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Abstract}To evaluate biomass distribution in heterogeneous biofilms from their microscope images, it is
often necessary to perform image thresholding by converting the gray-scale images to binary images
consisting of a foreground of biomass material and a background of interstitial space. The selection of the
gray-scale intensity used for thresholding is arbitrary but under the control of the operator, which may
produce unacceptable levels of variability among operators. The quality of numerical information
extracted from the images is diminished by such variability, and it is desirable to find a method that
improves the reproducibility of thresholding operations. Automatic methods of thresholding provide this
reproducibility, but often at the expense of accuracy, as they consistently set thresholds that differ
significantly from what human operators would choose. The performance of five automatic image
thresholding algorithms was tested in this study: (1) local entropy; (2) joint entropy; (3) relative entropy;
(4) Renyi’s entropy; and (5) iterative selection. Only the iterative selection method was satisfactory in that
it was consistently setting the threshold level near that set manually. The extraction of feature information
from biofilm images benefits from automatic thresholding and can be extended to other fields, such as
medical imaging. # 2001 Elsevier Science Ltd. All rights reserved
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NOMENCLATURE

b1 binary gray level of background (0)
bo binary gray level of foreground (1)
f ðm; nÞ the gray-scale value of the pixel located at point

position (m, n)
ftðm; nÞ the pixel values of a thresholded biofilm image
G set of gray-scale levels
HðtÞaL1 background Renyi’s entropy
HðtÞaL2 foreground Renyi’s entropy
HB!BðtÞ background-to-background entropy
HF!FðtÞ foreground-to-foreground entropy
Hjoint joint entropy
Hlocal local entropy
Hrelative relative entropy
M horizontal size of the matrix, integer
MSSRR mean of the sum of squares of relative residuals
N vertical size of the matrix, integer
NG maximum gray-scale value (255)
Nm total number of images being tested
P0ðxÞ probability distributions in quadrant X of a

binary image
pi probability of a certain gray level at point i

PxðtÞ probability of gray level change in quadrant X
PX
ij probabilities of gray level change in quadrant X

of co-occurrence matrix
qxðtÞ probability distributions in quadrant X of a

binary image
t threshold
t�c optimal threshold
ti� gray-scale level which maximizes the sum of

Renyi’s entropy
tij (i, j)th entry of co-occurrence matrix
vai average manual threshold
vi threshold calculated from automatic method

Greek letters
b variable used to calculate Renyi’s entropy
L1 histogram probability of object
L2 histogram probability of background
a real positive number 6¼ 1
o variable used to calculate Renyi’s entropy

INTRODUCTION

The conceptual image of biofilms has recently
evolved from displaying microorganisms uniformly

distributed in the matrix of extracellular biopolymers
to structurally heterogeneous biofilms displaying
microorganisms aggregated in microcolonies
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(Costerton et al., 1994; Bishop and Rittmann, 1995;

Wolfaardt et al., 1994; Massol-Deya, 1994; Keevil
and Walker, 1992). Although conceptual models of
heterogeneous biofilms produced by various research
groups differ in details, they all declare that the

biofilm matrix is porous, thus allowing nutrients to
reach deep layers of the biofilm. The acceptance of
the new conceptual model of biofilm structure has

profound influence on the understanding of the intra-
biofilm mass transport dynamics. Heterogeneous
biofilms, instead of being gelatinous layers of uni-

form density offering a uniform distribution of mass
transport resistance, are now characterized by a
three-dimensional distribution of biomass density

and, consequently, by the spatial distribution of mass
transport resistance (Rittmann et al., 1999). As a
consequence of biofilm heterogeneity, the nutrients at
different locations penetrate the biofilm with different

rates influencing the spatial distribution of microbial
activity. To characterize the distribution of microbial
activity in such biofilms it is beneficial to quantify the

spatial distribution of biomass (Noguera et al., 1999).
Expressing the spatial distribution of the biomass in
biofilms}biofilm heterogeneity}on a numerical

scale allows correlation with the spatial distribution
of other parameters; for example, the local mass
transport coefficient (Yang and Lewandowski, 1995)

or effective diffusivity (Beyenal et al., 1998), therefore
providing an insight into the dynamics of the intra-
biofilm mass transport.
Our laboratory has developed procedures to

monitor spatial and temporal changes in distribution
of biomass in biofilms using optical and laser
(confocal) microscopy combined with image analysis

(Lewandowski et al., 1999; Yang et al., 2000). We
have also developed a software that can extract
several parameters quantifying the distribution of the

biomass from biofilm images, such as areal porosity,
diffusional distance, vertical and horizontal sizes of
the cell clusters, total perimeters of the cell clusters,
fractal dimension and textural entropy (Yang et al.,

2000). Extracting numerical parameters from the
images involves several steps. One of those steps is
related to the image manipulation procedure called

thresholding. The images taken by a camera are gray-
scale images, while the images processed to extract
areal porosity and several other parameters are

binary, having two colors only. Images of biofilms
are captured with 256 gray-scale levels and thresh-
olding is used to segment them into two parts,

biomass and interstitial space. The operator arbitra-
rily selects one of the 256 gray-scale levels as a
threshold. Computer software then segments the
image(s) into two parts with all gray levels less than

or equal to the threshold becoming a background
color and rest of all gray levels becoming a fore-
ground color.

To extract statistically meaningful morphological
parameters from a series of images, the thresholding
has to be reproducible. There are no rules for setting

the threshold, so choice of gray-scale intensity

selected to segment the images depends then on the
operator’s understanding of the image content and
the desired relationship between the two segments in
the final image. Although it is impossible to specify

precisely how to select the threshold, the parameters
calculated from thresholded images depend on the
selected gray-scale level. The operator uses his or her

best judgement and sets the gray-scale level in such a
way that the binary image appears to capture the
essence of the biofilm structure. Variability between

operators in choosing the threshold adversely affects
the measurements obtained from the binary image.
Figure 1 shows the impact that threshold has on the

calculation of biofilm areal porosity (the calculations
were performed as described by Yang et al., 2000).
Different operator preferences for threshold doubled
the estimate of biofilm areal porosity in some cases.

Since there is no absolute measure of correctness
for the threshold, we determined that a reasonable
measure of effectiveness is that an acceptable auto-

matic thresholding method should approach the
average value determined by a panel of human experts.
We assumed that an automatic procedure that has

sufficient precision will yield more reproducible results

Fig. 1. (a) A gray-scale image of a biofilm. Dark and white
areas correspond to biomass and interstitial space, respec-
tively. (b) Biofilm areal porosity calculated for different
gray-scale thresholds. The areal porosity was calculated as
the ratio of cluster area to total area (see Yang et al., 2000).
The image size was 1568� 1176mm. The porosity was 0.3
and 0.6 for the gray-scale thresholds of 100 and 140,

respectively.
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than human operators. To evaluate the efficiency of

selected automatic image thresholding procedures,
we tested: (1) the variability among thresholds set
manually by different operators, (2) the variability of
thresholds set automatically using known threshold-

ing algorithms, (3) the agreement between the
thresholds set manually and automatically. The goal
of the work was to determine the relative effective-

ness of different automatic thresholding procedures
and if any met the acceptability standards.
To our knowledge, image thresholding algorithms

have not been tested on biofilm images. Most
thresholding algorithms described in the literature
were based on measuring boundaries and edges, and

were tested on objects having well-defined boundaries
such as microbes or fluorescent particles (see review
paper by Wilkinson 1998). We tried using these
boundary and edge-detecting algorithms for biofilm

images. However, the cell clusters in biofilms do not
have clearly marked boundaries and the applicability
of these algorithms was poor. So, we focused on

techniques that used entropy and histograms, and
chose five methods of automatic thresholding avail-
able in the computer science literature: (1) local

entropy (Pal and Pal, 1989); (2) joint entropy (Pal
and Pal, 1989); (3) relative entropy (Chang et al.,
1994); (4) Renyi’s entropy (Sahoo et al., 1997); and

(5) iterative selection (Ridler and Calvard, 1978).
The images of biofilms were generated by reflected

light microscopy, transmission light microscopy, and
confocal scanning laser microscopy (CSLM). To

generate a reference set, 10 researchers from the
Center for Biofilm Engineering at Montana State
University, Bozeman, manually thresholded the same

images. The results of different automatic threshold-
ing procedures were compared with each other and
with the results of manual thresholding.

PRINCIPLES OF IMAGE THRESHOLDING

We view thresholding as segmenting an image into
foreground and background pixels (Chang et al.,
1995; Lee and Chung, 1990) based on the choice of a

specific gray-scale value. The foreground is biomass
and the background is interstitial space. Threshold-
ing methods can be multilevel, but that case is not

considered here. Automatic image thresholding
methods seek to optimize a threshold-dependent
criterion function that is related to the properties of

the image (Brink, 1992). The issues of importance are
the choice of the criterion function and the method
for converging on the optimal value.
Every biofilm image has a histogram which shows

the variation of the total number of gray-scale values
with gray-scale level in the image. If the object is
distinct from the background, the histogram of the

image is typically bimodal, with the foreground
clustered in one part of the histogram and the
background in another. Based on this feature, a

threshold can be chosen at the valley of the gray-level

histogram.
Many biofilm images are unimodal, which means

there is only one peak in the histogram and no
obvious threshold choice. We explored two ap-

proaches to image thresholding: (1) co-occurrence
matrix methods and (2) histogram-based methods.
Two-dimensional entropy methods based on the co-

occurrence matrix (Haralick et al., 1973) are used as
measures of thresholding performance. The co-
occurrence-based entropy types employed are local

entropy (Pal and Pal, 1989), joint entropy (Pal and
Pal, 1989) and relative entropy (Chang et al., 1994).
The histogram-based thresholding methods used are

Renyi’s entropy (Chang et al., 1994) and iterative
selection (Ridler and Calvard, 1978).

Thresholding a digital image

If f ðm; nÞ is the gray-scale value of the pixel located
at point (m; n), the digital image can be represented as

f f ðm; nÞjm 2 f0; 1; 2; . . . ;M ÿ 1g; n

2 f0; 1; 2; . . . ;N ÿ 1g; f ðm; nÞ 2 Gg ð1Þ

where the size of the image is M�N and the set of
gray-scale values is G and defined as

G ¼ 0; ::NG21 ð2Þ
Let t be a threshold and B ¼ fb0; b1g be a pair of

binary gray levels with ðb0; b12GÞ. The result of
thresholding the image at gray level, t, is a binary
image which is represented by ftðm; nÞ

ftðm; nÞ ¼
b0 if f ðm; nÞ � t

b1 if f ðm; nÞ > t

(
ð3Þ

For a thresholded biofilm image b0 ¼ 1 (black,
foreground) and b1 ¼ 1 (white, background).

CO-OCCURRENCE MATRIX BASED METHODS

Calculating co-occurrence matrices

The co-occurrence matrix is a transition matrix
generated by changes in pixel intensities (Chang
et al., 1994), which describes all intensity transitions

from gray-scale value i to gray-scale value j. It is a
two-dimensional representation of the probability of
gray-scale level changes in an image (Yang et al.,

2000). The element of the (i; j)th entry of co-
occurrence matrix is defined as

tij ¼
XMÿ1
l¼0

XNÿ1
k¼0

dðl; kÞ ð4Þ

where

dðl; kÞ ¼
1 f ðl; kÞ ¼ i and f ðl; kþ 1Þ ¼ j or f ðl; kÞ

¼ i and f ðl þ 1; kÞ ¼ j

0 otherwise:

8><>:
ð5Þ
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A simple example of calculating the co-occurrence

matrix of a digital biofilm image is given in Yang
et al. (2000).

Local entropy method

The local entropy method (Pal and Pal, 1989) is
based on Shannon’s entropy and utilizes the elements
of the co-occurrence matrix (Sahoo et al., 1997). Let
t 2 G be the threshold so that the co-occurrence

matrix is partitioned into four quadrants, (see below)
A;B;C, and D as shown (NG is the maximum gray-
scale value 255). These correspond to the transition

from background-to-background (B!B), back-
ground-to-foreground (B!F), foreground-to-back-
ground (F!B), and foreground-to-foreground

(F!F). The local entropy is defined by the quad-
rants A and D (B!B and F!F).

According to the algorithm proposed by Chang
et al. (1994), the probability of a pixel being in each

quadrant is defined as

PAðtÞ ¼
Xt
i¼0

Xt
j¼0

pij ð6Þ

PBðtÞ ¼
Xt
i¼0

XNG

j¼tþ1
pij ð7Þ

PCðtÞ ¼
XNG

i¼tþ1

Xt
j¼0

pij ð8Þ

PDðtÞ ¼
XNG

i¼tþ1

XNG

j¼tþ1
pij ð9Þ

The probability of an i!j transition can be

normalized by dividing by the probability of being
in the i!j quadrant

pAij ¼
pij

PAðtÞ
;

pBij ¼
pij

PBðtÞ
; pCij ¼

pij
PCðtÞ

; pDij ¼
pij

PDðtÞ
ð10Þ

The resulting probabilities are called the transition

probability distribution (Chang et al., 1994). The
local entropy method uses the spatial correlation in
the image as the criteria for selecting the optimal

threshold, by attempting to maximize the probability

that similar pixels are grouped together. It is based
on the probability distribution for foreground-to-
foreground and background-to-background transi-
tions in the co-occurrence matrix:

Background-to-background entropy:HB!BðtÞ

¼ ÿ 1

2

Xt
i¼0

Xt
j¼0

pAij log p
A
ij

ð11Þ

Foreground-to-foreground entropy :HF!FðtÞ

¼ ÿ 1

2

XNG

i¼tþ1

XNG

j¼tþ1
pDij log p

D
ij

ð12Þ

HlocalðtÞ ¼ HB!BðtÞ þHF!FðtÞ ð13Þ

The local entropy method seeks to select a thresh-

old that maximizes HlocalðtÞ. The components of
HlocalðtÞ measure the relative probability of transi-
tions from background-to-background or fore-

ground-to-foreground, so maximizing the local
entropy will favor thresholds that group similar
gray-scale values together.

Joint entropy method

Quadrant B and C in the transition probability
distribution provide information on gray-scale tran-

sitions from background-to-foreground and fore-
ground-to-background, respectively. Joint entropy
(Pal and Pal, 1989) is defined as

Background-to-foreground entropy :HB!FðtÞ

¼ ÿ 1

2

Xt
i¼0

XNG

j¼tþ1
pBij log p

B
ij

ð14Þ

Foreground-to-background entropy:HF!BðtÞ

¼ ÿ 1

2

XNG

i¼tþ1

Xt
j¼0

pCij log p
C
ij

ð15Þ

HjointðtÞ ¼ HB!FðtÞ þHF!BðtÞ ð16Þ

The joint entropy method seeks to select a thresh-

old that maximizes HjointðtÞ. The components of
HjointðtÞ measure the probability of transitions
between pixels in different segments. Maximizing

this value favors thresholds that minimize the like-
lihood of pixels with similar gray-scale values being
grouped together.

Relative entropy method

The relative entropy method attempts to find a
threshold that minimizes the mismatch between the

transition probability distributions of the thresholded
image and those of the original gray-scale image
(Chang et al., 1994). The smaller the relative entropy,

Xinmin Yang et al.1152



the better the match between the gray-scale image

and the corresponding thresholded image.
The dimensions of the co-occurrence matrix and

the image are NG�NG. Because there are only two
gray-scales in the binary image, equal probability is

applied in each quadrant of the co-occurrence
matrix. The following are the definitions for the
probability distributions in each quadrant for a

binary image.

p
0ðAÞ
ij ¼ qAðtÞ ¼

PAðtÞ
ðtþ 1Þ�ðtþ 1Þ

for 0 � i � t; 0 � j � t ð17Þ

p
0ðBÞ
ij ¼ qBðtÞ ¼

PBðtÞ
ðtþ 1Þ�ðNG ÿ tÞ

for 0 � i � t; tþ 1 � j � NG ð18Þ

p
0ðCÞ
ij ¼ qCðtÞ ¼

PCðtÞ
ðNG ÿ tÞ�ðtþ 1Þ

for tþ 1 � i � NG; 0 � j � t ð19Þ

p
0ðDÞ
ij ¼ qDðtÞ ¼

PDðtÞ
ðNG ÿ tÞ�ðNG ÿ tÞ

for tþ 1 � i � NG; tþ 1 � j � NG ð20Þ

The relative entropy based on co-occurrence matrix
is defined as

HrelativeðtÞ ¼
XNG

i¼0

XNG

j¼0
pij log

pij
p0ij

¼
XNG

i¼0

XNG

j¼0
pij log pij ÿ

XNG

i¼0

XNG

j¼0
pij log p

0
ij

ð21Þ
The goal of minimizing HrelativeðtÞ is equivalent to

maximizing the second term of the above equationXNG

i¼0

XNG

j¼0
pij log p

0
ij ¼

X
A

pij log qAðtÞ

þ
X
B

pij log qBðtÞ

þ
X
C

pij log qCðtÞ

þ
X
D

pij log qDðtÞ

¼ pAðtÞ log qAðtÞ

þ pBðtÞ log qBðtÞ

þ pCðtÞ log qCðtÞ

þ pDðtÞ log qDðtÞ ð22Þ

The optimal threshold by the relative entropy
method is found by maximizing this equation with
respect to t.

HISTOGRAM BASED METHODS

Renyi’s entropy

Renyi’s entropy (Sahoo et al., 1997) is based on the
histogram of an image rather than on the co-

occurrence matrix. It is a combination of the
maximum entropy sum method and the entropic
correlation method. In Renyi’s entropy, the prob-

ability distributions of the foreground and back-
ground classes, L1 and L2, are defined for the
threshold t as

L1 :
p0

pðL1Þ
;

p1
pðL1Þ

; . . . ;
pt

pðL1Þ
ð23Þ

and

L2 :
ptþ1
pðL2Þ

;
ptþ2
pðL2Þ

; . . . ;
pNG

pðL2Þ
ð24Þ

where

pðL1Þ ¼
Xt
i¼0

pi; pðL2Þ ¼
XNG

i¼tþ1
pi;

and pðL1Þ þ pðL2Þ ¼ 1

ð25Þ

Renyi’s entropy of order a for an image is given by

HðtÞa ¼ 1

1ÿ a
ln
Xt
k¼0

pkð Þa ð26Þ

where a6¼ 1 and is a real, positive number.
Renyi’s entropies, for the background and fore-

ground distributions, are given by

HðtÞaL1
¼ 1

1ÿ a
ln
Xt
i¼0

pi
pðL1Þ

� �a

ð27Þ

and

HðtÞaL2
¼ 1

1ÿ a
ln
XNG

i¼tþ1

pi
pðL2Þ

� �a

ð28Þ

Let t�ðaÞ be the threshold level that maximizes the
sum of the Renyi entropies

t�ðaÞ ¼ max HðtÞaL1
þHðtÞaL2

n o
ð29Þ

where t�ðaÞ is a function of a and it is calculated at
three different values according to Sahoo et al.

(1997).

t�1 ¼ t�ð0:5Þ

t�2 ¼ t�ð1Þ

t�3 ¼ t�ð2Þ

The optimal threshold t�c is a function of t�1; t
�
2, and

t�3. It is defined below

t�c ¼ t�1 p t�1
ÿ �
þ 1

4
ob1

� �
þ 1

4
t�2ob2 þ t�3 1ÿ p t�3

ÿ �
þ 1

4
ob3

� �
ð30Þ
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where

pðt�j Þ ¼
Xt
i¼0

pi; ando ¼ p t�3
ÿ �
ÿ p t�1
ÿ �

ð31Þ

and

b1; b2; b3ð Þ ¼

ð1; 2; 1Þ if t�1 ÿ t�2
�� �� � 5 and t�2 ÿ t�3

�� �� � 5

ð1; 2; 1Þ if t�1 ÿ t�2
�� �� > 5 and t�2 ÿ t�3

�� �� > 5

ð0; 1; 3Þ if t�1 ÿ t�2
�� �� � 5 and t�2 ÿ t�3

�� �� > 5

ð3; 1; 0Þ if t�1 ÿ t�2
�� �� > 5 and t�2 ÿ t�3

�� �� � 5

8>>>>><>>>>>:
ð32Þ

The optimal threshold t�c is bounded by

min t�1; t
�
2; t
�
3

ÿ �
� t�c � max t�1; t

�
2; t
�
3

ÿ �
and may be chosen arbitrarily, or on the basis of

some additional function which produces the desired
results. For example, select one of the bounds, or a
linear function of the bounds. In our tests we used the
calculated t�c value from Eq. (30).

Iterative selection method

The iterative selection method is also based on the
histogram of an image but is simpler than Renyi’s
entropy. It assumes that there is a mean value for

both background and foreground pixels (Ridler and
Calvard, 1978) and that an optimal threshold can be
achieved by averaging these two values. The algo-

rithm for Iterative Selection is

Assume that the range of gray-scale level ranges is
[0 .. NG].
Let t�c ¼ NG and moving_index=0;

while(moving_index5 ¼ t�c and moving_index
5=NG)
{

background_sum¼
Pmoving index

i¼0 i�histogram½i�

histogram_sum_background¼
Pmoving index

i¼0
histogram½i�

foreground_sum¼
PNG

i¼moving indexþ1
i�histogram½i�

histogram_sum_foreground
¼
PNG

i¼moving indexþ1 histogram½i�

t�c ¼(background_sum� histogram_ sum_

background+foreground_sum+fore-

ground_sum� histogram_sum_foreground)
� 2

increase moving_index by 1
}

The optimal threshold, t�c , will be the final thresh-

old calculated. It will be the threshold that provides
the maximum degree of separation between the
average gray-scale level of the foreground and

background segments.

EXPERIMENTAL METHODS

In our previous studies we showed that biofilms grown at
different flow velocities and substrate levels had different
structures (Beyenal and Lewandowski, 2000). Therefore,
biofilms of varying structure were obtained for imaging by
growing them at different flow velocities and glucose
concentrations. To investigate the effects of microscopy
type on the thresholding technique, we used images acquired
from transmission and reflected light microscopy, and
confocal scanning laser microscopy.

Biofilm growth

The biofilms were grown in an open channel flow reactor,
made of polycarbonate (3.5 cm deep, 2.5 cm wide, and 85 cm
long with a total working volume of 400mL). A schematic
view of the experimental set-up was presented by Xia et al.
(1998). The reactor was placed on a Nikon Diaphot 200
inverted microscope for further imaging of the biofilms. The
lid of the reactor was sealed with silicon rubber to prevent
contamination and the entire system was sterilized with 70%
alcohol before each experiment. The reactor and compo-
nents were rinsed with sterile water (autoclaved) until all the
alcohol was removed. The reactor components (tubings,
connectors, air filter, etc.) and growth medium were
autoclaved at 1218C prior to experiments.

The broth solution was made of KH2PO4 (0.35 g/L),
Na2HPO4 (1.825 g/L), (NH4)2SO4 (0.1 g/L), MgSO4� 7H2O
(0.01 g/L), yeast extract (0.01 g/L) and glucose (different
concentrations for each experiment). The glucose and yeast
extract were autoclaved separately and then added to the
growth medium.

The following procedure was used to inoculate the
reactors. One mL portions of frozen stock of Pseudomonas
aeruginosa (ATCC 700829), Pseudomonas fluorescens
(ATCC 700830), and Klebsiella pneumoniae (ATCC
700831) were inoculated to separate flasks (50mL working
volume) including growth medium (0.2 g/L yeast extract,
0.5 g/L glucose and the nutrientes given above). The flasks
were then shaken for 24 h and 15mL of each culture from
the flasks were inoculated to the flat plate flow cell. The
reactor was operated batch-mode (recycling) for 12 h and
than switched to the continuous feed mode. To assure
glucose concentration was kept almost constant in the
reactors, we measured glucose concentration using proce-
dure 510 by Sigma1 Diagnostics.

Peristaltic pumps (Cole-Parmer, Chicago, IL) were used
to maintain flow and recycle rates. The recycle ratio (the
ratio of volumetric flow rates of recycle and feed) was
greater than 30 and the hydraulic retention time was less
than 10min to prevent growth of microorganisms in
suspension and to keep the substrate concentrations
constant along the reactor. The difference between the
influent and effluent glucose concentrations was consistently
less than 10% of that in the influent. The recycled solution
was continuously aerated in a mixing chamber before
entering the reactor. The dissolved oxygen concentration
was monitored using a dissolved oxygen electrode and was
kept near saturation value.

The biofilms studied by the transmission microscopy were
grown at 2.5 cm/s flow velocity and 40mg/L glucose
concentration. Images of the biofilms were captured every
day at different locations using 4�objective. For analysis
we used images taken at days 3, 6 and 9. The biofilms
studied by the CSLM were grown at 2.5 cm/s flow velocity
and 40mg/L glucose concentration. Analysis was based on
image taken at days 5 and 7.

Biofilms studied by the reflected light microscopy were
grown at 3.2, 10 and 25 cm/s flow velocity and 50 and
150mg/L glucose concentrations. Analysis was based on
images taken at days 3, 6 and 7.

Xinmin Yang et al.1154



Biofilm imaging

Images acquired by light microscopy. The flat plate
reactor was placed on the Nikon Diaphot 200 inverted
microscope. Two different types of illumination were used
to obtain two different types of biofilm images; (1) light
directed from the bottom of the biofilm (reflected light
microscopy images) and (2) light directed from the top of
the biofilm (transmission microscopy images). The biofilm
was viewed from the bottom using 4 or 10�objectives.
Images were captured by a computer integrated with a
COHU1 camera (Closed Circuit, CA; model no: 2222-1040/
0000) and Flashpoint1 frame grabber (Integral technologies
Inc., Indianapolis, Indiana). The images were taken in TIFF
format and consisted of 640� 480 pixels using Image Pro1

(Media Cybernetics, Maryland).

Images acquired by confocal scanning laser microscopy
(CSLM). A Bio-Rad, model MRC600, confocal scanning
laser microscope integrated with an Olympus, model BH2,
and light microscope was used for biofilm imaging. Detailed
procedures of the imaging are given by Xia et al. (1998). We
used 1%v/v, acridine orange (from Sigma) to stain the
biofilm. After staining the biofilm, we acquired confocal
images at different locations and distances from the bottom.
Ten CSLM images at different depth were captured to test
automatic thresholding methods.

Manual and automatic thresholding of the images

Twenty 8-bit gray-scale (256 gray-scale levels) light
microscopy biofilm images were used to test the manual
and automatic thresholding methods. The image reference
set was collected from different experiments and covered a
broad spectrum of biofilms of different age, grown at
different flow velocities, and at different nutrient concentra-
tions. These provided different structured biofilm images to
be analyzed.

Manual thresholding was performed by 10 biofilm
researchers from the Center for Biofilm Engineering at
Montana State University (Bozeman). Their results were
averaged and the standard deviation was calculated to
assess the variability of operator choice.

Automatic thresholding was performed using the Image
Structure Analyzer (ISA), a software package developed by
the Structure-Function group, Center for Biofilm Engineer-
ing at Montana State University for quantifying biofilm
heterogeneity (Yang et al., 2000). It was developed for the
UNIX/Motif environment in C++ with all calculations
done in double precision arithmetic. All tested thresholding
methods were integrated into this package and tested
against the reference image set.

Comparison of the automatic thresholding methods

To evaluate the differences between the threshold level
selected by automatic thresholding methods and those
selected manually, the mean of the sum squares of relative
residuals (MSSRR) was calculated as

MSSRR ¼ 1

Nm

XNm

i¼1

vai ÿ vi
vai

� �2

ð33Þ

where vi is the threshold of an automatic thresholding
method for image i; vai is the standard (the average of the
manual) threshold for the corresponding image, and Nm is
the total number of images. When Nm is sufficiently large,
the root mean square error gives an average deviation of the
threshold level for the method. A value of Nm ¼ 20 was
found to be sufficient to calculate a statistically meaningful
MSSRR value using the relative least square method. Sáez
and Rittman (1992) demonstrated that when the magnitude
of dependent variable (in our case the treshold value) varies
widely, using relative residuals method is superior to using

absolute residuals. We use the regression coefficient, R2, to
describe the correlation between the manual and automatic
thresholds.

RESULTS

An example of automatic thresholding

Figure 2(A) shows a gray-scale biofilm image
acquired using light microscopy (the biofilm was
grown at 2.5 cm/s flow velocity, at 40mg/L glucose

concentration and was five days old). The darker
areas are biomass and the bright areas are interstitial
space. Five threshold methods were used and the
results are shown in Fig. 2(B)–(F). The thresholded

images are presented as black (biomass) and white
(interstitial space). The iterative selection method
showed the best agreement with the manual thresh-

olding shown in Fig. 2(G).

Gray-scale biofilm images

Figure 3 compares the threshold levels selected
automatically and manually for 20 biofilm images.

Results obtained using the iterative selection method
(Fig. 3(A)), local entropy method (Fig. 3(B)), joint
entropy method (Fig. 3(C)), relative entropy method

(Fig. 3(D)), and Renyi’s entropy (Fig. 3(E)) are
plotted against the average value obtained from
manual thresholding. Error bars show the respective

standard deviations from the average. The figure
shows that local entropy, joint entropy, relative
entropy, and Renyi’s entropy methods yield results

that are poorly correlated with the results of manual
thresholding. A good correlation between the results
of automatic and manual thresholding was found
only for the iterative selection method ðR2 ¼ 0:96Þ.
Table 1 reports the MSSRR and correlation coeffi-
cients between the automatic and manual threshold-
ing method results.

Confocal images

Images of biofilms taken with a CSLM have a
minimal range of gray levels. As a result, the images
are nearly binary without thresholding (Lawrence

et al., 1991). However, the threshold selected by
iterative selection again produced the best correlation
with manual thresholding (results not shown).

DISCUSSION

Accurate measurements of image features using
image analysis require an accurate, reliable method
of image thresholding. Ideally, an automated method

should be used to avoid individual preferences of the
operators. We have tested five threshold algorithms
using images of biofilms of different physical

structure and age. The images were acquired using
different microscopy techniques. To determine the
accuracy of the selected thresholding methods, we

Evaluation of biofilm image thresholding methods 1155



assumed that the correct value of the threshold is that
selected manually by a team of expert biofilm
researchers. The accuracy of the tested methods was

then estimated as the deviation between the threshold
estimated using the respective algorithms and the
correct threshold. The thresholds determined by the

iterative selection method were most accurate.
Attempts to select the best thresholding technique

often define the correct value of the measured

quantity and then evaluate the thresholding proce-
dures based on how closely they come to the true
value. In our study we used the average threshold

from those estimated by several biofilm researchers.
Sieracki et al. (1989) tested nine threshold techniques
all based on the edge detection and used fluorescent

beads of known size to determine the correct
treshold. Dubuission et al. (1994) also used edge
detection techniques for thresholding of bacterial

Fig. 2. A gray-scale biofilm image (A), thresholded by different methods: local entropy (B); joint entropy
(C); relative entropy (D); Renyi’s entropy (E); iterative selection (F); the average value of manual

thresholding (G).

Xinmin Yang et al.1156



culture images but did not define the correct value of

the measured parameters, and therefore, could not
estimate the accuracy of the applied procedures.

There are distinct differences between our work and

similar works described in literature. Edge detecting
techniques described in the above papers were
performed on systems where the edges were easily
detectable: fluorescent beads or microbial cells. The

known size of the fluorescent beads could also serve
as a convenient reference to estimate the accuracy of
applied image analysis procedures. In our case,

however, cell clusters in biofilms did not have
distinctly defined edges and their exact size was
unknown. Consequently, the reference used to

evaluate the accuracy of thresholding procedures
had to be established based on manual thresholding
aided by appropriate statistical procedures.

The ultimate goal of our work is to develop a
software package that automatically evaluates sev-
eral parameters from biofilm images (see our recent
paper: Yang et al., 2000). Although some quantita-

tive parameters characterizing image structure can be
extracted from microscope images using commercial
software packages for image analysis, most of the

software uses manual thresholding.

CONCLUSIONS

Comparing the results of manual thresholding with

those of automatic thresholding indicates that
iterative selection is superior to the other automatic
methods tested. It is also the only automatic method

that is sufficiently precise to be considered as a
potential replacement for manual thresholding. The
results were similar for images collected by light or
confocal microscopy. These results are of interest to

anyone using thresholding in biofilm image analysis,
and may well be extensible to other types of image
analysis, such as medical imaging and automated

manufacturing.
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