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Abstract

Microbial biofilms are complex spatially heterogeneous communities that play critical roles in medical,
industrial, and environmental systems. Advances in three-dimensional (3D) imaging technologies,
particularly confocal microscopy, have enabled the collection of high-resolution 3D biofilm image
datasets. However, quantitative analysis of these datasets remains constrained by the lack of standardized
repositories, scalable annotation tools, and robust machine learning methods for 3D segmentation and
characterization. Existing biofilm analysis tools rely heavily on threshold-based approaches and often fail
when confronted with multispecies or multidomain biofilms with complex architectures.

This chapter introduces the Biofilm Image Library (BIL), presenting the framework for a critical and
transformative open-access, community-driven infrastructure designed to enable the development of next-
generation computational tools for biofilm analysis. The overarching goal of the BIL is to provide curated
3D microscopy datasets, standardized metadata, expert annotations, and integrated machine learning
pipelines to facilitate reproducible research in computational microbiology. In this chapter, we identify
key challenges and research gaps in biofilm image analysis, including cell segmentation, spatial co-
localization across imaging channels, fungal morphology quantitation, and multiscale modeling of
microbial communities. We further describe how emerging machine learning methods, including deep
learning-based segmentation and annotation frameworks, can enable quantitative characterization of
biofilm structure, organization, and function.

By combining standardized imaging resources with accessible computational tools, the BIL accelerates
advances in biofilm science, promotes cross-disciplinary collaboration among microbiologists, engineers,
and computer scientists, and supports transformative science in applications including antimicrobial
resistance, disease diagnostics, environmental monitoring, spaceflight life support systems and
astrobiology.
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1. Introduction

Microbial biofilms are structured communities of diverse microorganisms that attach to surfaces and to
each other, are embedded within extracellular polymeric substances [1,2,3] and are widespread across
natural, human, and engineered environments [1,4,5]. Biofilms represent a strategic growth phase that not
only allows cells to survive in hostile environments, but also to colonize new niches. Collectively,
biofilms are far more resilient than planktonic cells [6-9]. For example, biofilms have increased resistance
to antimicrobials and heavy metals, higher desiccation tolerance, and different substrate-utilization
kinetics than their planktonic counterparts. Further, biofilms can retain water and nutrients, and can
tolerate rapid changes in salinity, osmolarity, pH, nutrient availability, and redox conditions. Together,
these adaptive properties drive the persistence and ecological success of biofilms. Biofilms pose
siginificant challenges across major economic and societal sectors-including industry, medicine, and
environmental protection/restoration, costing the global economy USDS$4 trillion dollars anually in
energy losses, equipment damage, product contamination, agricultural losses, and medical infections [10].
Conversely, biofilms also present opportunities for beneficial applications including bioremediation of
contaminated environments [11], microbiome restoration, wastewater treatment [ 12], and bioenergy
production [13,14].

1.1. A Brief Historical Perspective

For over 30 years, biofilm research has largely focused on single-species bacterial systems. While single
organism studies have provided fundamental insights into biofilm formation, structure, and physiology, as
shown in Figure 1, most biofilims in natural and engineered environments exist as complex, multi-
species, multi-domain consortia (e.g., comprised of bacteria, archaea, fungi and viruses). Increasingly, the
community of biofilm researchers is shifting towards the study of these more relevant systems that exhibit
complex microbial associations that influence metabolite exchange, interspecies signaling, and
cooperative interactions that may contribute to biofilm survival in extreme environmental

conditions [15,16]. Such complexity of multispecies and multidomain biofilm systems has exposed the
limitations of single-species models, highlighting critical knowledge gaps in understanding how spatial
organization, interspecies interactions, and multi-scale processes collectively govern biofilm behavior.

To understand bacterial biofilm behavior (e.g., growth, maturation, spatial structuring, substrate and
nutrient transport, and responses to chemical gradients) mathematical modeling has played an important
role. Most existing models assume that biofilms can be described as a homogeneous medium in which
case dimension-reduction approaches can be used to describe phenomena in one or two spatial
dimension(s) [7,17]. However, these simplified models do not incorporate the heterogeneity and
complexity of the 3D structure that are likely to have a significant impact on the biofilm’s function.

Over the last two decades, imaging has become an essential instrument in biofilm research because of the
ability to provide three-dimentional (3D) information of living hydrated in situ biofilms non-invasively
and in real time [18,19,20]. Given that biofilms have high phenotypic and genotypic heterogeneity there
are few analytical techniques besides imaging that have the ability to capture these variations in 3D space
and time. Imaging by confocal microscopy has allowed gene expression localization [21,22], structural
analysis of extracellular material [23-26], community identification [27], fluid flow and diffusivity pattern
recognition [ 18], and visualization of structural heterogeneity in response to antibiotics and hydrogen
peroxide production among others [28,29].

At present, analyzing even a single 3D image can be a daunting computational task, with no standardized
image data format and very few easy-to-use accessible tools. Several 3D biofilm image analysis tools
have been developed, including the venerable COMSTAT [30, 31], Center for Microbial Ecology Image
Analysis System (CMEIAS) [32], Daime [33], Beers Analysis [34] and BiofilmQ [35]. Fundamentally,
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these existing approaches seek to answer two key questions: (1) Where is the biomass? and (2) Where are
the microbial cells in the biofilm? Answering both questions is essential for understanding community
spatial organization and for informing mathematical models to infer function. But answers remain
surprisingly elusive. The exisiting image analysis approaches above attempt to address these questions
primarily through intensity-based thresholding and pixel-based volumetic analysis, which fail
spectacularly when the biofilm is either: very sparse (due to a low signal to noise ratio); very dense (due
to signal heterogenity); or very thick (due to laser attenutation). Other imaging artificats may also be
present, such as cellular movement, substratum autofluoresence, photo-bleaching, and point spread
function based distortion, that can result in inaccurate biomass quantification and cell identication [36].

To overcome these challenges there has been a flurry of research and development of cell segmentation
tools using conventional and deep learning 3D image analysis methods: BCM3D 2.0 [37],

StarDist OPP [38], DeepSeeded [39] and Cellpose—SAM [40]. Training these systems using manually
annotated data remains a human resource bottleneck. These methods and their training sets are still being
benchmarked [41], with cell sementation continuing to be an active area of research. Nonetheless, even
these state of the art approaches are severely limited and currently constrained to biofilms composed of
single color channel image data from single species biofilms.

1.2. Limitations of State of the Art in Machine Learning

Applying machine learning (ML) approaches, such as for cell segmentation, to a database of 3D images
requires that new computationally efficient tools be developed. Central to understanding biofilm function
in 3D is the ability to analyze spatial and organizational information derived from noisy biological 3D
images. This is a task that can only be done by developing ML pipelines that enable analysis of these
complex structures across different species and different complex environmental systems. Current
limitations in manual and 2D-based analyses highlight the need for scalable ML pipelines capable of
analyzing 3D structure-function relationships, ultimately linking biofilm spatial organization to metabolic
activity, interspecies interactions, and functional outcomes. A natural starting point is the development of
such tools for model systems (e.g. composed of single bacterial species). Examples of biofilm architecture
are shown in Figure 1.

Biofilm image analysis pipelines need to manage 3D data from multiple color channels. That is, each
color in a 3D confocal image is captured as a separate channel by a laser with a specific wavelength.
Currently, most image analysis approaches analyze each color channel separately. Though many tools
exist for cell segmentation of 2D images, far fewer tools exist for 3D cell segmentation of multi-color
images. At present, the available image analytical tools that provide state of the art performance are either
commercial and/or computationally expensive [38,42,43,44], and in our experience do not deliver
accurate cell segmentations on biofilm images.

Highly accurate cell segmentation of these types of images cannot be done by simply decomposing the
signal into monochromatic channels and applying models trained on specfic colors. To separate cluster of
cells with overlapping or adjacent boundaries, it is desirable to fuse information from multiple channels.
We have used existing tools, such as those in ImageJ 3DSuite [45,46], to manually segment and annotate
images, and have found performance, defined by the accuracy of boundaries identifed by the ML
algorithms compared to reference annotations, to be very dependent on the image and channel. An
example is shown in Figure 2, where an image is composed of red and green channels and then
segmented using a combination of traditional signal processing and morphological operations. Building
ML algorithms that work across a wide range of 3D images (e.g., different organisms, microscopy,
magnification, dimensionality, channel complexity), potentially with many colored channels, will be a
challenge and requires large data sets for training.
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1.3. Limitations of Analytic Methods

A critical gap remains in methods for analyzing multispecies and multidomain biofilms. In addition to
answering Where is the biomass and Where are the cells? in multi-species and multidomain systems,
biofilm researchers also want to know Which species? This is a non-trivial problem, as accurate species
identification first depends on cell segmentation, and often depends on manual tuning of algorithm
parameters that vary wildly across environmental conditions and imaging scenarios. While advanced ML
algorithms offer the potential to overcome this limitation and to approach human performance on cell
segmentation of data, large amounts of annotated data are needed to train such algorithms. To annotate
enough complex structures to train the tools to derive rules of spatial and structural organization for
cooperation, competition, and protection in response to nutrients, flow and stressors, one needs a large
collection of images across diverse model systems.

The lack of image analysis tools has also impacted the progress of more challenging research questions
such as How does biofilm morphology and subcommunity arrangement affect pathogenesis? To
succcessfully answer such questions will require new robust image analysis methods that are easily
accessible, centralized, computationally efficient, capale of microsegmentation of high resolution images
and reproducible across multiple laboratories. While ML and artificial intelligence research is pervasive
today, the success of advanced ML algorithms tends to correlate with the amount and quality of training
available (and the economic interest in the application area). Many important problems in the life and
health sciences simply do not have sufficient data available to support the application of advanced ML
algorithms involving long-distance spatial context (e.g., tens of thousands of pixels and/or across multiple
slices of 3D images) necessary for macroscale modeling of biofilm communities across entire surfaces
such as cathaters [42,43]. Advanced techniques using foundation models, pre-training and fine-tuning are
still in their infancy for biological imaging.

The BIL (www.biofilmimagelibrary.org) overcomes these hurdles and lays the groundwork for an open-
access, community-driven repository of standardized, high-quality biofilm images, metadata, and
associated computational models, and accelerates the development of open-source easy-to-use
computationally efficient tools aided by ML. As shown in Figure 3, its goal is to provide three types of
resources: (1) manually annotated 3D image data that can be used to train sophisticated ML models,

(2) software tools to support statistical and geometric analysis of annotated images as well as the ability to
automatically annotate images using powerful foundational models, and (3) transformative knowledge
discovery based on the analysis of its large inventory of diverse images. The BIL fosters computer
science innovations that significantly enhances the scientific community’s ability to study biofilms from a
diverse variety of environments from industrial and environmental to medical.

1.4. Microscope Acquisition Parameters and Their Impact on Image Data

Confocal microscope (CM) settings can be tuned and these impact how the resulting 3D image data are
affected. Confocal microscopy encompasses several imaging modalities, including scanning laser,
spinning disk, and slit-scanning systems, each differing in scanning strategy, speed, and resolution to suit
specific applications. The experimental set up of a confocal scanning laser microscope, one of the most
common modalities, consists of a laser excitation source, optical components for selective detection of
emitted fluorescence, and a scanning system that acquires sequential optical slices (called z-slices) to
reconstruct three-dimensional images [47].

Independent of the specific CM, the microscopist collecting the images chooses several aspects of the
imaging experiment: the stain or flurophore used when preprocessing the microbiological specimen, the
laser emission bandwidth and intensity, detector gain, the objective lens to use (resulting in a specific
optical magnification), where to image on a surface or substratum (i.e., the field of view (FOV)), how
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deep into the specimen to image, and the pixelation of the image. These user-defined collection
parameters are critical because they determine the sensitivity, resolution, and how representative the
acquired data is, which influences the accuracy and variability of downstream quantitative image analysis.

For example, when the microscopist chooses to use a 25X objective lens on the CM, the corresponding
FOV being imaged is approximately 620pum X 620um. There is a very high probability of detecting an
individual bacterium (commonly 1 — 2um in diameter) in this sized FOV. When the microscopist uses a
63X objective, the FOV is about 250pm X 250pm. Such higher magnification objective lenses will
typically be capable of visualizing individaual bacterial cells in the FOV, although now the FOV is much
smaller, requiring more FOVs and more time on the microscope to maintain a low limit of detection
across the entire substratum (e.g., of a medical device or of a food contact surface) [48] . For the image
data visualized in Figure 1A, the horizontal (xy) FOV was captured by a 25X objective lens resulting in
approximately a 620pm X 620um FOV resulting in individual cells being clesrly visible. Objective
lenses with lower magnification than 25X have a much lower chance of distinguising individual bacteria,
making the resulting images problematic for detecting low levels of biofilm, such as residual
contamination after cleaning a medical device.

The CM images in Figure 1A-C were collected over different lattice sizes n, X n,, X n, chosen by the
microscopist. A lattice is a regular array of points describing the spatial arrangement of pixels that
compose a 3D CM image. The z-dimension is associated with the vertical dimension in line with the
CM’s objective lens. The x-and y-dimensions of the lattice are orthogonal to the z-dimension. When
biofilms are grown on a flat substratum, images are usually collected (as in Figure 1) so that x and y are
parallel to the flat substratum where the biofilm is attached and z is orthogonal to the substratum
(Constans 2004). A CM constructs a 3D image by collecting multiple z-slices, each an n,, X n,, planar
image at focal planes and depths chosen by the microscopist, at n, discrete vertical locations (z)
throughout the biofilm. Out-of-focus light is filtered out using a pinhole. The n, z-slices are stacked
together to form a z-stack. The number of x and y pixels are the same in each z-slice, n, = n,,.

At each location (x, y, z) in the lattice, the CM records the intensity of the biofilm’s fluorescence after
excitation, I, as an 8-bit integer (i.e., an integer value between 0 and 255). It is convenient to index the
lattice locations (x,y, z) by integers (i, j, k), in which case the intensities Iy,,, are conveniently denoted
by I;ji . Each location in the lattice corresponds to a 3D pixel, also called a voxel, with physical size
AxAyAz, in the image. Because microscopists often desire high spatial resolutions to achieve appealing
visualizations, they typically choose fine pixelations, n, = n, = 1024 (e.g., pane A of Figure 1), which
sets the spatial resolution in the z-slices (Ax = Ay). When generating a video of images over time,
however, the microscopist often lowers the spatial resolution, e.g. n, = n, = 512, to increase the
temporal resolution (At) of the time lapse image frames in the video. In Figure 1, the physical depth of the
vertical dimension (z) ranges from just a few microns to 200 pm. The microscopist sets the number (1)
of z-slices over this range depending on the thickness of the biofilm which sets the spatial resolution in
the vertical dimension (Az). Finding specific temporal resolutions (4t), pixelations (i.e., sizes of the
lattice n,, X n,, X n,), numbers of fields of view and numbers of biological replicates that give sufficient
information about the biofilm while minimizing uncertainty have been studied by the authors [49,50].

We next turn our attention to the community-wide needs addressed by the BIL The rest of this chapter is
organized into five sections. Section 2 discusses the limitations of current image analysis tools. Section 3
describes the types of software tools that will be available from the BIL and the analyses they support.
Section 4 details the types of data hosted by the BIL and describes how other institutions can share data in
an interoperable way. Section 5 outlines the potential scientific impact of the BIL as a community-wide
resource. In Section 6, we conclude the chapter with a brief discussion of future directions for the BIL.
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2. Limitations of Current Image Analysis Tools

Biofilm image analysis tools have lagged behind the advancement of technologically advanced image
collection instrumentation. Existing tools, such as COMSTAT, CMEIS, Daime, Beers Analysis and
BiofilmQ), are fundamentally limited in their ability to resolve and compare 3D biofilm structures and
instead focus primarily on quantifying biomass using pixel-based (voxel-based) representations, without
explicitly identifying individual cells. Consequently, these approaches fail to capture the spatial
organization and structural relationships essential to biofilm function. Currently available analyses also
lack the capacity for comparative analysis across datasets, limiting the discovery of shared architectural
features and generalizable rules governing biofilm organization. Addressing these limitations requires a
shift toward cell-resolved, 3D analysis frameworks capable of supporting cross-system comparisons. The
following subsections provide more details of the current limitations of existing image analysis tools.

2.1. Bias in Biomass Estimation

The simplest question one may ask from 3D image data is How much biomass or biovolume is there? The
answer provided by most existing image analysis approaches is to simply count bright pixels. Perhaps not
surprisingly, counting bright pixels can be problematic.

“Bright pixels” are those pixels with intensities at or above some threshold 8. A fundamental assumption
when calculating biomass or biovolume with respect to a threshold is that pixels with intensities at or
above 6 are spatial locations associated with biomass, while other pixels are associated with background
or “noise”. Threshold selection often lacks robustness with a strong dependence on how specimens were
prepared and digitized. Hence, to accurately estimate biomass or biovolume, it is crucial to determine the
threshold in a biologically meaningful way. Very commonly (e.g., when using COMSTAT or BiofilmQ),
Otsu’s method is applied to determine a threshold 8 that minimizes the intra-class variability of two
classes: biomass or background. As discussed below, Otsu’s thresholding method appears to accurately
identify biomass for thin biofilms, but fails when the biomass is much thicker than 60 um.

In addition to biovolume, conventional biofilm quantitation from CM images involves other global
metrics calculated from pixel intensities. Metrics and their corresponding formulae are:

2 202 Tk Lije (see e.g. [18]); (M)

1

e average intensity, | =
g ¥l =

e biovolume = volume of bright pixels (pixels with intensities above a threshold 0),
n
V = AxAyAz 37, Zjil Yl GijLiji =2 0) 5 (2)

where 6(+) is an indicator function;

14

e average thickness over the FOV is biovolume/FOV, T = v
xMy

©)

e surface coverage (%), C = L

— %% 2, 84(Iji = 6 for any k) x 100%. @)
The quantities in Eqgs. (1)-(4) are provided by publicly available image analysis software like COMSTAT,
BiofilmQ and Beers Analysis; or when using using commercial software like Imaris [51].

For thick biofilms, it is known that the global metrics in Egs.(1)-(3) can be biased due to limited laser
penetration or attenuation deep in the biofilm due to Beers Law [20, 52]. That is, in thick biofilms, the
intensities associated with biomass deep in the biofilm, typically at more than 60 um below the top of the
biofilm, are lower than expected. This bias due to attenuation yields artificially lower average intensity
(I), lower biovolume (¥) and lower thickness estimates (T). One approach for mitigating this bias for
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thick biofilms is to first estimate the top of the biofilm, and then calculate biovolume and thickness by
integrating under the top, which is performed by both COMSTAT [30,31] and Beers Analysis [52].

This bias in biomass estimation was investigated [50] when assessing changes in biovolume of a very
thick biofilm undergoing expansion and contraction when intermittently subjected to a saltwater
treatment. A video of 2D representations of the 3D image data of the biofilm undergoing these events is
available in the Supplementary Materials at [36]. Two different approaches were used to calculate
biovolume from the video of 3D biofilm image data. Figure 4 shows biovolumes estimated from 40
frames of the video that capture expansion of the biofilm as a saltwater treatment is removed and then
reapplied. The saltwater treatment was applied sometime between frames 31 and 32 that is associated
with a large drop in volume between frames 31 and 33.The expansion and contraction of the biofilm was
captured by first estimating the top surface of the biofilm and then integrating underneath. However,
simply counting bright pixels severely underestimated the biovolume and failed to even detect the
expansion or contraction events.

Figure 4 suggests that biofilm surface fitting then integrating the biovolume could be a panacea for
calculating biovolumes for thick biofilms. However, this approach has at least two limitations: (1) every
pixel under the biofilm’s top surface contributes to the biovolume — i.e., any holes in the biofilm will bias
the biovolume estimate upwards; and (2) the biofilm is assumed to be attached to a flat substratum, with
the first z-slice captured just above the substratum. The second limitation may be mitigated by providing
an estimate of the potentially non-linear surface of the substratum where the biofilm is attached. This may
be provided when a color channel is used to image the substratum itself.

In summary, even for the simplest pixel-based global metrics (see Egs. (1)-(4) above), the underlying
assumption is that pixel intensities are relatively homogenous throughout the biofilm, and can be
aggregated together regardless of spatial location. This assumption breaks down in thick biofilms,
resulting in biased estimates of the most ubiquitous biofilm characteristic ever: biovolume. Additional
sources of bias when calculating global metrics are photo-bleaching (i.e., photon-induced chemical
damage to fluorophores) and photo-toxicity (light induced cellular damage). Even if a global metric like
biovolume is estimated well, this still does not allow for the enumeration of individual cells in 3D, or
resolve cell density, clustering, or spatial organization within the biofilm. We will investigate in
Sections 3 and 5 how the BIL addresses these limitations.

2.2. Absence of Uncertainty Quantification and Ad hoc Design of Imaging Studies

Quantitation of the global metrics in Section 2.1 from a single image is almost always reported as a single
point estimate with no error bars or estimate of variability — i.e., with no uncertainty quantification. For
example, the software COMSTAT, BiofilmQ and Imaris provide no measures of uncertainty when
calculating biovolume, thickness or surface area of a single 3D CM image. A main driver for this
omission is that it is not straightforward how to account for the effect of the spatial correlation when
calculating error bars. Put another way, intensities for pixels closer together tend to be more similar but
vary independently for pixels that are far apart. Such spatial correlation tends to inflate the error bars
associated with biovolume, thickness or surface area. There are few instances in the literature where
uncertainty quantification is provided for image analysis outcomes. The error bars for biovolumes in
Figure 4 were calculated by fitting a Laplacian model of 2D spatial correlation to the top surface of the
biofilm separately at each time point [50]. Beers Analysis calculates biovolume error bars by fitting a
regression model to all intensities in the 3D image data as a function of depth [52] and then fitting an
AR(1) model of 2D spatial correlation to the top surface of the biofilm [19].

In addition to the factors that contribute to the variability in a single image (heterogeneity of biomass and
the resulting pixel intensities; and the pixelation chosen (ny, n,, n,)), there are other sources of variability
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that dominate which requires a microscopist to carefully choose the appropriate numbers of fields of view
and the number of biological replicates when designing an imaging study [19,49]. In our experience,
whether studying colony-forming units (CFUs) or imaging outcomes, the amount of uncertainty also
depends on the microbial species being studied and the presence of environmental stressors such as the
antimicrobial efficacy of any applied treatments [49,52]. Unfortunatelty, unlike for standardized tests that
generate CFUs, the variability of imaging outcomes, even for simple pixel-based metrics as in

Section 2.1, are not well known.

Well-designed imaging studies (with adequate temporal resolution, pixelations, numbers of FOVs and
biological replicates) are essential for understanding the reproducibility of biofilm formation, organization
and tolerance. These designs require a detailed knowledge of the sources of variability for different
species and environments. The BIL bridges this gap by harboring rich imaging datasets for different
microbial species and environments, allowing researchers to estimate sources of variability and then
design statistically powerful imaging studies to efficiently test hypotheses desperately needed by
clinicians, antimicrobial formulators and medical device manufacturers.

2.3. Poor Understanding of Spatial Correlation of Multiple Species

Not uncommonly, microscopists collect image data from mulitple species from the same biofilm sample.
Ideally, the spatial location of each species is captured in a separate color channel. For example, in

Figure 2, cyanobacteria are colored green and heterotrophic bacteria are colored red. In this example, both
a green intensity and a red intensity is collected from each pixel location in the n, X n, X n, lattice.
Given mulitple color channel image data, a common question is How do different species correlate in 3D
space?

This is a not an easily answered question using any of the existing image analysis tools because they
focus on a pixel-based analysis of each channel separately (Section 2.1). Pixel-based metrics are available
that answer a different question: How do different color channels correlate in 3D space?. To calculate
this correlation, each channel in an image is first thresholded and analyzed separately, then a nearest
neighbor approach is applied [53] to estimate how often pixels in each colored channel are associated
with similarly or differently colored pixels as a function of distance. Unfortunately, the spatial correlation
of the pixels from multiple channels may not accurately describe how cells from different species
correlate in space. For example, in a multiple-species model where the cells of one species are physically
much larger than the other, there will tend to be more clustered pixels associated with the larger celled
species than for the smaller celled species even if the clustering/aggregation patterns of the two species is
the same. This highlights one goal of the BIL, which is to first identify where individual cells are using
cell segmentation. After individual cells are identified, then it is possible to directly estimate how cells of
different species correlate in space.

3. Machine Learning Tools Easily Accessible from the BIL

There is a need to move beyond the simple pixel-based biomass measures and provide quantitation that
predicts biofilm adhesion, architecture, and functional behavior. A summary of the technical vision for
this section is shown in Figure 5, where we present a list of tools that we envision being a part of the BIL.

3.1. Identification of Individual Microbial Cells

Answering the question Where are the individual cells? is referred to as cell segmentation. Cell
segmentation from 3D biofilm images is a very challenging machine learning (ML) problem because it
requires a two-step process: (1) low-level frame or pixel level classification, and (2) aggregations of these
local decisions into complex shapes. To do this accurately, the algorithms must learn to emulate human
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judgements, which are based on sizes, shapes, density, micro-level and macro-level information.
Unfortunately, adequate data to train and develop such models across a wide range of biofilms does not
exist. This requires a curated data set with manual annotations or machine learning-assisted annotation,
although it is argued by some that training by synthetic data is a viable alternative [54]. Further, rapidly
evolving research in self-supervision, pre-training and vibe research are reshaping how we approach the
process of annotating data [55].

Bacterial cell segmentation remains an active area of research, with existing approaches including
BCM3D 2.0, StarDist OPP, DeepSeeded, and Cellpose—SAM. Figure 6 shows an example of raw image
data and predictions made with an ML algorithm, StarDistOPP. This example was generated by adapting
a standard StarDistOPP model using a small number of images (N = 3) that were partially annotated by
human annotators. While the results are promising, the modified DICE score [43] for this small data set
was in the 60% range, which indicates there is still significant room for improvement before these
segmentations are ready for downstream quantification analysis.

Another active area of research is the identification and quantification of the heterogeneous morphologies
of filamentous fungi, as depicted in Figure 7. Currently, few tools are available for fungal quantitation.
One example, the Fungal Feature Tracker (FFT) [56], can comprehensively characterize mycelia,
including hyphal segments, hyphal tips, total mycelial length, and total area covered by the mycelium.
However, FFT requires high-contrast, low-noise images for accurate analysis.

Quantifying fungi within biofilms presents additional challenges because fungal cells often exist in
multiple growth states within the same image. For example, images of Candida albicans grown in the
presence of Enterococcus faecalis may contain yeast cells, chaining yeast, pseudohyphae, and hyphae. As
growth progresses, hyphae can become large and entangled, forming dense mycelial mats.

To address these challenges, image analysis techniques are being developed to accurately classify yeast
cells, yeast chains, pseudohyphae, hyphae, and hyphal mats while providing both counts and volumes in
cubic micrometers. However, several obstacles remain before the process can be fully automated. Chains
and pseudohyphae occasionally require manual reassignment between classification categories. When
yeast cells and hyphae are so densely packed together they are completely touching, the existing
algorithms cannot reliably distinguish between them. ML approaches are currently being trained to
recognize and remove yeast cells from these images to improve hyphal analysis. Similarly, when hyphae
become highly entangled, total hyphal volume can be measured, but individual hyphae cannot be
resolved. This limitation may ultimately be best addressed through ML-based segmentation and
classification approaches.

3.2. Species Identification and Spatial Correlation of Multiple Species in a Biofilm

Understanding multispecies and multidomain biofilms has profound implications across every scientific
domain from space travel to the human microbiota including infections such as endodontic, peritoneal,
cystic fibrosis and chronic wound infections.

In vitro biofilm studies typically utilize engineered reactor systems with well-characterized (often
genetically tractable) single microbial species (e.g., Escherichia coli, Candida albicans, Pseudomonas
spp., Staphylococcus spp., Legionella). The authors have developed, engineered and standardized these
systems [57-60].

While much has been learned from single species studies, biofilms exist naturally as multi-species, multi-

domain consortia, as shown in Figure 8. Hence, truly understanding mixed species and multi-domain
biofilms (MDB) requires advanced analytical and analysis approaches. Simple natural systems such as
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subaerial biofilms, and in vitro studies of mixed species and mixed domain biofilms are already being
used to begin to understand the principles underlaying these types of biofilms and their complex mixture
of smaller interdependent subcommunities. The number and types of microbial interactions in
multispecies biofilms grows exponentially with the addition of each new organism [61], making
unraveling system interactions as large as the human microbiome challenging.

The structural and spatial organization of the communities may indicate their functions. For example,
metabolic cooperativity may be recognized by closely associated interdigitated communities. Protection
may be suggested by outside communities surrounding inside communities. Survival in harsh conditions
may be driven by multidomain biofilms (e.g., bacteria with fungi) for the minimization of extracellular
space in microbial biofilms promoting cellular associations that impact metabolism, and that promote
cooperation that may contribute to the survival of such films in (harsh) environmental conditions [15,16].
These patterns are observed in natural communities from subaerial biofilms on marble monuments
(Figure 2) to dental and gastrointestinal tract biofilms.

The biggest challenges with determining the spatial co-location of multiple species in the same biofilm is
not just accurate identification of the different species (Figure 2), but also accurate cell segmentation of
each species. Traditional nonlinear techniques such as color balancing, automatic gain control, erosion,
dilation, channel differencing, etc. do not result in robust image-independent algorithms. Robust methods
are needed for 3D segmentation and comparison of community structural organizations between images
as well as metabolic cooperativity as suggested by 3D Raman spectroscopy. For MDB involving bacteria
and fungi, the quantitation of fungal hyphae (filaments of various lengths running through biofilms)
presents an interesting problem in morphological analysis (Section 3.1). This remains a consistent
challenge for all investigators examining fungi in any setting and constitutes a computational challenge of
the microbial community in general. By allowing cell segmentation training and fungal morphologocal
training on large amounts of data, the BIL facilitates assessing how the cells of different species co-locate
in 3D space.

3.3. Predictive Models of Biofilm Behavior

The BIL ultimately allows images to be transformed into mechanism-based predictive models by
providing large, standardized datasets that enable ML and mathematical modeling to identify general
principles governing biofilm formation, organization, function, and resilience. Additionally, if trained on
reliable empirical data, ML can identify growth trajectories and infer the environmental variables that
drive developmental transitions, enabling prediction of future community structure under changing
conditions. The BIL is a collection of observations in the form of 3D images with associated metadata.
ML is a powerful tool for pattern discovery in the organization of communities. These organizations can
be used to gain a mechanistic understanding of specific community function and allow a comparison
across communities to develop overarching biophysical principles that drive community function which
can be mathematically modeled. Mathematical modeling can be used to explain and validate experimental
and observational data, generate novel hypotheses for potential gaps in knowledge, and ultimately be used
for prediction of community behavior. Ultimately, these models will be used to address multiple
questions about biofilms: How do they get there? How do they grow? How are microbiomes organized?
How do factors such as physical surfaces, nutrients, temperature, atmosphere, and toxic exposures affect
these structures? And finally, How do these microscopic observations scale to ecological niches and
available surfaces?

3.3.1. Data Collection: Why 3D?

Biofilms are inherently 3D structures, and understanding biofilm behavior spanning environmental,
medical and industrial settings requires analytical techniques that can preserve the spatial relationships
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that govern microbial interactions and function. Traditional two-dimensional (2D) imaging captures a
small fraction of biofilm architecture. The impacts of relying on 2D image analysis is that it can obscure
and miss important information about cell positioning, vertical stratification, pore structure, connectivity,
and the spatial organization of subpopulations. For example, it has been demonstrated for cells that appear
adjacent in a 2D projection may not actually be neighbors in three-dimensional space [62]. As a result,
critical processes that occur within the depth of the biofilm cannot be accurately measured or modeled
from 2D observations alone.

Therefore, the gold-standard in biofilm science is 3D imaging, which preserves the spatial relationships
that determine microbial function. Depending on biofilm thickness and cellular density, as well as the
spatial resolution, penetration depth, and optical sectioning characteristics of the imaging modality
employed (e.g., multiphoton versus point-scanning confocal microscopy), 3D imaging can provide
quantitative, spatially resolved characterization of biofilm architecture. Such measurements can capture
both the organization and spatial heterogeneity of cellular communities and the diffusion-reaction length
scales that govern local microenvironmental conditions, including nutrient availability, oxygen transport,
metabolite exchange, pH gradients, quorum-sensing signaling, antimicrobial penetration, reactive oxygen
species dynamics, and waste-product accumulation. Collectively, these measurements provide a
framework for relating biofilm structure and cellular organization to the physicochemical gradients and
transport processes that regulate community function and survival.

Importantly biofilm models must also incorporate emergent dynamics and passive physical processes
such as cell clustering, jamming, mechanical buckling, and the forces governing transitions from motile
populations to mature 3D biofilms [63]. Together, these physical, chemical, and biological interactions
shape biofilm architecture, function, and resilience across multiple spatial and temporal scales.

3.3.2. Observation and Pattern Discovery: Towards Mechanistic Understanding

The first step towards discovering biofilm behavior is observation in the form of 3D images coupled
with metadata about important growth conditions for the biofilms. For example, for laboratory grown
biofilms, metadata is required on medium, temperature and flow. For environmental biofilms, metadata is
required on sampling location, time of year, and measurements of environmental conditions such as
temperature or humidity. ML inherently depends on data collection, high-quality annotation and
informative metadata.

Once properly trained, ML is a powerful tool for recognizing patterns. Particularly important for accurate
mathematical modeling for prediction of function is the spatial organization of the biofilm community in
3D. Once the individual cells are identified, the shape, size, spacing and organization of the community
members can be discovered. The conserved patterns within a system can provide clues to their biological
function and conserved patterns across biological systems suggest underlying mechanistic principles.

The next step is gaining a mechanistic understanding of the effect of 3D structural organization of the
community on biofilm function. ML models like Claude.ai [64] can incorporate biological and physical
principles like diffusion and reaction kinetics to predict aspects of biofilm behavior (e.g., growth and
dispersion). Combined, iterative biological experiments, ML predictions and mathematical modeling can
identify knowledge gaps and generate testable hypotheses. This powerful combination can be used to
determine general and biofilm specific rules governing basic processes necessary for biofilm success.

Some open research questions that this workflow will adress:

e How do biofilms initially colonize surfaces? The workflow will allow for identification of common attachment
patterns informed by features such as surface charges and physical features both on synthetic surfaces as well
as natural environments such as crevices in rocks and polygons in permafrost. After initial adherence patterns,
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early common structural changes associated with successful colonization can be investigated leading to
understanding of the general and specific principles driving biofilm colonization.

o  What physicochemical factors influence biofilm growth and maturation? Determination of how factors such as
nutrient availability, fluid flow, surface properties, temperature, and humidity shape biofilm structure. For
example, how can nutrient access be modeled based on diffusion reaction coupled with cell packing and EPS
composition in 3D? In microbiomes, how does 3D structure influence organization of species specialized in
use of primary nutrient sources vs. secreted volatile and non-volatile metabolic end-products from primary
carbon and energy source users? How does flow create microenvironments at leading edges, around, and
behind structures?

e How are biofilms and subpopulations spatially organized? Integration of 3D microscopy with complementary
datasets such as Raman spectroscopy and spatial transcriptomics enables ML to identify recurring patterns of
biofilm organization across structural, chemical, and genetic environments. By linking spatial architecture with
local metabolic activity and gene expression, ML can uncover how distinct subpopulations form, interact, and
specialize within biofilms. Mathematical modeling to identify important conserved properties such as
structurally organized reaction diffusion rates coupled with metabolic rates allows for prediction of
subcommunity and whole community organization and metabolic activity.

o How do biofilms tolerate or resist stressors and toxic exposures? Biofilms face multiple environmental
challenges including antimicrobial exposure from other members of the microbiome or human disease
treatment as well as survival in harsh environments such as Antarctic ice, desert sands, surface of marble
monuments (Figure 9). Spatial organization that harbor persister cells and cysts within 3D structures is a
mechanism for survival of toxic assaults or temporary harsh environmental conditions [8]. Mathematical
models in 3D can help establish other mechanisms by accounting for influences of heterogenous cellular
packing, reaction and absorption barriers, and even protection by resistant surrounding subcommunities. The
formation of protected microenvironments could be particularly important under flow where protected
microenvironments could form behind resistant structures.

e How do microscale cellular interactions scale to ecosystem-level behaviors? By integrating microscopy,
mesoscale information (e.g., clinical imaging), and macroscale environmental conditions (e.g., photography or
mathematical modeling), researchers can determine how local micro-interactions between cells and
subcommunities give rise to larger-scale structures and emergent behaviors. For example, Figure 9 shows how
3D microscopic images of biofilm communities can be combined with mesoscale photographs of biofilms on
national monument surfaces to enable ML to identify the effect of biofilms across scales. Another example is
understanding how microscopic 3D images of biofilms on intravenous catheter surfaces [65] can be used to
predict catheter related bloodstream infections, the deadliest hospital acquired infection in the US [66].
Mathematical models can be developed that bridge the scales allowing for prediction of activity beyond the
microscale. These multi-scale analyses bridge the gap between microscopic observations and biofilm function
at the scales relevant to human health, industry, and natural ecosystems.

This workflow integrates 3D biofilm microscopy, metadata, and machine learning to identify individual
cells and their spatial organization, revealing conserved structural patterns linked to biological function.
Coupled with physical principles (e.g., diffusion, reaction kinetics) and iterative experimentation, this
ML-driven mathematical modeling approach generates testable hypotheses addressing key questions: how
biofilms colonize surfaces, what physicochemical factors drive growth and maturation, how
subpopulations are spatially organized (via integration with spectroscopy and transcriptomics), how
biofilms resist stressors, and how microscale interactions scale to ecosystem- and health-relevant
macroscale behaviors.

3.3.3. Predictive Biofilm Science: Open Research Questions

A major goal of the BIL is to enable the community to develop accurate predictive models. Continuous
iterations of the mechanistic discovery process will produce the data needed for accurate prediction.
When trained on large, high-quality datasets, coupled with accurate mathematical models, our
understanding of biofilms has the potential to move beyond description toward prediction, enabling
researchers to anticipate how biofilms will organize, function, and respond to change.
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This pipeline has applications to complex microbiomes in the environment and human host as well as to
single species and multi-domain biofilms, pathogenicity and biofouling. The BIL allows biological
imaging, ML and mathematics to be used to accelerate discovery in these multiple complex arenas. Key
open research questions include:

e How does the gastrointestinal microbiome produce enough metabolic byproducts to influence human health
and cause disease when the microbiome becomes dysbiotic?

e What is the impact of biofilm communities on environmental cycles?

e How do microbiome communities react to their environments such as different seasons or human nutrient
intake?

¢ How do biofilms look in human tissue?
e How to predict the distribution of biofilms in water systems and across entire catheters?

e How to predict the pathogenic capabilities of clinical isolates based on how their virulence factors influence
3D plate colony morphology?

e How to predict what combinations of treatments are effective on different types of biofilms causing industrial
biofouling or human infections?

The foundation of ML is training on abundant, robust images that can only be provided by a community
of scientists through a repository such as the BIL. Taken together, this framework establishes an iterative,
multiscale approach for transforming three-dimensional observations of biofilms into mechanistic models
of their structure and function. Systematic acquisition of 3D imaging together with comprehensive
environmental and experimental metadata, coupled with high-quality cell-level annotation, provides the
foundation for machine-learning methods to identify conserved patterns of cellular organization. These
structural insights can then be integrated with physicochemical constraints, including diffusion, reaction
kinetics, transport, and flow, to develop predictive mathematical models of biofilm growth, maturation,
stress response, and community function. Ultimately, this approach provides a general framework for
identifying both conserved and system-specific principles governing biofilm colonization, development,
resilience, and ecological function across diverse biological and environmental contexts.

4. BIL Resources

The authors have been in the business of distributing data and ML software in various capacities since the
early 1980’s [68,69,70]. For data to be useful in research and technology development, it must be
augmented with meaningful metadata and curated so that it remains relevant to current research and
algorithm development. This often means updating annotations as our understanding of the basic science
evolves [71], and equally important, updating file storage standards to make the data easily interoperate
with existing tools. A good example of this is our use of simple spreadsheet formats based on the open-
source csv standard [72] rather than complex database structures. Use of these kinds of simple standards
makes it much easier for small research groups and people new to the field to get started. In this section,
we briefly describe the type of resources available in the BIL.

4.1. Types of Resources

As summarized in Figure 3, the BIL contains three types of resources:

o  Manually-Annotated 3D Image Data: curated datasets with expert annotations that can be used to train
sophisticated ML models for biofilm image analysis. Maintaining consistency across datasets is one of many
important issues that must be addressed to facilitate studies across multiple datasets.

e Software Tools: tools to support statistical and geometric analysis of annotated images, as well as the ability to
automatically annotate new images using powerful foundational models. Reproducibility is a huge challenge
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for modern Al-based tools, so our software is designed and distributed in a manner that emphasizes validation
and reproducibility.

e Knowledge Discovery: scientific insights generated through the analysis of the BIL's large and diverse
inventory of biofilm images. Building a community-wide repository for knowledge relevant to our resources
promotes new science and technology development. A generation of Al tools are emerging that can exploit
such open source knowledge.

These available resources are described briefly below.
4.1.1. Image Data

Although data itself is an important resource, for ML applications annotated data is the most important
resource because it enables training and the development of powerful ML technology. We have
successfully distributed such data for many decades. Most of our most popular corpora (i.e., a large,
structured collection of data, including metadata and annotations) have undergone major revisions four of
five times before the annotation standards have stabilized. Therefore, we cannot underestimate the
importance of the curation aspects of the BIL.

A very common file format for microscopy image data is the Tagged Image File (TIF) format. 3D images
are saved as multi-page (or multi-plane) TIFs, with each z-slice in the 3D z-stack saved as a page (see
Section 1.4). The BIL prefers Open Microscopy Environment (OME) TIF files because certain image
metadata are stored directly in the header of the TIF, most importantly being the physical dimensions of
the field of view (i.e., the planar dimensions x and y) and the image depth (in the vertical z dimension). In
our experience, all microscope manufacturers (e.g., Leica, Zeiss, Nikon, Olympus) by default store 3D
images in a proprietary format but also allow saving image data as a TIF. Therefore, it has become a
standard interchange format.

These image data are stored in an uncompressed format. A single file contains a 3D image typically
consisting of 1024x1024 pixel slices with as many as 200 z-slices per image and at least two color
channels (see Section 1.4). Though typical file sizes vary depending on the type of imaging done, a
typical file size is about 250 Megabytes. The z-slices of the different color channels are either stacked as a
block, or interwoven.

In addition to the raw image data, we provide relevant metadata via an Excel spreadsheet. Though the
details of these spreadsheets vary with the corpus and imaging system, the general types of fields we
attempt to capture include:

« Investigator e Type of microscope used

e Original data provider « Field of view size (umx pm) in planar dimensions x and y
« Geographic location  Image depth, z (um)

 Date of submission « Pixelation of each z-slice

« Species being imaged o Voxel (Pixel) Width, Ax=Ay (um)

« Stain or tag used « Voxel Height (Depth), Az (um)

One example of a popular microscope used by the imaging community is manufactured by Leica
Microsystems which saves image data in a proprietary Leica Image File (LIF) format [73]. Other
microscope manufacturers use similar proprietary image file formats. Several open source toolkits,
including ImagelJ [46], support most of these common proprietary formats, as does the BIL. The file
structure begins with a magic number followed by a UTF-16 XML header that describes the images and
metadata, with raw pixel data stored in contiguous data blocks. Metadata can be extracted and viewed
using several open source tools such as lifreader [74]. The metadata for the LIF files is extensive and
contains information about the microscope used to collect the image:
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Spatial & Dimensional Metadata

X, Y, Z pixel dimensions (logical size)

Physical size of each dimension (e.g., pm per axis)

Physical origin coordinates

Pixel/voxel size (the scale conversion factor, px/um for X, Y, Z)
Bit depth per channel (e.g., 8-bit, 12-bit, 16-bit)

Number of channels and timepoints

Acquisition Settings
Confocal settings stored in the XML include scan mode (e.g., Xyz), scan direction, scan speed, zoom level,

pinhole size (in um and Airy units), magnification, objective name, immersion medium, numerical aperture, and
refractive index.

Stage & Instrument
Stage position metadata includes X, Y, and Z coordinates, the microscope model and software version.
Channel Information

Each channel stores LUT (lookup table/color) assignment, intensity range (min/max), emission wavelength, and
detector settings. Laser intensity and excitation wavelength are also present, though there are known issues in
some readers where per-channel laser metadata can be overwritten if the same key names are reused across
channels.

Timestamps

Timestamps are recorded per frame (i.e., multiple frames or images can be stored within a LIF), including both
relative time (in seconds) and absolute time with date.

After importing image data from an LIF, we split the data by color channels using Fiji in ImageJ and save
each channel as a separate multi-page TIF using lossless compression.

Whether the data is imported as a multi-page TIF or as a LIF, the data may then be manually annotated,
and the annotations are stored as bit masks in a TIF file. Once annotation is complete, the original image
files and TIFs with annotations are converted to OME-TIFs for distribution.

The manual annotation process is perhaps the most time-consuming part of the process. For annotation of
3D images, we have focused on using the open source tool Napari [75] to annotate images. It is not
possible to annotate every cell. Instead, our strategy is to annotate roughly 100 representative cells from
each image. Our goal is to provide the ML algorithms enough variety that they can learn high
performance segmentation rules. Preliminary experiments indicated that there was minimal loss in
performance by switching from annotating every cell to annotating only a selected number. This results in
a significant reduction in labor costs and allows us to annotate significantly more images. Similarly, we
do not annotate every z-slice but instead annotate approximately every fifth z-slices equispaced
throughout the 3D z-stack, capturing the most significant aspects of the geometry, and then we interpolate
across these z-slices in the z-stack to construct a 3D annotation. An example of a partially annotated
image is shown in Figure 10.

4.1.2. Software Tools

In addition to 3D image data and meta-data described in the previous section, the BIL provides models
trained using various deep learning packages that can segment data at the cellular level. Currently, we are
using StarDist OPP [38] for segmentation. The primary programming environment for our software is
Python. Some legacy Matlab and Java software will be provided since these are still in use throughout the
community. But we expect all our new software development to be done in Python. We currently rely on
Python 3.11 or greater and use standard implementations of ML code developed in CUDA so that the
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software can transparently run on CPUs and GPUs. We distribute a requirements.txt file with each tool to
make it easy to create a compatible Python environment.

Our initial software offering includes several Python tools to display image data in various ways, and to
calculate analytics on these data. For example, we provide a tool that reads annotated images and
computes several popular geometric measures that quantify the abundance and shape of cells. These
programs are command line driven and designed following standard principles to make it very easy to
process large numbers of files. They can be downloaded from the BIL web site [76].

An important part of our software portfolio are tools to automatically segment images. This is a complex
problem that is often not addressed well by modern deep learning technology [70]. We are currently
leveraging tools provided in StarDist OPP to segment cells. Due to the fact that our images are partially
annotated and that StarDist OPP is somewhat limited in the way it manages annotation labels, we
preprocess manually segmented images by condensing all annotations for a given image into a single 2D
file that contains a concatenation of each annotated region with a nominal amount of background image
surrounding the annotated region. These concatenated images are then used as training data for StarDist’s
standard segmentation algorithm. We are in the early stages of hyperparameter tuning and optimization of
this process, but thus far it is producing acceptable results as shown in Figure 10.

4.1.3. Knowledge Discovery

Even just a year ago, knowledge discovery was hampered by substantial resource requirements to develop
algorithms for analysis of complex data sets. It was the case that there was a score of characteristics that a
biofilm scientist wanted to estimate from a large data set collected from a complex system but only had
access to algorithms to estimate a handful of those characteristics. In today’s world where artificial
intelligence platforms like Claude can easily generate algorithms and the associated software in negligible
development time, biofilm researchers now have easy access to the required algorithms to estimate all
desired characteristics. Algorithm development is now hindered by researchers’ query refinement. The
crucial limiting factor in this new world is access to relevant large, curated data sets generated by basic
science. For the analysis of 3D image data, this limiting factor is alleviated by the BIL. Data remains the
engine to knowledge discovery.

Foundation models, pre-trained models, and self-supervised learning are among the Al technologies
rapidly transforming how data are prepared, represented, and analyzed. In parallel, we are developing Al-
based tools that provide natural-language, chatbot-style interfaces for interacting with and querying
complex datasets. Retrieval-Augmented Generation (RAG) is an Al architecture that augments Large
Language Models (LLMs) with an external information-retrieval mechanism [77], enabling models to
incorporate relevant information from domain-specific or continuously updated knowledge sources at
inference time rather than relying solely on knowledge encoded in their parameters. Although these
capabilities are still in the early stages of development, our goal is to provide a web-based interface
through which users can upload an image and obtain an automated analysis of its contents. We anticipate
making this service available through the BIL website in 2027.

4.2. How to Subscribe to BIL Resources?

Users must register to receive access to BIL resources. Registration is easy. The registration form, which
is emailed after completion to help@nedcdata.org, can be found at [78]. Users need to provide a minimal
amount of contact information and sign a document describing the open source terms of use. Users
receive an email response requesting they submit a public key. This key is added to our authorized keys
file. Once this is completed, users can download data using an anonymous rsync command [79].
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This method of distribution was adopted for two reasons. First, rsync is an incredibly useful tool because
it only downloads updates to the data, which are identified in a variety of ways. It makes it very easy to
keep users updated with the latest releases without requiring them to download the entire corpus.
Similarly, if the download job fails at some point, which happens often with international users, the job
can be easily restarted from where it left off.

Second, prior to our adoption of SSH keys as our primary distribution mechanism, it was difficult to
prevent unauthorized redistribution of the data on sites such as Kaggle. The current approach, which
places more accountability on users, prevents unauthorized sharing of passwords, etc. Such measures are
required in today’s complex world of open source data where prevenance and data integrity are critical
issues.

4.3. How to Submit Data to the BIL?

Users can initiate a request to share their data with the BIL and can contact help@biofilmlibrary.org to
begin discussions about a dissemination process. Data is transferred via a similar rsync process as
described in Section 4.2, or in the event the data is extremely large, by hard drive. Instructions can be
found on the BIL resources page [78]. We generally prefer data that can be released using our standard
data use agreements. Proprietary data or data requiring unique subscription models do not fit well with the
goal of the BIL to be an open source repository.

5. BIL Outcomes and Deliverables

A key challenge in advancing biofilm research is the lack of standardized, accessible resources for
managing and analyzing the increasingly diverse imaging data being generated. The BIL addresses this
gap by establishing common standards, curated datasets, and computational tools that enable reproducible
analysis and facilitate the integration of biofilm imaging across research domains. These capabilities
provide the foundation for both standardized data-driven research and transformative scientific discovery.

5.1. Standardization

Unlike omics data that have a set of defined data formats and public well-maintained repositories where
they can be deposited and made available to the scientific community, there are no specific standards,
format, or public repositories that exist for biofilm images. While there are some popular open source
standards [80], there are no standards across corpora or tools for common file formats such as
annotations, metadata, derived data, etc.

The BIL fills this gap by providing:

A curated database of biofilm images;

A collection of annotated images for ML;

Easy to access machine-learning analytical tools for microbiology;
Newly developed biofilm image analysis tools in easy-to-use formats.
Standard tools for annotation, storage and validation of data

This will include prepacked toolboxes such as a technique for the analysis of biomaterial properties of
biofilms and prepackaged programs for biofilm quantitation[34,81].

Another frequently underappreciated issue is the consistency of annotations across corpora. The BIL has

developed standard conventions for how image data is annotated [43] and is applying these annotations to
several corpora collected from our partnering institutions.
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5.2. Transformative Science

Biofilms are ubiquitous in natural and industrial systems. The BIL significantly aids in translating
fundamental findings about biofilms across medicine, industry, environment and even in space by
providing a platform for the exchange of tools, information and images. The understanding gained from
quantifying spatial organization and function of complex communities that live as a biofilm via ML and
mathematical models will not merely be translational (from one field to another) but transformative
(paradigm shifting). Examples include antimicrobial resistance and biofouling, device-associated
infections, diagnostic technologies, cultural heritage preservation, and long-duration space exploration
systems.

The BIL is uniquely positioned to serve as a repository of the diverse, high-quality datasets needed to
develop, train, and benchmark these computational approaches. ML driven analyses can also support
multiscale modeling efforts that connect observations from laboratory biofilm systems to larger scale
applications, including medical devices, gastrointestinal environments, and built or cultural heritage
structures. A current application of ML is the segmentation of individual cells within biofilms, a
longstanding challenge that limits quantitative analyses. Section 4.1 describes our ongoing development
of single-cell segmentation approaches trained on datasets spanning diverse cellular morphologies. These
outputs can be integrated with established analysis platforms, such as BiofilmQ [82,83], to generate the
quantitative measurements required for multiscale modeling.

As the BIL grows, developed models can be extended to increasingly complex and mixed-species
communities, ultimately providing robust, community-accessible tools and workflows for biofilm
research. Beyond single-cell analyses, these approaches can be leveraged to identify higher order patterns
of community organization, including conserved spatial arrangements associated with surface
colonization, biofilm maturation, and stress tolerance. For example, ML driven analyses may reveal how
biofilms establish protective microenvironments that shield sensitive populations from environmental or
toxic stressors, enabling continued growth and coordinated protection across colonized surfaces.

5.3. Education

The BIL is also an educational resource. It houses a series of educational videos, providing students and
educators with background on biofilms in natural, medical and industrial settings. It provides researchers
with access to a database of biofilm images and analytical tools, enhancing learning in microbiology,
bioinformatics, and ML. The BIL’s open-access platform promotes cross-disciplinary research, fostering
collaboration among biologists, mathematicians, and engineers.

The combination of mathematical modeling and ML allows for rich laboratory experiences for cross-
training students in biology, engineering and mathematics. For undergraduate and graduate students, it
provides an environment for connecting biological experiments with tool development and applied
mathematics. We have trained both undergraduate and graduate students from many different disciplines
(including math and statistics) to perform benchtop biological and imaging experiments coupled with
image analysis. The students work on various projects on the biology side, the math side, the ML side or
both. Examples include early biofilm colonization, species identification from MDBs, and determining
the impact of 3D structures on protection from antibiotics [28] and subcommunity organization in
multispecies biofilms [67,84]. Additionally, students participate in interdisciplinary research discussions
and gain hands-on experience at the interface of biology and data science, including opportunities that
may not be available at institutions with limited biological research infrastructure, such as annotating
microscopy datasets for ML model development.

By transforming imaging datasets into interactive learning experiences, the BIL can help students
understand how 3D biofilm structures shape biological function. For example, in an exercise designed for
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a 3000-level microbiology laboratory, students work in teams and are provided with image datasets of
antibiotic-treated biofilms showing both protective biofilm structures and protected microenvironments
where bacterial growth continued despite treatment. Using the images as a guide, students identify the
protected regions and filled them in with modeling clay on a corresponding 3D-printed protective biofilm
structure. This hands-on activity illustrates how biofilm architecture creates localized protective niches
and helps students visualize the relationship between three-dimensional structure and antibiotic resistance.
More broadly, the exercise demonstrates how imaging data can be transformed into quantitative and
physical models, illustrating a central BIL concept: linking biofilm structure to biological function and,
ultimately, to predictive modeling.

6. Conclusions

The Biofilm Image Library (BIL) represents an important step toward advancing quantitative,
reproducible, and scalable analysis of complex 3D biofilm imaging data. By combining curated
microscopy datasets, standardized metadata, expert annotations, and accessible machine learning tools,
the BIL addresses critical limitations in current biofilm image analysis workflows. Accurately segmenting
cells, characterizing multispecies and multidomain communities, and quantifying spatial organization in
3D enables researchers to move beyond simple biomass measurements toward predictive models of
biofilm behavior, function, and virulence. Equally important, the BIL establishes a collaborative
framework that brings together microbiologists, engineers, mathematicians, and computer scientists to
accelerate innovation in computational microbiology.

The long-term impact of the BIL extends well beyond the development of improved image analysis tools.
By providing a centralized, community-driven infrastructure for biofilm imaging research, the BIL
supports transformative advances in medicine, environmental science, industrial systems, and space
exploration. Machine learning models trained on standardized datasets have the potential to reveal
conserved structural and functional patterns across diverse biofilm systems, enabling new approaches to
understanding antimicrobial resistance, microbial cooperation, and protective microenvironments.
Through its commitment to open-access resources, education, and cross-disciplinary collaboration, the
BIL establishes the computational foundations necessary for accurate predictive modeling and the next
generation of biofilm discovery.
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Figure 1. 3D confocal scanning laser microscope images demonstrating the heterogenous structures of
biofilms. Even for single species biofilms, including Pseudomonas aeruginosa (A,C) or E. coli (B),
environmental conditions determine structure: (A) in high shear environments, biofilms grow in high
density clusters; (B) antimicrobial chemical treatments fail to entirely remove or kill biofilm; (C) in low
shear environments, biofilms are less dense.
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(A) (B) (©) (D) (E)

Figure 2. A demonstration of 3D segmentation using conventional tools: (A) CM image of multispecies
biofilm composed of (B) Cyanobacteria (red) and (C) the different subcommunities of Cyanobacteria, (D)
heterotrophs green small cells, (E) with surrounding green eDNA (extracellular DNA) with holes where
the cells were subtracted from the image.
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Figure 3. The BIL is based on three core resources: annotated data critical for machine learning, software
tools to automatically analyze images, and basic science resources derived from our data using these

tools.

IEEE SPMB 2025

v1.0: June 1, 2026



IEEE SPMB 2025

Parker et al.: The Biofilm Image Library...

Figure 4. Biofilm volume estimates for 40 frames (about 10 min) of a video of 3D image data are

indicated by the solid line. The estimates were found by first finding the top surface of the biofilm and
then integrating underneath. Error bars indicate 99% probability intervals. Volume is severely

underestimated by an estimator that only counts bright pixels as indicated by the dash-dotted line.
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Figure 5. Conceptual framework for the Biofilm Imaging Library (BIL), illustrating the integration of
community-contributed data, analytical services, and computational resources to enable knowledge
discovery, predictive modeling, and scientific impact across diverse application domains.
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Figure 6. Example of 3D image data from cyanobacteria and heterotroph biofilms as shown in Figure 2

with predictions of individual cyanobacteria cell locations by a machine learning algorithm.
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Fungal Quantitation Tool under development yielding structures and volumes (pms3)

Bins different structures including cells, cell chains, pseudohyphae, hyphae, and mycelial mats
(B)

Figure 7. Quantifying fungi within biofilms presents additional challenges: (A) an example of multi
domain biofilm consisting of Aspergillus aculeatus and Pseudomonas aeruginosa (green = all bacteria,
red = membrane compromised bacterial cells, and blue = fungal hyphae); (B) an example of a fungal
quantitation tool under development.
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Figure 8. Images of Multi-Domain Biofilms (MDB) from NASA-funded research at the CBE: (A) shows
the persistence of an MDB following 252 days of dormancy following a water flush (yellow = all
bacteria, magenta = membrane compromised bacterial cells, and cyan = fungal cells); (B) shows the
complex 3D structure of fungal hyphae and bacterial associations (green = all bacteria, red = membrane
compromised bacterial cells, and blue = fungal hyphae).
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Figure 9. An example of multiscale modeling project being undertaken by the authors to estimate the size
of Cyanobacteria and heterotroph communities on the roof of Federal Hall in New York City: (A) high
magnification image of the community on a particle; (B) lower magnification image of the communities
on particles; (C) blackened regions associated with biofilm presence; (D) size of the scrapped area for
imaged particles; and (E) the roof of Federal Hall with darkened areas containing biofilms.
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Figure 10. An example of the annotation process. The original image appears on the upper left. A
manually annotated image appears on the upper right. An automatically annotated image appears on the
lower left that uses a model trained on fully annotated data. A similar automatically annotated image
appears on the lower right which is the result of a model trained on partially annotated images.
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