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Abstract Cell biovolume is a commonly used metric of
microbial abundance analyzed by computer-assisted micros-
copy, but the accuracies of most biovolume formulas have not
been validated by ground truth data. We examined the accu-
racy of 17 biovolume formulas by comparing the computed
volumes of 3D models representing 11 microbial morphotypes
(cocci, spirals, curved rods, U-shaped rods, regular straight
rods, unbranched filaments, ellipsoids, clubs, prosthecates,
rudimentary branched rods, and branched filaments) to the
volume displacement of the same objects as ground truth. As
anticipated, formula accuracy was significantly influenced by
the morphotype examined. A few formulas performed very
accurately (> 95 %), especially those that adapted to the cell’s
shape, whereas others were consistently inaccurate or only
accurate for one or two morphotypes. As an example of
application, indices of morphological diversity in a freshwater
biofilm assemblage were shown to be significantly different
when microbial abundance among morphotype classes was
measured as biovolume body mass rather than cell counts.
Spatial analysis of biovolume body mass can also provide
insights on the in situ ecophysiological attributes among indi-
viduals in microbial populations and communities, including
their spatially autocorrelated allometric scaling interrelationships
between body size, metabolic activity, resource apportionment

and use, food web dynamics, and various cell-cell interactions
affecting their growth and colonization behavior within spatially
structured biofilm landscapes. This improved computing tech-
nology of biovolume algorithms with proven accuracy identifies
which formula(s) should be used to compute microbial
biovolumes in 2D images of morphologically diverse commu-
nities acquired by conventional phase-contrast light microscopy
at single-cell resolution.

Introduction

Microbial abundance in environmental samples is often deter-
mined by the relative abundance of their signature compounds
(e.g., certain membrane lipids, ribosomal RNA sequences,
fluorescent pigments, muramic acid), microscopy/image anal-
ysis of biovolume body size and its conversion to biomass
carbon, flow cytometry, traditional viable plate counts, chlo-
roform fumigation/extraction, ATP content, and other
methods [1–3]. Among these metrics, cell biovolume can also
provide quantitative ecophysiological information that ex-
tends far beyond its use to measure microbial abundance in
community structure [4–6]. First, it ranks individuals within
the very wide range of body size for the microbial component
of ecosystems, which can extend by several orders of magni-
tude. Second, the principles of ecological theory copiously
recognize the importance of biovolume body size, as the most
abundant species tend to be the smallest in size and the least
abundant species tend to be the largest in size. Third, this
relationship between abundance and diversity tied to an or-
ganism’s biomass provides a first, best surrogate approxima-
tion of its nutrient resource concentration, allocation, and
acquisition. Fourth, body size determines resource use, how
the fractal nature of heterogeneity in food cluster availability
and concentration trade‐off with body size, and how species
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body size constrains its ability to coexist with other species.
Multiple species can coexist on the same limited resource
because they differ in body size, diet, and resource demand.
These ecological traits lead to spatial patterns of colonization
reflecting resource apportionment that allows a high diversity
of species to coexist. The manner in which species of com-
munity participants partition heterogeneous distributions of
the same resource is an important trade‐off constraint that
can help to explain the coexistence of multiple species (in-
cluding microbial predators and prey) occupying the same or
very similar niche space within the community. Fifth, the body
size of organisms is the strength behind the ecological theory
of allometric scaling in all of biology, which seeks to explain
how the biomass of organisms in communities is fixed by
representative metabolic activities and other significant
ecosystem-level processes such as the abundance of incoming
energy and nutrients that drive productivity [4–7]. Thus, cell
biovolume is linked to many ecologically relevant activities
that drive community diversity.

Among the methods to measure body size of microbial
biomass, computer-assisted microscopy using image analysis
has several distinct advantages. First, microscopy is the most
direct of all methods available to quantify microbial abun-
dance in situ. It offers the great advantage of direct visual
feedback, which allows one to carefully inspect the samples
and minimize the quantification biases inherent to some other
methods of community analysis [8]. Second, the signal-to-
noise ratio of valid to invalid objects can be very large when
advanced methods of digital light microscopy and image
segmentation are implemented to discriminate microbes from
each other and from background, enabling measurements at
single-cell resolution and spatial scales that are directly rele-
vant to them [9–11]. Third, the resolution provided by micros-
copy potentially allows measurement of microbial biovolume
following discrimination of various morphotype classes and is
amenable to in situ studies of spatial abundance and ecological
interactions within biofilms where nonrandom colonization
patterns commonly prevail [11–13]. Fourth, measurement of
microbial body size can be semi-automated by computer-
assisted microscopy, facilitating the collection of large data
sets of community samples [1, 14–18].

The protocol to calculate microbial biovolume using
computer-assisted microscopy first involves acquisition of
digital images with adequate spatial resolution to accurately
delineate individual cell boundaries, then segmentation to
reduce the image to the foreground objects of interest, follow-
ed by quantitative image analysis to extract the features used
to compute their volume. Computation of 3D biovolume from
2D projected images acquired by conventional phase-contrast
or epifluorescence light microscopy assumes that the shape of
the foreground objects of interest (i.e., individual microbial
cells) has approximate axial symmetry [19] and they are
sampled with sufficient pixel density so their cell periphery

can be accurately defined [20]. Measurements of the 3D
volume of irregularly shaped microbial cells and aggregates
that lack axial symmetry can be facilitated by implementing
integration algorithms that digitally rotate the object’s perim-
eter to horizontal, measure its 2 pixel-wide serial cross-
sectional lengths, calculate the volume of each resultant thin
cylinder, and finally sum up the volumes of all cylinders of the
whole body mass [16]. Nowadays, the unique optical charac-
teristics of optisectioned confocal imaging make this type of
digital microscopy ideal for measuring the biovolume of 3D
microbial aggregates directly by voxel analysis of image
stacks acquired using laser scanning confocal microscopy
[21–26]. For ecological studies of food web dynamics and
carbon cycling, cell biovolume is typically converted to units
of biomass carbon using an allometric scaling formula [1].

Many formulas have been used to calculate microbial
biovolume by conventional phase-contrast or epifluorescence
microscopy/image analysis [14–16, 19, 20, 27–34], but the
accuracy of most has not been thoroughly validated by com-
parison to ground truth data extracted from a large diversity of
microbial morphotypes using an independent method consid-
ered to be 100 % accurate. One study showed that an integra-
tion method using serial optical sections was more accurate
than two geometric formulas to compute biovolumes of
straight rods, curved rods, and ellipsoids [28]. Another study
[29] compared the accuracy of two biovolume formulas de-
rived fromKrambeck et al. [19] and a third area-based formula
to the “true” volume calculated frommanual measurements of
object areas within 2D test images. In several studies [15–17,
29, 30, 34], formula accuracy was assessed by comparison to
spherical latex microbeads with manufacturer-defined dimen-
sions. These restrictions can pose a significant problem when
analyzing complex, actively growing microbial communities
that have higher morphological diversity because algorithms
based on invariant geometric formulas can lack features need-
ed to accurately define the dimensions of size and shape for
some of the microbial morphotypes present. Indeed, no single
geometric formula has been proven using ground truth data to
accurately fulfill that criterion.

Themotivation for this study was to fill this technology gap
by developing, testing, and validating the algorithm(s) that is/
are most accurate in measuring the biovolume body sizes of
all populations commonly encountered in microbial commu-
nities with high morphological diversity. To achieve this goal,
we measured the accuracy and error rates of 17 different
biovolume formulas (including nine from the literature and
eight developed and/or modified by us) using digital image
analysis compared to ground truth data for macroscopic
objects representing all of the major and many of the minor
microbial morphotypes that develop in natural and managed
microbial communities and can be accurately classified at
single-cell resolution using the Center for Microbial Ecology
Image Analysis Software (CMEIAS [9]). Then as an example
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of application, we evaluated the impact of using cell biovolume
as the metric of microbial abundance when analyzing the
morphological diversity and spatial ecology of the microbial
assemblage in a digital landscape image of a natural, complex
freshwater biofilm.

Materials and Methods

Ground Truth Data

Populations of 3D volume-filled models of 11 microbial
morphotypes were made using a variety of materials (Table 1).
The cumulative volume of each population of model objects
(Table 1) was measured by their volume displacement at room
temperature immediately after submersion in water within a
10×0.1-ml graduated cylinder to avoid errors of volume
changes induced by water absorption.

Image Preparation and Analysis

Prior to volume displacement measurements, the 3D models
of each morphotype population were placed on a flatbed
scanner (Hewlett Packard Scanjet 4890) and scanned with
the lid in an upright position (not covered) to provide high
contrast and definition of the object contours to produce 2D,
8-bit grayscale, noise-free digital images at a resolution of
400 pixels per inch. Each scanned image also contained a
precision ruler (No. R590-6 Westcott Stainless Steel, Fairfield
CT) to produce a 20-mm bar scale for spatial calibration and
was edited to binary using Adobe Photoshop CS3 (San Jose,
CA). Table 2 lists the different combinations of morphotype
populations that were digitally combined into ten composite
community images.

Biovolume Calculations

Seventeen different biovolume formulas were evaluated,
including nine unique formulas from the microbiology
literature [14, 15, 19, 29–34] plus eight modified formulas
introduced in this study (Table 3). The cumulative volume
of each population of morphotypes was calculated in
Excel 2013 from the primary size and shape features
extracted from the segmented objects in digital images
using CMEIAS image analysis software [9]. The geomet-
ric rules of pattern recognition implemented into the
CMEIAS software to perform the microbial morphotype
classification accurately are described earlier [9]. The pri-
mary and derived attributes used to calculate cellular
biovolume by analysis of 2D digital images of the objects
are defined as follows:

Area: The number of pixels in the polygonal approxima-
tion of the cell.

Perimeter: Length of the outside contour of the object
represented as a polygon.

Roundness: Computed as (4πArea/Perimeter2). This
shape feature measures the degree of roundness of the
object, with values lying between 0 and 1. The greater the
value, the rounder is the object.

Major axis length: Length of the longest straight line that
can be drawn through the object, corresponding to the
vector ab in Fig. 1a.

Minor axis length: The length of the longest straight line
that can be drawn through the object perpendicular to the
major axis. This size measurement is the vector cd in
Fig. 1a.

Table 1 Composition, number,
and ground truth cumulative vol-
ume of morphotype populations

aModeling clay was dried and
water impermeable

Morphotype population Model material Number of
objects per
population

Ground truth
cumulative
volume (cm3)

Cocci Airgun steel BB’s 12 0.5

Spirals Solder wire 11 1.0

Curved + U rods Macaroni filled with modeling claya 17 4.4

Regular rods Wild rice grains 33 0.6

Unbranched filaments Solder wire 4 0.3

Ellipsoids Modeling claya 6 4.9

Clubs Modeling claya 6 4.5

Prosthecates Modeling claya and solder wire 6 6.3

Rudimentary branched rods Modeling claya 4 5.6

Branched filaments Solder wire 4 0.4

598 I. Folland et al.



Length and width: The “length” and “width” of ob-
jects is often computed as the major axis and minor
axis lengths of the object’s best enclosed ellipse.
However, because the major axis length can signifi-
cantly underestimate the true length of curved cells
(vector ab in Fig. 1a), we used an alternative “shape-
adaptive” approach to measure cell length auto-
matically, first by classifying the objects according
to their roundness value, and then applying the ap-
propriate formula that computes cell lengths and
widths for each roundness class [9]. In the first step
of this algorithm, objects are automatically classified
into one of two shape types:

(i) Elongated if roundness ≤ 0.8, or
(ii) Rounded if roundness > 0.8

Referring to Fig. 1b, a 2D presentation of a straight rod
with rounded ends can be represented by a rectangle
attached to a half-circle at each of its two poles, and its
length can be approximated as (e+f). On the other hand,
the major axis length feature is used to define the length
of a more rounded object. Thus, the CMEIAS shape-
adaptable algorithm used to compute the object length is
as follows:

Length ¼
2Perimeterþ π−2ð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Perimeter2−4πArea

p

2π

Otherwise; Major Axis Length:

;if Roundness≤0:8;
8>><>>:

The width of an object is defined as its average width along
the skeleton and is approximately computed for these two
shape classes of objects as follows:

Width ¼

Perimeter −
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Perimeter2 − 4πArea

p

π

Otherwise;
Area

Major Axis Length
:

8>>>>><>>>>>:
; if Roundness≤0:8;

Equivalent Width 29½ � ¼ Perimeter −
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Perimeter2 − 4πArea

p

π

Equivalent Length 29½ � ¼ Perimeter

2
þ Equivalent Width 1−

π
2

� �

Accuracy Assessment

Two methods were used to assess the suitability of each
formula to compute the biovolume body mass for each

Table 2 Richness, abundance, and ground truth cumulative volume of morphotype classes in community images

Community
image

Individual population counts Total cell
counts

Ground truth
cumulative
volume (cm3)Cocci Spirals Curved +

U rods
Regular
rods

Unbranched
filaments

Ellipsoid Clubs Prosthecates Rudimentary
branched rods

Branched
filaments

comm-1 12 0 17 33 4 6 0 0 0 4 76 11.1

comm-2 12 11 17 33 4 6 0 6 0 0 89 18.0

comm-3 12 11 17 0 4 0 6 0 4 4 58 16.7

comm-4 12 11 17 0 4 0 6 6 4 0 60 22.6

comm-5 12 11 17 33 0 6 6 6 4 4 99 28.2

comm-6 12 0 17 0 4 6 0 6 4 4 53 22.4

comm-7 12 11 17 33 4 6 0 0 4 0 87 17.3

comm-8 12 0 17 33 4 6 0 6 4 0 82 22.6

comm-9 12 11 17 33 4 6 6 0 0 0 89 16.2

comm-10 12 11 17 33 4 6 0 0 0 4 87 12.1

Fig. 1 Vectors of a curved (a) and straight (b) rod used to define the
primary measurement features needed to compute microbial biovolume
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Table 3 Biovolume formulas examined in this study

Formula Number Formula Source

1 πWidth2Length

4

This study

2 πWidth2Length

4
; if Roundness ≤ 0:8;

4π
3

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Area

π

� �3
s

; otherwise

8>>><>>>:
This study

3 π
4
Equivalent Width2 Length − Equivalent Width

3

� �
Where Equivalent Width is:
2

π − 4

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Length2 þ π− 4ð ÞArea� �q

− Length
� �

[29]a, [30]a, b

4 (4/3)(0.125πWidth3)+(Length−Width)(0.25πWidth2)

Where: Width ¼ Area

Length

� �
Length ¼ 0:25 Perimeter þ Perimeter2 − 16Area

		 		0:5� �
[34]

5 π
4

Equivalent Widthð Þ2 Equivalent Length −
Equivalent Width

3

� �
[29]c

6 πWidthArea
4

þ πWidth3

6
− π2Width3

16

[33]a

7 8:5Area2:5

Perimeter
2

[15]

8 Area2

Length

[27]a

9 π
4 Equivalent Width2 Major Axis Length −

Equivalent Width

3

� �
Where Equivalent Width is:
2

π − 4

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Major Axis Length2 þ π−4ð ÞArea� �q

−Major Axis Length
� �

[29]d, [30]b

10 (Length)(Width)2 This study

11 4π
3

Length
2

� �
Width
2

� �2 [32]a

12
0:94

ffiffiffiffiffiffiffiffiffiffiffi
Area
π

3
q

[14]

13 π Minor Axis Lengthð ÞArea
4

þ π Minor Axis Lengthð Þ3
6

− π2 Minor Axis Lengthð Þ3
16

[33]d

14
4

3

ffiffiffiffiffiffiffiffiffiffiffi
Area3

π

r
[14, 29]

15
4π
3

Major Axis Length

2

� �
Minor Axis Length

2

� �2 [32]e

4

4 6 16

4 6 16

3

3

3

2 23

223

Perimeter
2

p� 4

p� 4

600 I. Folland et al.



microbial morphotype. Both were based on differences be-
tween the ground truth values of the population or community
model objects measured by volume displacement and their
cumulative volumes computed from image analysis data ex-
tracted from each digital image (Tables 1 and 2). These
differences between observed and expected values occur
when the biovolume formula does not account for the infor-
mation needed to produce a more accurate estimate [35]. The
computed values of volume were rounded to the nearest
0.1 cm3 to be consistent with the precision of the ground truth
data.

The first formula computes the percent relative accuracy
as follows:

Percent relative accuracy ¼ 100 − 100
δ−M
δ


 �				 				
where δ is the ground truth volume of the objects and M is
their calculated biovolume derived from image analysis data.
This algorithm to calculate the percent relative accuracy yields
positive% values for formulas computing volumes that are no
more than twice the size of the ground truth data, and negative
% values when the computed volume is more than two times
the ground truth.

The second formula computes the mean squared error as
follows:

Mean squared error MSEð Þ ¼ 1

n
∑n

i¼1
bY i−Y i

� �2

where n is the number of images being analyzed, bY i is their
predicted (computed) volume, and Yi is their ground truth
volume. This algorithm yields only positive values and repre-
sents the intensity of errors, so the closer the mean squared error
value is to 0, the better estimator the formula is at predicting the
ground truth volume of the foreground objects.

Comparison of Cell Biovolume Vs. Differential Cell Counts
as the Metric of Abundance Among Populations
of Morphotype Classes in Microbial Community Analysis

Clean borosilicate glass microscope slides were submerged for
four summer days from a fishing line approximately 1 ft below
the surface of the Red Cedar River that flows through the
campus of Michigan State University (East Lansing, MI,
USA). Slides were retrieved, their underside wiped clean,
mounted in filter-sterilized water with a No. 1.5 thickness glass
cover slip, oiled above and below the slide, and examined by
phase-contrast light microscopy at 0.2 μm spatial resolution
using a 100× Planapochromat Phase 3 objective lens to resolve
the periphery of individual bacterial cells. Digital 8-bit gray-
scale images of the microbial biofilms were acquired using a
monochrome digital camera, then segmented to binary, spa-
tially calibrated with a 10.0-μm slide micrometer, and ana-
lyzed using CMEIAS image analysis software [9]. Cell
biovolume was computed by image analysis using the shape-
adapted Formula 2 (Table 3).

Statistics

Data were evaluated using EcoStat [36], Species Rich-
ness and Diversity [37], PAST [38], and GS + Geostatistics
[39, 40] software.

Results

The first component of this study measured the accuracy of 17
biovolume formulas applied to digital images of various
morphotype populations and communities by comparison to
ground truth data. Figure 2 is a composite image containing
populations of each morphotype model examined. All objects

Table 3 (continued)

Formula Number Formula Source

16 π
4Minor Axis Length2 Major Axis Length −

Minor Axis Length

3

� �
[19, 31]

17 4π
3

Major Axis Lengthð Þ Minor Axis Lengthð Þ2 [32]e

a Modified in this study to use CMEIAS shape-adapted length and width formulas rather than major axis length and minor axis length
b Blackburn and Hagstrom [30] used a mathematically equivalent formula to Formula 9 by Massana et al. [29]
c The equations for calculating Equivalent Width and Equivalent Length are presented at the end of the Materials and Methods section entitled
“Biovolume Calculations”
d Massana et al. [29] and Kuwae and Hosokawa [33] used length and width calculated by NihImage (v. 1.57 and v. 1.59, respectively), which measure
the ellipse major axis and ellipse minor axis (http://rsb.info.nih.gov/nih-image/manual/menus/analyze.html), equivalent to vectors ab (major axis length)
and cd (minor axis length) in Fig. 1a
e The formula of Ramsing et al. [32] was revised to reflect the formula of the best filling ellipsoid, which in the original publication [32] was expressed as
major and minor axis lengths (Formula 17) rather than major and minor semiaxis lengths, respectively. This revision increased the accuracy of Formula
15 compared to Formula 17

Biovolume Formula Assessment for Diverse Microbial Morphotypes 601



had some rounding of poles when viewed at high resolution. The
morphotype classifications of all segmented model objects in
each population and in various combinations to produce

community images were verified as 100 % correct using the
CMEIAS supervised, hierarchical tree morphotype classifier
(Online Resource 1). Although classified separately, both U-
shaped rod and curved rod morphotypes were grouped together
in the population of the clay-filled elbow macaroni model for
formula analysis (Online Resource 1). The ground truth volumes
of each population of morphotype models and each community
composed of different combinations of the same populations are
presented in Tables 1 and 2, respectively. Online Resource 2
presents the cumulative volumes for each population of the 11
morphotypes computed by the 17 different formulas. Online
Resources 3 and 4 indicate the percent relative accuracy and
mean squared error, respectively, of each formula for each
morphotype population based on comparison of its computed
volume to the expected value represented by the ground truth
data for the same sample.

As anticipated, the accuracy of the biovolume formulas
varied according to the morphotype examined (Online Re-
sources 3 and 4). Formulas 1–3, 9, 13–16 were most accurate
in computing the volume of cocci. Formulas 1–6 were most
accurate in computing volumes for the spiral, regular rod,
unbranched filament, and branched filament morphotypes.
Formulas 9 and 13 were also accurate in computing the
volume of regular rods, and Formulas 9 and 15 were also
accurate in computing the volume of unbranched filaments.
Formulas 1, 2, and 7 were most accurate in computing the
volume of ellipsoids. Formulas 3–6 were most accurate in
computing the volumes of U-shaped rods, curved rods, and

Fig. 2 A composite image containing populations of all morphotype
models included in the study. Included (top to bottom) are cocci, spirals,
unbranched filaments, regular straight rods, curved rods, U-shaped rods,
ellipsoids, rudimentary branched rods, branched filaments, clubs, and
prosthecates. See Online Resource 1for the CMEIAS-rendered
pseudocolored morphotype classification image of this same digital com-
munity image

Table 4 Overall percent accura-
cy and mean squared error of the
17 biovolume formulas for all
morphotypes and digital
communities

Biovolume formula Overall average percent relative
accuracy

Overall mean squared error (mean±SD)

All morphotype
populations

All
communities

All morphotype
populations

All communities

1 98.4 96.6 0.01±0.02 0.38±0.24

2 98.4 96.5 0.01±0.02 0.43±0.29

3 96.8 95.7 0.08±0.16 0.86±0.83

4 93.2 95.3 0.07±0.15 0.94±0.80

5 94.8 95.2 0.08±0.16 1.04±0.92

6 94.8 95.2 0.08±0.16 1.04±0.92

7 78.0 87.4 0.24±0.36 6.10±3.40

8 79.2 80.8 0.40±0.55 13.34±6.54

9 78.2 80.3 1.13±2.44 15.41±10.29

10 68.0 68.3 1.25±1.33 36.77±18.46

11 68.2 68.8 1.38±1.65 36.85±20.94

12 -24.3 44.6 4.16±6.54 112.69±59.34

13 -1.6 29.4 11.60±28.69 200.20±130.79

14 -115.4 -20.7 17.34±23.39 533.73±266.35

15 -615.3 -90.6 123.20±252.39 1,472.05±1,247.01

16 -803.9 -154.6 186.47±377.06 2,543.63±2,064.36

17 -6,282.7 -2,124.5 10,509.21±19,385.61 188,398.55±136,787.29

602 I. Folland et al.



rudimentary branched rods. Formulas 1, 2, and 9 were most
accurate in computing the volume of clubs. Nine of the 17
formulas computed the volume of two or more morphotype
classes with acceptable relative accuracy, and the remaining
eight formulas were consistently inaccurate, or at best, only
accurate for one morphotype class. A similar ranked trend
was found when assessing the performance of the formulas
using the squared error method of assessment. The two top
performing biovolume formulas (#1 and 2) had a MSE of
0.01 and an average relative percent accuracy of 98.4.

Interestingly, no formula accurately computed the volume
for the prosthecate morphotype of intact objects (Online Re-
sources 2, 3, and 4). Further investigations put an end to this
limitation by digitally splitting prosthecates at their major ver-
tex angle located at the junction of the mother cell to its
prostheca. This digital image editing step transforms each
prosthecate cell into two foreground objects: a mother cell that
becomes morphologically classified as an ellipsoid, coccus, or
regular rod (depending on its specific shape), and its digitally
isolated prostheca that becomes classified as an unbranched

Fig. 3 Segmented image of the
morphologically diverse
microbial biofilm assemblage
colonized on a glass microscope
slide submerged for 4 days in the
Red Cedar River, East Lansing,
MI. See Online Resource 8 for the
CMEIAS-rendered
pseudocolored morphotype
classification image of this same
community landscape

Table 5 Comparison of morpho-
logical diversity of a freshwater
microbial biofilm assemblage
when using individual cell count
vs. cell biovolume as the metric
for class abundance

The statistical significance of the
difference between pairs of abun-
dance values was tested using the
Solow [41] randomization method
with 10,000 iterations
a Indices are significantly greater
(p < 0.05) when computed using
biovolume rather than individual
cell counts as the abundance met-
ric. The small differences between
indices computed using biovolume
before and after digital correction
for prosthecates are not statistically
significant (p > 0.05)
b Significantly greater dominance
(p < 0.05) than the same index
computed using biovolume

Morphotype class and
community diversity index

Abundance and community index values

Individual
counts

Biovolume without prosthecate
correction (μm3)

Biovolume with prosthecate
correction (μm3)

Coccus 600 401 401

Regular rod 341 157 157

Ellipsoid 49 78 78

Curved rod 45 39 39

Prosthecate 30 18 32

Unbranched filament 12 69 69

U-shaped rod 12 13 13

Club 10 43 43

Branched filament 1 10 10

Shannon-Wiener diversity 1.209 1.595a 1.627a

Simpson diversity (1/D) 2.510 3.434a 3.539a

Brillouin diversity 1.191 1.569a 1.602a

McIntosh diversity 0.380 0.476a 0.484a

Pielou J equitability 0.550 0.726a 0.741a

Simpson evenness 0.279 0.382a 0.393a

Macintosh evenness 0.553 0.689a 0.701a

Brillouin evenness 0.548 0.724a 0.734a

Heip evenness 0.296 0.491a 0.511a

Camargo evenness 0.294 0.558a 0.471a

Smith & Wilson 1D evenness 0.677 0.796a 0.806a

Berger-Parker dominance 0.545b 0.484 0.476
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filament. The resultant increases in accuracy of the computed
biovolume for prosthecate cells using all formulas applied to a
prosthecate-specific image are presented in Online Resources 3
and 4. Formulas 1 and 2 most accurately computed the volumes
of digitally split prosthecate morphotype models.

The cumulative volumes for all morphotype populations
within the ten different digital communities were then computed
by each of the 17 formulas (Online Resource 5) and compared to
the ground truth data obtained by volume displacement (Table 2)
to calculate the percentage relative accuracy and mean squared
error for each biovolume formula (Online Resources 6 and 7).
Formulas 1 and 2most accurately computed cumulative volumes
of the mixed populations designated as communities 2, 6, 8, and
9. Formula 1 also most accurately calculated the cumulative
volume in community 5. Formula 3 was most accurate in calcu-
lating the cumulative biovolumes in communities 1, 3, 4, 7, and
10. Formulas 7–17 were consistently less accurate in computing
cumulative volumes of the mixed populations of morphotypes in
all ten digital communities.

The overall averages of percent relative accuracies and
mean squared error (MSE) of the 17 biovolume formulas for
the ten different morphotype populations and various combi-
nations of them in community images are indicated in Table 4.
Formulas 1–3 ranked highest, with an overall average relative
accuracy of ≥ 95 % for all morphotype populations and all
mixed morphotype communities. Formulas 4, 5, and 6 ranked
as a close second in overall performance and accuracy, with an
overall average relative accuracy of ≥ 95 % for mixed
morphotype communities and ≥ 93 % for morphotype popu-
lations. The overall MSE was a useful metric because the
squaring of the error value significantly improves the ability
to rank each formula’s accuracy, thereby amplifying the
discrimination between closely performing formulas. The
overall average of MSE for all 17 formulas ranged from
0.01 to 10,509.21 for population images and from 0.38 to
188,398.55 for community images. In general, for digital
communities, MSE ranking closely followed the inverse trend
of percent relative accuracy (i.e., percent relative accuracy

Fig. 4 K-dominance (a) and Renyi diversity ordering (b) analyses that
compare the morphological diversity in the microbial biofilm assemblage
shown in Fig. 3 when computed using individual cell counts vs.
biovolume-weighted metrics of microbial abundance. In the cumulative
K-dominance plot, morphotypes are ranked according to their descending
order of relative abundance

Fig. 5 Semi-log 2D scatter plot of average cell biovolume vs. number of
individuals for each morphotype class in the biofilm community image
(Fig. 3). Also shown are the best fit power model with trendline, equation,
and R2 value

Fig. 6 Ripley L(d)-d plot of the in situ spatial distribution of cells in the
aquatic microbial biofilm landscape. Shown are the instances where
patterns are rarely uniform and numerously clustered based on their
location below and above the 95 % confidence envelope of random
distribution, respectively
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decreased as MSE increased) with the exception of Formulas
10 and 11, which ranked slightly in reverse. The MSE ranked
the accuracy of Formulas 1 and 2 at the very top (consistent
with the percent relative accuracy), was able to discriminate
their close values with high precision, and clearly identified
the formulas that were significant outliers reporting erroneous
biovolumes for certain microbial morphotypes.

The second component of this study was to compare the
use of cell biovolume vs. differential cell counts as metrics of
population abundance in a microbial biofilm community anal-
ysis. Figure 3 is a representative image of the bacterial assem-
blage within a natural freshwater biofilm landscape developed
on a glass microscope slide submerged during four summer
days in the Red Cedar River, East Lansing, MI. Online
Resource 8 is a CMEIAS-rendered image of the same
biofilm landscape with each cell pseudocolored according
to its assigned morphotype classification. Table 5 com-
pares the differentiated, individual microbial cell counts
vs. their biovolume body sizes as the metric of abundance
for each microbial morphotype class present. Multiple
indices of morphological diversity calculated for this same
community assemblage were consistently higher when
computed using biovolume body mass as the metric of
abundance because it detected higher evenness and equi-
tability (hence decreased dominance) in the distributions of
member abundance within each morphotype class (Table 5).
The Solow statistical test with 10,000 randomized partition
iterations [37, 41] indicated that these differences in commu-
nity indices were statistically significant (p < 0.05) for this
assemblage (Table 5).

The robustness of this trend was further examined by
comparing K-dominance and Renyi ordered diversity plots

of the distribution of morphotype classes (Fig. 4a, b). The K-
dominance plot evaluates the percentage cumulative abun-
dance against log class rank [4], and the Renyi plot uses an
entropy-based, diversity ordering method to evaluate the rel-
ative magnitude of differences in community structure when
multiple diversity indices are used [37, 42]. The resultant less
elevated curve in the K-dominance plot and the more elevated
curve in the Renyi plot both indicated a lower dominance-
based, higher computed diversity of the freshwater biofilm
assemblage when using biovolume as the abundance metric.
These results corroborate that this trend is very robust when
compared across a family of diversity indices.

A 2D scatter plot of number of individual counts vs.
average biovolume body size for each morphotype had the
typical declining slope relating the allometric scaling relation-
ship between morphotype class abundance and metabolic
energy demand (Fig. 5). A regression analysis of the data
indicated that a negative power trendline made the best fit to
these data.

The third component of this study was to explore the
use of biovolume body mass as the abundance metric when
analyzing the in situ spatial ecology of cell-cell interactions
in the freshwater microbial biofilm community. Point pat-
tern analyses of the nearest neighbor distances between
each of the 1,100 cells in the microbial assemblage of the
biofilm landscape (Fig. 3) statistically rejected the null
hypothesis of complete spatial randomness (Holgate A
index of 0.603, p=0.001), indicating that their spatial pat-
tern of distribution is mostly aggregated. This result was
corroborated by the Ripley K function, which determines
whether the cells exhibit clustering over a range of spatial
scales [43]. The resultant L(d)-d normalized plot of
Ripley’s K function (Fig. 6) indicated spatial heterogeneity
in the landscape structure, with a few examples of uniformly
distributed patterns (below the simulated 95 % confidence
envelope of randomness) at a cell separation distance of
1–2 μm, and multimodal examples of aggregated distribu-
tion patterns (above the 95 % envelope) at optimal cell
separation distances of approximately 10, 24, and 36 μm.
These results indicate that the biofilm assemblage has a
strong spatial structure of a few short-range, uniform dis-
tributions and many clustered cell distributions that cannot
be accounted for by random chance. These results
prompted us to perform a geostatistical analysis of their
spatial pattern at greater resolution to determine if the
continuously distributed variable of biovolume body mass
in the biofilm landscape is spatially autocorrelated, i.e., if
neighboring cells at one location influence the biovolume
body size of their cell neighbors at more distant locations
[39]. The resultant semivariogram model and Moran’s in-
dex function (Fig. 7) indicated that the microbial biovolume
body mass has significant autocorrelated spatial structure
within the biofilm landscape, with an effective spatial range

Fig. 7 Geostatistical modeling of the spatial autocorrelated biovolume
body size among individual microbial cells in the biofilm landscape of
Fig. 3. The semivariogram model andMoran’s I plot (insert) indicate that
individual cells significantly influence the expression of their neighbors’
biovolume body size when separated by a radial distance no greater than
8.7 μm. Major positive and minor negative interactions are indicated
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of nearest neighbor distances for effective cell-cell interac-
tions affecting this ecophysiological attribute that extends
out to a separation distance of 8.7 μm between individual
cells. All (100 %) of the cells in this image of the biofilm
landscape have nearest neighbor distances that lie within
this radial effective range. This in situ spatial scale of
biovolume-autocorrelated colonization behavior corresponds
to the first three scaled data points of uniform distribution
and the next 17 scaled data points of aggregated distribu-
tion (located below and above the 95 % confidence enve-
lope of random distribution, respectively) identified in the
Ripley K analysis (Fig. 6).

Discussion

In terms of its ecophysiological importance, biovolume body
mass has many advantages over alternative metrics to measure
the abundance of population and community members. First,
it correlates with and/or significantly influences nearly all
characteristics of organisms, from the structural and functional
at the molecular, cellular, and whole organism levels to their
ecological and evolutionary dynamics [44]. Second, the eco-
logical perspective of community structure is improved since
biovolume bodymass is a more direct measure of resource use
and a better representation of the most active components in
the community than are the alternative metrics of number of
individuals or frequency of cloned phylogenetic sequences
even when they are readily recognizable [4]. The biovolume
of individual cells also facilitates comparisons between taxa in
which population sizes are markedly different. Third, body
size determines the scale of habitat at which organisms per-
ceive and navigate by dispersal through their physical world
[45]. Fourth, the quantitative information of individual body
size can be used to model several other ecologically signifi-
cant features of populations and communities, including their
environmental interactions affecting food web dynamics,
predator-prey relationships, each organism’s resource appor-
tionment and acquisition requirements, rates of allometrically
regulated metabolism, biomass production and population
growth, and how it constrains the ability to coexist with other
species [4–6, 45].

The biovolume body mass of individual microbial cells in
digital images can be measured in situ using the combination
of computer-assisted microscopy and digital image analysis.
Direct voxel analysis of images acquired using confocal mi-
croscopy is the method of choice when the foreground objects
are positioned beneath the specimen’s surface and/or separat-
ed from each other by a Z-dimension that exceeds the objec-
tive’s optical depth of field. But when the objects are dispersed
within a surface monolayer without background interference
(e.g., during early biofilm colonization), the image sampling
does not have to be very thin (no physical or optical sectioning

required) and analysis does not require 3D confocal imaging
or stack reconstruction. In this case, accurate biovolume mea-
surement of individual cells can be obtained with great suc-
cess by image analysis of 2D images acquired using high-
resolution, phase-contrast light microscopy or standard
epifluorescence microscopy. The major requirements unique
to the use of computer-assisted microscopy in biovolume-
based measurements of microbial abundance are that acquisi-
tion of representative images requires skilled microscopy
using high quality optics and accurate image segmentation
protocols [10, 46]. The image must have adequate pixel
sampling density and magnification to minimize pixel edge
error effects at the outermost surface contours of individual
cells [20]. All methods to measure microbial biovolume as-
sume that the protocols of specimen preparation allow dis-
crimination of living cells from detritus and that dead vegeta-
tive cells decompose rapidly in situ and thus are not included
as signal in the abundance measurement. Fluorescent vital
stains to discriminate live/dead cells microscopically are avail-
able, but their visual differentiation without spectral analysis
and the inaccurate definition of the cell periphery that defines
its size when the targets for staining are intracellular (e.g.,
nucleoid, ribosomes) especially under starvation survival con-
ditions can result in significantly erroneous underestimation of
the entire cell volumes [10].

Many biovolume formulas have been used in microbial
ecology studies of 2D images, but the accuracy of several
has not been rigorously validated. This study used ground
truth data to measure and rank the accuracy of 17 formulas
(nine from the literature and eight developed here) to compute
the volume of individual objects that represent morphologi-
cally diverse microbial populations and communities in 2D
digital images. The accuracy of these biovolume formulas
varied widely and was very morphotype specific. Several
biovolume formulas were highly inaccurate; others only per-
formed well for certain morphotypes (e.g., cocci); and a few
formulas performwith sufficient overall accuracy (≥ 95%) for
all morphotypes. The latter formulas are ideal choices for
analysis of actively growing microbial communities that have
high morphological diversity, as commonly occurs in nutri-
tionally enriched habitats that support microbial growth.

A common feature shared by the two top performing
algorithms is their use of computer vision to intelligently adapt
the biovolume formula to the classification of the object’s
shape. The first top performing algorithm (Formula 1) is
98.4 % accurate for all morphotype populations and 96.6 %
accurate for all communities examined. It uses the shape
classification of the objects implemented in CMEIAS soft-
ware [9] to improve the accuracy of computing their cell
lengths and widths in the biovolume formula. The second
top performing algorithm (Formula 2) has the same overall
relative accuracy for all morphotype populations and is only
marginally less accurate than the first algorithm for all
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communities tested. This second algorithm directly chooses
the appropriate formula to compute the object’s biovolume
based on its shape classification result, and when appropriate,
then uses the shape-adapted formulas for cell lengths and
widths to compute the biovolume. For both of these top
performing algorithms, this shape-adaptive strategy ultimately
improves their accuracy to compute biovolumes for the di-
verse range of cell morphotypes commonly encountered in
actively growing microbial communities. Three other exam-
ples found in this study illustrate the improvement in accuracy
of biovolume formulas when these shape-adaptable formulas
for cell length and width were implemented (Formulas 13 vs.
6; Formulas 9 vs. 3; and Formulas 15 vs. 11). The major
reason why nonshape-adapted formulas for cell length and
width are inaccurate is because the cell feature of longest
straight dimension separating the furthest pixels along its
major and minor axes (Fig. 1 vectors ab and cd, respectively)
will not accurately represent the lengths of cells with curvature
(e.g., curved rods, U-shaped rods, spirals) and/or variable
widths (e.g., clubs, ellipsoids).

Since the relative accuracies of the biovolume formulas are
morphotype specific, the morphotype composition of the mi-
crobial assemblage in the image should be analyzed before-
hand to determine if object segmentation is complete and to
assist in selecting the most appropriate formula to compute
their volume. The digital morphotype classifier featured in
CMEIAS [9] can perform this early step of the biovolume
analysis, and the next release version of CMEIAS includes a
new feature that automatically reconstructs morphotype-
specific images from classified output images so they can be
reanalyzed using the recommended formula with the highest
possible accuracy matched for that specific morphotype [47].
For CMEIAS morphotype classification, the image should
have a sampling density that includes at least 30 pixels per
foreground object to achieve its documented 96+% accuracy
[9]. The importance of morphotype classification is also indi-
cated by the significant benefit of digital image editing to
increase the accuracy in measuring the biovolume of cells
classified as prosthecates.

As an example of application, we examined the impact of
using cell biovolumes vs. number of individuals as the metric
of microbial abundance among morphotype classes in the in
situ analysis of the microbial assemblage in an image of a
freshwater biofilm. The biovolume metric consistently com-
puted lower levels of community dominance inmorphological
diversity resulting in greater evenness in their distribution and
higher computed morphotype diversity indices. All of these
quantitative differences were statistically significant. The re-
sults indicate that the use of biovolume body size as the metric
of class abundance leads to a modeled community structure
that is more evenly distributed among classes (i.e., less of a
pyramid). This result is consistent with the ecological princi-
ple that differences in the number of individuals are

accompanied by opposite and compensatory changes in their
biovolume body mass [6]. This shift in assessment of ranked
abundance can also have a significant impact when consider-
ing the “conditional rarity” characteristic of abundance in
community structure [48], as rare classes can be more typical-
ly diet generalists compared to dominant classes, and the
dynamic responses of some rare ecotypes to perturbation
may be diametrically opposite that of dominant components
during the resilient responses of microbial communities to
ecological succession following environmental perturbations
[9, 49, 50].

Quantitative information provided by biovolume data is
fundamental to relating the ecophysiological attributes of
population classes within biofilms that are driven by met-
abolic energy usage in situ. Allometric scaling theory pre-
dicts that the body size metric of abundance should decline
with the scaling law proportional to metabolic energy
demand and that the relationship reflects the outcome of
competitive interactions among guilds within the commu-
nity [4–7]. Community metabolism is positively related to
total community biomass because the resource require-
ments of community productivity cause mass to scale with
metabolic rate of consumption and be inversely propor-
tional to abundance. Smaller species occur in higher abun-
dance of individuals because their resource requirements
and metabolic rates are low compared to the amount of
shared resources they can obtain, given the amount of
exclusive resources they need to guarantee persistence in
the community. Thus, food webs that receive similar amounts
of energy should reach similar levels in total biomass, regard-
less of differences in their individual organism size. For mi-
croorganisms, sizing down by reductive division events to
increase the ratio of body surface area to biovolume is a
strong, allometrically driven adaptation to starvation-
imposed reduction in metabolic rate and growth physiology,
accompanied by various stringent responses such as increased
efficiency of nutrient uptake systems, turnover of ribosomes,
remodeling of their cell envelope architecture, and utilization
of internal storage polymers to satisfy their maintenance en-
ergy requirements for survival when nutrient availability is
low. The optimization of formula choices to compute
biovolume body size provided by this study makes it possible
to accurately predict that allometric scaling relationship of
metabolic energy demand for each of the different
morphotype populations in the community. The quantitative
relationship between allometric scaling and metabolic energy
demand that is indicated by the best fit power trendline of the
typical negative regression slope in the 2D scatter plot of
average biovolume body size vs. the number of individual
counts for each morphotype class (Fig. 5) represents a useful
addition to the many in situ ecophysiological attributes that
CMEIAS image analysis can provide for microbial commu-
nity analyses [11].
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Quantifying the spatial heterogeneity of microbial biomass
in situ can reveal important insights into their colonization
behavior in spatially structured landscapes, such as what
typically occurs during biofilm development [11–13, 51]. Spa-
tial analyses that find patterns of distribution with statistically
significant departure from complete spatial randomness indi-
cate that operations of colonization behavior involve a spatially
explicit process with unique causes and biological conse-
quences rather than occur randomly and independent of their
location [11]. Microbial colonization of local areas low in
nutrient availability leads to poor productivity and small
biovolume body size, with a tendency to form overdispersed
spatial patterns indicative of intense competition, whereas col-
onization of nutritionally enriched microenvironments results
in increased body size and growth that flourishes as aggregated
patterns of local microcolonies. This information is of signifi-
cant ecological importance because spatial heterogeneity
resulting from both types of nonrandom patterns between indi-
viduals (aggregated or uniform) tends to stabilize ecological
systems [52, 53] and can explain much of the species diversity
that coexists in a community colonizing a habitat [5]. Thus,
modeling spatial patterns of microbial biofilms that are weight-
ed according to individual body size can enhance the under-
standing of their ecophysiological functioning in situ.

In the aquatic biofilm assemblage examined here, statistical
analysis of their spatial distribution at single-cell resolution
indicated patterns in the landscape that cannot be explained by
random chance, but instead that localized and/or regionalized
microbial interactions have affected their spatial colonization
behavior resulting in the distribution of accumulated biomass
present. Their highly structured patterns are magnificently
symphonic, with small patches of spatial uniformity
(regularity) implying negative (inhibitory, competitive, and/
or antagonistic) interactions that have resulted in some cells
that are maximally separated and overdispersed with self-
avoiding colonization behavior, and numerous other larger
patches of spatial aggregation implying positive (cooperative
and/or mutualistic) interactions among the vast majority of
neighboring cells that have promoted each other’s growth
ecophysiology. The intensity of spatial autocorrelation in mi-
crobial cell biovolume found in the biofilm landscape was
highly significant, predicting phenotypic adaptations resulting
in optimal spatial positioning of cells relative to the scale-
dependent variability in limiting resource partitioning [5, 39],
and that the in situ spatial scale of these autocorrelated cell-cell
interactions extends to all neighboring cells since they are
positioned within this geospatial effective range (≤ 8.7 μm)
in the sampled landscape and therefore are close enough to
influence the biovolume body mass of their nearest cell neigh-
bors. Similar trends of spatially explicit cell-to-cell interac-
tions have been found in our spatial ecology studies of micro-
bial biofilms that develop in various natural and managed
habitats, including plant rhizoplanes and phylloplanes [12,

13, 51, 54–56], freshwater streambed pebbles [57], and mi-
croscope slides suspended in various river/lake ecosystems
[11–13].

In summary, this study fills a significant gap in digital
technology by analyzing, ranking, and recommending the
formulas that can accurately compute the morphotype-
specific biovolume of individual cells in 2D segmented im-
ages acquired by conventional phase-contrast light microsco-
py of microbial populations and communities. The recom-
mended formulas cover the full range of all major plus most
minor microbial morphotypes commonly found in actively
growing microbial communities. This improved computing
technology extends the use of image analysis far beyond the
common practice of calculating microbial biovolumes as ei-
ther spheres for cocci and cylinders capped with hemispheres
for rods. It also supports new opportunities of imaging appli-
cations to derive in situ ecophysiological attributes of micro-
bial populations and communities based on their biovolume
body size, including studies on emerging theories of
individual-based ecological and evolutionary dynamics, allo-
metric scaling interrelationships between metabolic activity
and resource allocation/use, and cell-cell interactions that
impact on colonization behavior within biofilms. All of the
top performing biovolume formulas identified here (and their
automatic conversion to units of biomass carbon using user-
defined values in the allometric scaling law [1]) will be
implemented into algorithms for a major upgrade of CMEIAS
image analysis software [47], designed to strengthen
microscopy-based approaches to achieve a deeper understand-
ing of microbial ecology at spatial scales directly relevant to
single cells and the ecological niches they occupy.
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