (in cubic µm). Results in the second co
were obtained using the GIS approach, and the results in the third co
were obtained using COMSTAT

Bead GIS COMSTAT

1 0.4076 0.4365
2 0.2320 0.2330
3 0.2535 0.2472
4 0.2948 0.3161
5 0.2976 0.3069
6 0.2190 0.2219
7 0.2180 0.2440
8 0.3131 0.3316
9 0.2524 0.2268

10 0.2576 0.2601
11 0.2695 0.2734
12 0.2839 0.2881
13 0.2459 0.2268
14 0.2682 0.2967
15 0.2661 0.2675
16 0.2770 0.2651
17 0.2530 0.2673
18 0.2373 0.2298
19 0.2584 0.2790
20 0.2602 0.2368
21 0.2576 0.2617
22 0.2701 0.2752
23 0.2760 0.3136
24 0.2295 0.2048
25 0.2891 0.3454
26 0.2461 0.2461
27 0.2886 0.3131
28 0.3241 0.3392
29 0.2739 0.2654
30 0.2766 0.2752

Mean: 0.2699 0.2765
Std. dev.: 0.0363 0.0475
95% CI: (0.2563, 0.2834) (0.2587, 0.294
P -value (testing 0.232 0.1016
H0: µ= 0.2618)
l

e

whered = 2r = 1 µm is the diameter of each bead, andr is
the radius.

COMSTAT proved once again to be a very useful to
Beside its already programmed abilities, the flexibility
MathLab programming allowed for optimizations particu
to the computers used for this purpose, such as the fo
of the output etc.; moreover, it allowed for the explorat
of optimal threshold value and other parameters that de
mined the quality of our results.

Fig. 2 displays a reconstruction of the volume of h
of the bead using Image-J, overlaying the raw imag
The contour of the main diameter was added for a be
visualization in PaintShop Pro. Fig. 3 displays the sa
reconstruction based on our approach.

The results of applying our method to biofilms are d
played below. Fig. 4 is a false three-dimensional ima
where the shading intensity (proportional for each la
to its position) gives the three-dimensional appearanc
the image. A better image is displayed in Fig. 5 using
3-D analyst available in ArcView GIS. This tool perm
the reconstruction of the volume as well as the rota
of the structure for a better visualization. In comparis
a false three-dimensional image, where the shading in
sity (proportional for each layer to its position) gives t
three-dimensional appearance of the image obtained u
Image-J is displayed in Fig. 6.The results of area comput
tions are presented in Table 2.

Both algorithms use unsupervised classification. H
ever, the classification criterion for COMSTAT is a thres
old brightness value. Our method requires specifying th
nal number of classes (two in our case). The question ari
in the first case is, “What is the optimal threshold value

Fig. 2. 3-D reconstitution of the volume of the upper half of a microsph
using Image-J.

Fig. 3. 3-D reconstitution of the volume of the upper half of a microsph
using ArcView GIS.
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Fig. 4. Image of five overlaid sections through aP. aeruginosabiofilm.
Shading intensity gives the image a 3-D appearance.

Fig. 5. 3-D reconstitution of the volume based on the five sections through
theP. aeruginosabiofilm.

Fig. 6. 3-D reconstruction of the volume based on the five sections through
the biofilm obtained using Image-J.

Table 2
Computation of the biovolume using five sections through aP. aeruginosa
biofilm illustrating the consistency of results using both ArcGIS a
COMSTAT approaches

Section Area computed using ArcGIS Area computed using COMS
(pixels) (pixels)

1 127403.643 74940.678
2 195462.151 102386.106
3 241050.361 120383.865
4 265071.011 132917.494
5 279652.174 133191.172

Volume 656 µm3 677 µm3

(A)

(B)

Fig. 7. Differences in brightness intensity between different images. Imag
A displays a pale color section through a microsphere, whereas Ima
shows a very bright section. Differences in brightness may impact im
classification.

This is difficult to determine, a priori, even on a gray sca
Without any prior knowledge—that would more likely be
result of accumulated experience, i.e., analyzing as many
ages as possible, rather than of some scientific reasoni
the “statistical” approach will be to take the half point. Th
is, based on a gray scale, the middle value between 0
255. Pixels with values from 0 to 127 will be classified
“white” and pixels from 128 to 255 as “black”.

In reality, based on their relative position on the mo
(3-D position), our objects may appear lighter or darker.
illustrate this, we presented two sections used in our s
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Fig. 8. Sections are not continuous, but collections of pixels of different intensity of light.
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(Fig. 7). Image A shows a palecolor section, whereas Im
age B displays a very bright section. Furthermore, there
large variability in brightness within a certain feature ev
though it appears continuous, as it represents a collec
of pixels of various intensities with a random distributi
within a certain range. This may be easily noticed by zoo
ing in an image, as illustrated in Fig. 8.

The problem occurs mostlyat the “top” of each image
where there are only few pixels. The top is typically “dark
than the section below. In relationship with the previo
paragraph, let us assume we have a “darker” image. If we
the threshold value “128”, all these pixels may be classi
as “black” and ignored, and, as a consequence, the
of the section, computed based on the white pixels, i
COMSTAT stops here and no volume can be compu
Therefore, we were unable to classify most of the ima
using the theoretical threshold, 127.

Based on this, we had to decrease the threshold v
to 32. That is, the image classification was biased in orde
ensure that we “catch” some area within each section.
overall result will be that pixels that will be classified usi
a threshold value of 128 as “black” will be classified at
as “white”. While the initial problem has been overcom
the volumes are computed, andthe result is an “artificial”
inflation of the volume. This is why COMSTAT estimate w
0.2765, higher than our estimate, 0.2699, and even hi
than the theoretical value, 0.2618 (but not high enoug
find statistical differences from the theoretical value base
on our data, therefore COMSTAT is a very useful tool)
follows that COMSTAT tends to underestimate the volum
since only a biased cut point, favoring pictures classified
“white” (that is, “bead”) will yield an estimate close enou
to the theoretical value.

Two examples were used to illustrate these theore
considerations. The first one is the impact of the halo ef
on image classification (Fig. 9). It can be easily notic
that due to this effect, the area does not appear to vary
much across the sections at a threshold value of 8. Th
because of the fact that, even though diffraction causes
“dividing” into a bright central area and a low-intensity rin
surrounding it, the threshold value detects both the cen
area (actual section) and the ring, classifying them as a pa
of the bead.

The strong dependence of the computation on the thr
old value is illustrated in Table 3. For each threshold va
-

Fig. 9. A threshold value of 8 results into both the diffraction ring a
the actual section being classified as part of the bead, determinin
enlargement of the area of each section.

images of all five sections were obtained for a represe
tive bead, and volumes were computed in each case. A
pected, lower threshold values result in larger estimate
the volume.

4. Discussion

Image classification techniques rely on the quality
images and are subject to errorsintroduced at various stage
The suitability of various parameters used currently in im
processing in other fields, as well as the choice of var
image enhancement techniques should therefore als
judged accordingly. The efficiency of different classification
algorithms relies on the quality of the images, visual abi
and experience of the researcher, and appropriatene
classification criteria in the second one [8].

In geography, or more precisely when satellite images
analyzed, a “ground truth” is typically obtained [8]. If w
analyze the reflected or emitted radiation each compo
has a certain spectral signature, and, therefore, all fea
can be identified based on it. However, in microsco
imaging we are dealing with phenomena and structures
a larger variability than typical satellite images [27]. Mo
of the times, the features contained in each image have
“similar” signatures, i.e., adjacent features are not ea
distinguishable.
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l.
Table 3
Dependence of the estimate of the volume on the threshold value. Each set of 5 images displays parallel Z-sections

Threshold Actual image Vol. Threshold Actual image Vo
(µm3) (µm3)

2 0.5235 4 0.4545

8 0.3889 16 0.3151

32 0.2440 64 0.1916
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COMSTAT is very flexible and allows experienced r
searchers to use the appropriatevalue, allowing for very-fine
tuning [5,6]. But when the value is not known, and the op
mal value varies from one experiment to another, this ad
tage is lost.

Our classification is based on always generating
classes at the optimal point as determined by the p
distribution. The cutoff point differs from one image
another; however the whole procedure is automated
the method is reproducible. Even though it seems m
complicated in its application because of using sever
programs instead of one program, it appears more acc
and also provides a finer control and understanding of
effects of each image manipulation technique. Moreo
even though other programs, such as Image-J (http://rsb
nih.gov/ij/), permit the visualization of the reconstruct
volume, they do not always incorporate the default analyt
tools enabling the estimation of volumes. There mi
be plugins available via the Internet and, in addition,
.

software allows Java programmers to develop plugins
specific purposes. Nevertheless, our approach offers
advantage of both visualizing and estimating the volume

In summary, the cutoff threshold value for COMSTAT
the value from which all images can be properly analy
and the volume can be properly estimated. This point m
be determined through a large enough number of attem
to classify the image. Let us assume that, in our case,
point is 32. Having found this point, we can examine
estimate. It is not statisticallydifferent from the theoretica
value. Similarly, the estimate our algorithm produced is
statistically different from thetheoretical value. Therefore
while different in conception, both methods are valua
tools to resolve the very difficult task of approximating t
volume using parallel sections.

Natural biofilms likely exhibit great diversity of bacteri
species, and also of sizes and shapes of their bac
cells [14,24]. The larger relevance of this work is to addr
a first step in the final goal of the digital image process
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that can be used in conjunction with molecular approache
(e.g., fluorescent in situ hybridization) to potentially ident
microbial species, and quantify changes in parameters su
as shape and size [27].
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