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Biofilms are complex microbial communities critical in medical, industrial, and environmental

contexts. Understanding their assembly, structure, genetic regulation, interspecies interactions, and
environmental responses is key to developing effective control and mitigation strategies. While atomic
force microscopy (AFM) offers critically important high-resolution insights on structural and functional
properties at the cellular and even sub-cellular level, its limited scan range and labor-intensive nature
restricts the ability to link these smaller scale features to the functional macroscale organization of the
films. We begin to address this limitation by introducing an automated large area AFM approach
capable of capturing high-resolution images over millimeter-scale areas, aided by machine learning
for seamless image stitching, cell detection, and classification. Large area AFM is shown to provide a
very detailed view of spatial heterogeneity and cellular morphology during the early stages of biofilm
formation which were previously obscured. Using this approach, we examined the organization of
Pantoea sp. YR343 on PFOTS-treated glass surfaces. Our findings reveal a preferred cellular
orientation among surface-attached cells, forming a distinctive honeycomb pattern. Detailed mapping
of flagella interactions suggests that flagellar coordination plays a role in biofilm assembly beyond
initial attachment. Additionally, we use large-area AFM to characterize surface modifications on silicon
substrates, observing a significant reduction in bacterial density. This highlights the potential of this
method for studying surface modifications to better understand and control bacterial adhesion and

biofilm formation.

Biofilms are multicellular communities of microbial cells held together by
self-produced extracellular polymeric substances (EPS) which also help
them to adhere to biotic or abiotic surfaces'. Biofilms are ubiquitous in
natural, industrial, and clinical environments, playing critical roles in var-
ious ecosystems while also posing significant challenges in healthcare due to
their resilience against antibiotics and disinfectants™. Although biofilms
have been recognized since van Leeuwenhoek’s 17th-century observations,
our understanding of the mechanisms driving biofilm assembly, persistence
and their roles in biofilm resilience to environmental stresses is incomplete
and hinders the development of effective strategies for manipulating biofilm
growth’. This lack of understanding arises partly from the inherent het-
erogeneous and dynamic nature of biofilms, characterized by spatial and
temporal variations in structure, composition, density, metabolic activity,
and microenvironmental conditions’. These variations are in turn

influenced by microbial species, environmental conditions, and surface
properties, as well as microbial interactions, nutrient gradients, and the
production of EPS, all of which contribute to biofilm stability, resilience, and
resistance to external stressors®’. On top of this, traditional analytical
methods often fail to capture the full scope of this complexity, failing to link
local subcellular and cellular scale changes to the evolution of larger func-
tional architectures. This underscores the necessity for advanced imaging
techniques that enable comprehensive biofilm characterization across these
scales’.

A range of analytical methods has been utilized to study the structure
and organization of biofilms, each presenting unique advantages and lim-
itations that have been reviewed elsewhere™"’. For example, light microscopy
permits basic morphological observations but suffers from low resolution.
Confocal laser scanning microscopy provides higher-resolution, three-
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dimensional images of biofilms but requires fluorescent staining of cells or
biomolecules, which may alter the inherent properties of biofilms. Scanning
electron microscopy offers detailed surface imaging but involves sample
dehydration and the application of metallic coatings, potentially distorting
microbial structures''. Spectroscopic techniques such as Fourier transform
infrared spectroscopy can identify chemical constituents but often lack
spatial resolution, while Raman spectroscopy delivers detailed chemical
information but is limited by fluorescence interference and necessitates the
use of high laser powers which can cause photodamage.

High-resolution imaging techniques are imperative for studying cell
structures, cell-to-cell interactions, and finer features like cell walls and
appendages, such as outer membrane extensions'” flagella and pili”’. The key
challenge is to simultaneously capture both large-scale architecture and the
finer cellular features' of interest, enabling the investigation of structural
and functional responses at the sub-cellular level. This capability would
allow us to study how cells attach to surfaces, develop into complex com-
munities with physical, chemical, and functional heterogeneity, and respond
to external stresses. Atomic force microscopy (AFM)" enables the imaging
of cell structures, interactions, and mechanical properties at the nanoscale
without extensive sample preparation, and it can even be used under phy-
siological conditions'*"*. By scanning a sharp probe over the surface and
measuring the forces between the probe and the sample, AFM provides
nanometer-scale topographical images as well as quantitative maps of
nanomechanical properties”. This allows AFM to reveal structural features
that surpass the resolution of optical or electron beam-based microscopy”*".
For instance, AFM can offer detailed insights into bacterial cells, high-
lighting membrane protrusions, surface proteins, and cell wall ridges™. Fine
structures, such as the EPS that form the biofilm matrix, can also be
visualized with high clarity. These structures include polysaccharides, pro-
teins, and nucleic acids that bind the biofilm together™.

High-resolution imaging not only reveals how these components
interact to provide structural stability and protection to the bacterial com-
munity but also contributes to the development of targeted interventions.
Additionally, when operated in liquids, AFM preserves the native state of
cells or microbes and can measure mechanical properties™ like stiffness,
adhesion, and viscoelasticity, or electrical properties like dielectric
constant”’, which has recently been shown to enable the extraction of
internal characteristics from biological samples™”, offering deeper insights
into structure-function relationships. AFM has not only proven to be a
powerful tool for nanoscale mechanical and topographical characterization,
but it also enables the integration of various non-invasive chemical
imaging’™" and composition mapping”, internal hydration properties of
single bacterial endospores™, and properties of outer membrane extensions
of bacteria”.

While AFM provides detailed structural and mechanical insights in
biology and cell research, its impact on biofilm research has been surpris-
ingly limited. Conventional image analysis methods allow for the mea-
surement of individual cell dimensions, but automated techniques are
crucial for efficiently characterizing bacterial biofilms, which can contain up
to 10" cells per gram. AFM’s small imaging area (<100 um), restricted by
piezoelectric actuator constraints, limits its capacity to study large,
millimeter-scale biofilm structures. This scale mismatch makes it difficult to
capture the full spatial complexity of biofilms and raises questions about the
representativeness of the collected data. Furthermore, the slow scanning
process and labor-intensive operation require specialized operators, hin-
dering the capture of dynamic structural changes over extended time and
length scales™. Developing automated large-area AFM methods and inte-
grating AFM with other multimodal techniques will significantly advance
biofilm research by enabling comprehensive analysis of these complex
microbial communities®.

Machinelearning (ML) and artificial intelligence (AI) are transforming
AFM by enhancing data acquisition, control, and analysis. ML applications
in AFM fall into four key areas: sample region selection, scanning process
optimization, data analysis, and virtual AFM simulation®. AI-driven
models optimize scanning site selection”, reducing human intervention and

accelerating acquisitio™” ML can be further used to improve scanning by
refining tip-sample interactions®, correcting distortions*, reducing the
time by sparse scanning approaches”, and automating probe
conditioning™ for more precise imaging. Al frameworks have also enabled
autonomous operation* of scanning AFM and direct control of through
large language models™, not by replacing human operators but by auto-
mating routine tasks, optimizing decision-making processes, and enhancing
scientific discovery through human-ML collaboration and enabling
allowing continuous even multiday experiments without human
supervision'*”. In data analysis of AFM, ML, and AL tools are enabling
automated segmentation, classification, and defect detection in AFM
images®, aiding in cancer cell”” identification® and molecular structure
prediction™. These advancements significantly enhance AFM’s efficiency,
accuracy, and automation, particularly in biological research and nano-
materials characterization. For a deeper understanding, readers can refer to
recent reviews on ML and Al applications in AFM™*”’,

In this work, we address the challenges of biofilm imaging by AFM
through the development of an automated large-area AFM which is capable
of analyzing microbial communities over extended surface areas with
minimal user intervention. By automating the scanning process, we over-
come many limitations of traditional AFMs, including small imaging areas,
and enable imaging of the inherent millimeter-sized communities. We
evaluate image stitching algorithms for performance with minimal
matching features between images. Limited overlap between scans max-
imizes acquisition speed, producing seamless, high-resolution images that
capture the spatial complexity of surface attachment. To manage the high-
volume, information-rich data, we implement machine learning-based
image segmentation and analysis methods. These tools assist in automating
the extraction of important parameters, such as cell count, confluency, cell
shape, and orientation, and facilitate efficient and quantitative analysis of
microbial community characteristics over extensive areas. We demonstrate
the applicability and effectiveness of our methods by imaging the initial
surface attachment of Pantoea sp. YR343. Additionally, we apply large-area
AFM to gradient-structured surfaces, allowing us to study how varying
surface properties influence attachment dynamics and community struc-
ture in a combinatorial approach. By integrating these advancements, our
work enhances the capabilities of AFM for biofilm research, enabling
comprehensive structural and mechanical characterization of biofilms at
scales relevant to their natural environments.

Results

High-resolution AFM imaging of Pantoea sp. YR343

In this study, we focus on Pantoea sp. YR343, a gram-negative bacterium
isolated from the poplar rhizosphere, is known for its plant-growth-
promoting properties. Pantoea sp. YR343 is a rod-shaped, motile bacterium
with pili and peritrichous flagella, which facilitate its interactions within its
environment. This strain forms biofilms on plant roots and on abiotic
surfaces and mutants have been identified that are defective in the process of

54,55

biofilm formation and root colonization’

To observe surface attachment dynamics and biofilm growth, a
petri dish containing PFOTS-treated glass coverslips was inoculated
with Pantoea cells growing in a liquid growth medium. At selected
time points, a coverslip was removed from the Petri dish, gently
rinsed to remove unattached cells, and dried before imaging as
described in the “Methods” section. As shown in Fig. la-c, surface-
attached Pantoea cells observed after a brief incubation (~30 min)
were typically around 2 pm in length and 1 pum in diameter, corre-
sponding to a surface area of ~2um? aligning with previous
findings™. AFM imaging provided structural details not achievable
with optical microscopy or other methods, enabling visualization of
flagellar structures around the cells, measuring ~20-50 nm in height
and extending tens of micrometers across the surface. Some appen-
dages appeared to originate from individual cells, while others
seemed to adhere to the surface, possibly from detached cells. The
identification of these structures as flagella was confirmed using a
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Fig. 1 | High-resolution AFM imaging of Pantoea sp. YR343. a Topography and
b derivative image of a single cell, showing filamentous structures and appendages
deposited on the surface. ¢ Cross-section of the area marked by the dashed line in (a)

600 4
400+ 2
E,ZOO- 0 =
¥ =
0 F=2
-200 -4
00 04 08 12 16 20
X (um)
x10°
207 _
151
€
310
o
5_
200 400 600 800
Height (nm)

and (b). d Topography image of a cluster of cells and e a zoomed-in view of flagellar
structures extending across the gap. f Histogram of height measurements taken
from (d).

flagella-deficient control strain, which showed no similar appendages
under AFM (see Supplementary Fig. 1 in the Supplementary
Information).

In Fig. 1d, cells allowed to propagate on the surface for a period of 6-8 h
formed clusters with characteristic honeycomb-like gaps™. AFM’s high-
resolution capability allowed clear visualization of individual cells and fla-
gella (see Fig. 1e). In Pantoea sp. YR343, AFM revealed flagellar structures
bridging gaps during early cell attachment and development. These detailed
visualizations are critical, as appendages like flagella are essential for biofilm
development, surface attachment, and motility. Without high-resolution
imaging, such structural intricacies would remain hidden, limiting our
understanding of biofilm assembly. Flagella may also increase the surface
area for attachment, guiding nascent cells and providing additional points of
contact across biofilm gaps. Previous studies using mutant strains lacking
flagella showed significantly reduced surface coverage, highlighting the role
of flagella in biofilm assembly and structure™.

The primary challenge for more meaningful biofilm research by AFM
is simultaneously capturing these fine cellular or sub-cellular structural and
functional details across the much larger-scale community architecture.
Achieving this would allow us to explore how subtle changes in sub-cellular
and cellular structure influence the overall organization, physiology, and
function of the developing biofilm. A secondary challenge is simplifying the
analysis process. While images like Fig. 1d enable simultaneous height
measurements of multiple bacteria through pixel height distribution ana-
lysis (see histogram in Fig. 1f), measuring parameters such as lateral
dimensions, eccentricity, and orientation remains labor-intensive. This
becomes a major bottleneck when attempting to analyze cell properties
across the entirety of a biofilm. In the following sections, we present an
automated workflow for large-area AFM acquisition and analysis, enhan-
cing statistical power and enabling the observation of microbial surface
attachment and biofilm growth and structure over time. This multiscale
approach bridges microscopic details and macroscopic properties in an
automated fashion, ultimately enhancing our ability to study and manage
biofilms effectively.

Automated workflow for large-area AFM acquisition

To achieve this, we have developed and implemented a large-area AFM
using a commercial DriveAFM microscope (Nanosurf) equipped with an
automated sample stage, as illustrated in Fig. 2. Stage positioning and
imaging parameters—including the number of pixels, scan rate, scan region
size, grid image overlap, and the total number of images—were controlled
through a graphical user interface (GUI) operated via custom Python
functions. Once the user-defined parameters were set, the GUI interacted
with the microscope to capture multiple grid images automatically over a
predefined area of the sample. After data acquisition, the individual images
underwent flattening procedures and were stitched together into a seamless
mosaic image, as discussed in the following section. This composite image
was then ready for image segmentation and analysis. This user-friendly,
automated approach eliminates many of the manual tasks that previously
made large-area AFM of biofilms impractical, significantly enhancing effi-
ciency and usability. The code used for automation and image processing is
available in the “Code availability” section, enabling other researchers to
replicate and build upon our work.

Quantifying biofilm structural properties and dynamics involves
measuring specific metrics, such as cell count, confluency, height/
layer number (i.e. biomass), along with the production of EPS and
structural characteristics like surface roughness. These comprehen-
sive measurements and analyses provide key information for
understanding biofilm dynamics and aid in the development of
effective biofilm management strategies. However, to accurately
extract statistically relevant quantitative descriptors from the large
area AFM images, it is first necessary to explore image stitching
algorithms, with improved performance at minimal matching fea-
tures or overlapping images. These algorithms ensure that the indi-
vidual high-resolution images are seamlessly merged to form a
coherent and continuous representation of the entire biofilm.
Accurate stitching is necessary to preserve the spatial relationships
and continuity of structural features, allowing for a true repre-
sentation of the biofilm’s architecture and organization. In addition,
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Fig. 2 | Schematic of automation protocol and example of large-area imaging. The
large-area AFM setup presented here includes an automated AFM imaging platform
with a user-friendly graphical interface for configuring optimal grid design and
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spacing. The system also features an automated processing and analysis workflow,
which involves image flattening, stitching, and segmentation to generate property
maps and perform statistical analyses.

precise image stitching minimizes distortions and artifacts that could
lead to misinterpretations or errors in measurements of the biofilm’s
physical properties (e.g. cell count, confluency, etc.).

Figure 3 illustrates the performance of two image stitching algorithms
applied to AFM-generated images of surface-attached bacterial cells. When
considering stitching methods, we recognize that various stitching
approaches exist, each with strengths and limitations”’’. Direct methods,
like Lucas-Kanade optical flow and the sum of absolute differences (SAD),
align images using pixel intensities but can struggle with large displacements
or illumination changes. Transform-based techniques, such as Fourier
transform-based phase correlation, are faster and noise-resistant but have
issues with rotation and scaling. Multi-scale approaches, such as pyramid-
based stitching, improve robustness by refining alignment progressively,
making them suitable for larger images with significant variations. Feature-
based methods like scale-invariant feature transform (SIFT)* and speeded-
up robust features (SURF)® detect and match key points across overlapping
images, with SIFT excelling in robustness and SURF optimized for speed.
For real-time applications, Oriented FAST and rotated BRIEF (ORB) offer
computational efficiency but handle scale variations less effectively than
SIFT®. According to a recent comparative analysis” of pairwise image
stitching techniques for microscopy images, SURF emerges as the most
effective feature detector. While SURF provides better performance than
SIFT, it poses implementation challenges due to its licensing restrictions.
The choice of method depends on factors such as image characteristics,
computational resources, and required accuracy. Combining techniques
and integrating machine learning can further enhance stitching perfor-
mance, ensuring accurate large-scale, high-resolution image analysis.

In Fig. 3a, we used the Stitch2D algorithm, which uses SIFT as a feature
detector, while Fig. 3b displays the results when using coordinate-based
alignment from the AFM scanner. Both methods aim to merge individual
high-resolution scans into a seamless large-area image. In Fig. 3c and d, the
challenges of drift correction and stitching errors are highlighted. Scanner
drift is traditionally the major and unavoidable source of artifacts exhibited
in AFM images”. Stitch2D effectively reconstructs the large-area AFM
image, successfully reducing errors caused by scanner drift and overlap
artifacts (as shown in the white dashed lines). The significance of precise

stitching for large-area AFM imaging is underscored, particularly for
complex communities where accurate representation is crucial for down-
stream analyses such as cell segmentation and morphological assessment.

Figure 4 illustrates the image segmentation workflow developed for
analyzing AFM images of surface-attached microbial communities using the
YOLOV8 model. Image segmentation is a computer vision technique that
partitions an image into distinct regions or objects, accurately delineating
their boundaries®. The YOLOvV8 model, the latest in the “You Only Look
Once” series, represents the state-of-the-art in object detection and image
segmentation, excelling in tasks requiring precise localization and boundary
identification. YOLO models are renowned for their speed and accuracy,
making them widely applicable across fields, including biomedical
imaging™™®. In this study, the YOLOvV8 model is instrumental in accurately
identifying bacterial cells and extracting their physical features from AFM
images. This workflow begins with a preliminary set of standard 15 x 15 um?
AFM images, which are used for supervised labeling on the Roboflow
platform®. This platform facilitates the tasks of labeling, segmentation, and
data augmentation through techniques such as rotation and resizing (see
Supplementary Fig. 2). Additionally, Roboflow enables the division of the
dataset into training, validation, and test sets in a 70-20-10 ratio and opti-
mizes the efficiency and speed for training these types of models.

Once a YOLOv8 model with sufficient accuracy is obtained, it is used to
segment a large-area stitched image (see Supplementary Fig. 3 for details on
hyperparameter optimization). To do this, the image is divided into smaller
images of the same size as those used in training, with a 10% overlap between
them. This overlap reduces the risk of segmentation errors at the edges of the
sub-images. Segmenting these sub-images produces a mask for each
detected bacterium in every image, generating a large volume of data.

Next, an edge correction filter is applied to eliminate masks of objects
that are touching or very close to the image edge. Then, given that the sub-
images overlap, the non-maximum suppression (NMS) method is used to
remove duplicate objects, ensuring that only the object with the highest
score is kept, thus avoiding the duplication of bacteria in overlapping areas.

The final step involves calculating properties for each detected bac-
terium, including area, eccentricity, major axis, minor axis, and orientation,
and then creating a map for each of these properties. This structured
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Fig. 3 | Large area stitched image. a Large-area
image of surface-attached Pantoea sp. YR343 cells
are stitched using the Stitch2D algorithm, which
incorporates the SIFT feature detection method.

b Image stitched using the coordinates provided by
the AFM scanner, showing drift and alignment
issues. ¢ Close-up horizontal sections and d close-up
vertical sections from (a, b). Show how the Stitch2D
algorithm effectively reconstructs the image and
removes obvious stitching artifacts when the coor-
dinate system along was used (white dashed lines)
due to significant errors due to misalignment and
scanner drift, leading to repeated or missing fea-
tures. This analysis highlights the importance of
accurate image stitching to produce seamless, high-
resolution representations of community structure,
necessary for reliable downstream analysis such as
segmentation and morphological assessments.

Stitch2D Method

Drift:correction;

$

workflow ensures efficient data preparation and accurate bacterial seg-
mentation through machine learning techniques. An example of a data set
can be seen in Supplementary Fig. 4. Overall, this workflow enables auto-
mated and comprehensive analysis of the community structure, providing
high-resolution metrics at the cellular level and facilitating a deeper
understanding of biofilm assembly and growth patterns®.

Large-area AFM imaging of Pantoea sp. YR343 biofilms on
PFOTS-treated surfaces
Figure 5 demonstrates the application of our developed methodology on
Pantoea sp. YR343 was grown on PFOTS-treated glass surfaces for a growth
period ranging between 6 and 8h, covering an area of 0.3 x 0.15 mm’.
When working at this larger millimeter scale, acquisition times can range
from several hours to multiple days, depending on the scanned area and
resolution. For instance, the scanning time for Fig. 5 was ~16 h providing a
6056 x 3064 px” stitched image. However, this extended acquisition allows
us to visualize the pattern of initial surface attachment by Pantoea sp. YR343
cells. Similar to previous reports™, the large area AFM reveals a honeycomb-
like structure with linear branches of cells intersecting to form a net-like
appearance, creating gaps that are gradually segmented and eventually filled
as the community grows (see Fig. 5a). In future work, we are exploring the
implementation of sparse imaging techniques and adaptive scan paths* to
significantly reduce acquisition time, which is essential for studying biofilm
assembly dynamics in real-time.

In Fig. 5b, thanks to automation, it is possible to compare the
height distribution of each bacterium with the distribution of its

minor axis (see inset in Fig. 5¢). The difference between these two
measurements is likely due to the flattening” of the bacteria upon
adhesion to the surface, a commonly observed phenomenon caused
by strong membrane-surface interactions. Additionally, the effects of
tip convolution contribute to a broadening of some tens of nan-
ometers, with this effect being more pronounced in smaller structures
such as flagella. Together with the measurement of cellular eccen-
tricity or area (see Supplementary Fig. 5), this allows us to identify
how stretched or irregularly shaped the cells are, which in turn can
correlate with certain functional adaptations or responses to envir-
onmental conditions. In this case, cellular eccentricity showed a
normal distribution with a mean of 0.8 £ 0.1, as did the average area
per bacterium of 0.96+ 0.4 um®. Some cells as large as 2 um* were
also observed that were likely in the process of cell division (see
Supplementary Fig. 5). These values were obtained from analyzing
19,000 cells in this region. This extensive dataset permitted spatial
analysis of cell clustering, as shown in Supplementary Fig. 6, which
revealed weak but statistically significant global spatial autocorrela-
tion (Moran’s I), indicating some clustering of similar cell sizes.
Additionally, K-means clustering suggests that cells exhibit some
grouping by area. However, the radial autocorrelation function
indicates that spatial dependency quickly diminishes with distance,
suggesting localized clustering at small scales but a largely random
distribution beyond a certain radius.

The orientation maps (Fig. 5df) reveal a preferred alignment of cells at
approximately -45° and 45°, suggesting a highly organized structural pattern
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during surface attachment. This alignment likely plays a role in the for-
mation of the microbial community’s honeycomb-like structure by pro-
moting regular, repeating patterns that enhance stability and cohesion
among cells. Such preferred orientations may allow cells to pack efficiently,
minimizing gaps while maximizing surface area for attachment and nutrient
exchange. This organized arrangement could also facilitate cooperative
interactions between cells, contributing to the resilience and robustness of
the biofilm structure. The alternation between —45° and 45° orientations
may further support this honeycomb architecture, as it creates interlocking,
tightly packed cell clusters that enhance the biofilm’s structural integrity.

These cell segmentation maps provide a wealth of information
on cell morphology and positioning, offering insights into the
structural organization during biofilm assembly and growth. How-
ever, additional details on flagella are also embedded in these maps
but remain obscured by the current color scale. Here, we unlock this
information to reveal further insights into the spatial distribution and
orientation of flagella, which play a crucial role in surface attachment
and cell-to-cell interactions. In a previous study by Halsted et al., it
was observed that flagella plays a crucial role in biofilm formation
and structure. To take a closer look at this process, we performed
masked flattening of the gap regions individually. This improves the
flattening and facilitates the measurement of the characteristics of the
flagella (See Supplementary Fig. 7). As shown in Fig. 5¢ and h, the
flagella of Pantoea sp. YR343 extends across gaps in the honeycomb-
like structure, likely facilitating cell-to-cell interactions and structural
integrity. We observe individual fibrils of ~10-20 nm, which is
consistent with reported flagellar dimensions in the literature’’, in
contrast to the expected diameter of pili, which is typically around
5 nm. These fibrils can combine to form larger structures exceeding
40 nm, which likely strengthens surface attachment and connectivity
within the community, and possibly plays a role in the overall sta-
bility, resilience, integrity, and development of the biofilm. Thanks to
the large number of regions available, we can study the relationship
between the area covered by flagella and the total area of the selected
regions (Fig. 5i). When plotting the data for all these regions on a
log-log scale, we observe a linear trend. This suggests a power-law
relationship between the area covered by flagella and the total area of
the region, which can be expressed as A; = BA’, where the slope of
the line gives us the value of the exponent b.

In this simplified model (see Supplementary Section 8), if we only
considered flagella belonging to bacteria located on the perimeter of each

region, we would expect the exponent to be approximately 0.5. This is
because, in this case, the amount of flagella would be proportional to the
perimeter length (which grows with the square root of the area, o« A%®). In
our study, we observe an exponent close to 0.9. This value, notably higher
than 0.5, suggests that flagella contributions arise not only from bacteria
positioned along the perimeter but also from cells located deeper within the
honeycomb structure, as well as from flagella left behind by detached cells.
This finding points to the fact that flagella, even in their detached state, may
also play a critical role in conditioning the surface, facilitating attachment for
additional colonizing cells, and promoting further biofilm expansion. This
type of analysis is only possible due to the large number of regions observed
by large-area automated AFM. Repeating this study under different con-
ditions, such as various bacterial growth stages, nutrient gradients, or
environmental variations, could provide valuable insights into how flagella
distribution contributes to the formation and structure of biofilms. This
approach would allow us to better understand the organizational patterns
and adaptability of bacteria in response to their environment.

Optimization of structured surfaces for antifouling and biofilm
control

Finally, we aim to demonstrate the utility of this approach for studying and
optimizing surface modifications and structured surfaces for antifouling
and biofilm disruption—an area of active research focused on preventing
microbial adhesion and biofilm formation on various surfaces. This research
has significant applications in medical, industrial, and marine environ-
ments, where biofilms can lead to persistent infections, equipment fouling,
and costly maintenance. By introducing specific surface patterns or textures,
structured surfaces can physically inhibit microbial attachment and biofilm
formation, potentially reducing the need for chemical antimicrobials.

To investigate the effects of structured surfaces on bacterial adhesion,
we employ a combinatorial gradient of silicon ridges with variable spacings,
from 3 to 20 um, a height of 1.3 pm, and a 3 um gap between plateaus. This
gradient allows us to assess how varying ridge spacings influence bacterial
attachment and community morphology across a continuous spectrum of
structural parameters, providing valuable insights for the development of
optimized antifouling designs.

Figure 6 demonstrates the application of our developed meth-
odology on Pantoea sp. YR343 cells were grown for a period of 6-8 h
on silicon patterned surfaces treated with PFOTS, which was coated
for 60 min, covering an area of 1x0.25mm? with an acquisition
time of 135 h and a final resolution of 23,905 x 4583 px”. The analysis
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Fig. 5 | Automated analysis of microbial community structure using large-area
AFM data. Top row: Height map of surface-attached cells with corresponding
b height and minor axis distribution histogram and ¢ zoomed-in region marked
in (a). d Large orientation map indicating the directional alignment of cells,
e orientation distribution histograms and f zoom-in regions that highlight the
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profile height marked in the red box in (g). i The dependence of the area
covered by the flagella vs. the area of the region of the entire image in (a) is
shown. In red, the fit of the data to the model and dashed magenta shows
A o¢ /A dependency.

has allowed us to measure 47,231 bacteria and separately analyze
both the bacteria on the plateaus and in the valley of the structured
silicon surfaces.

In Fig. 6a, regions outside the grid pattern reveal surface-
attached cells forming the characteristic honeycomb structure, as
previously discussed. On surfaces with larger ridge spacings, this
honeycomb architecture remains largely unaffected; however, an edge
effect is evident, confining the honeycomb formations to the center of
the plateaus (see left side of Fig. 6a). However, as the ridge spacing
decreases to approximately 10 pm (line index 30), the honeycomb
pattern is disrupted, and cells increasingly align along the ridges. At
this scale, the structured surface prevents the formation of honey-
comb structures, suggesting a physical limitation on cell-cell inter-
actions due to spatial constraints. This can be seen in greater detail in
the insets of Fig. 6b-d, showing how wide ridges display a
honeycomb-shaped gap, while narrow ridges result in small group-
ings of cells. Furthermore, in the insets of Fig. 6b-d, the high reso-
lution of the image is evident, clearly distinguishing the cells on both
the ridges and the valleys.

In Fig. 6e, the orientation map shows a predominance of cyan, blue,
and green colors, indicating an orientation trend around 0°. Figure 6f dis-
plays the orientation distribution for both populations, where the plateau
population shows a preferred orientation of +45°, with a maximum at 0°. In
contrast, the valley population exhibits a more uniform orientation

distribution, with a sharp peak centered at 0°, more sharp than in the plateau
population. This result suggests that due to the pattern orientation, bacteria
tend to have a preferred alignment parallel to the plateau lines. As shown in
Fig. 6g, there is a height difference of 1.3 um between the valley and plateau
regions, yet the model still detects both bacterial populations with reason-
able precision.

Figure 6h shows the bacterial density of both populations as a function
of the line index. Bacterial density remains constant up to approximately
line 60, corresponding to a plateau width of 5 um; beyond this point, there is
a sharp decline in bacterial density on the plateau. This finding provides
valuable information for optimizing surfaces to prevent bacterial attach-
ment and growth. To rule out drying or evaporation artifacts as the cause of
this trend, we conducted a control experiment using gold nanoparticles
deposited on the same patterned silicon oxide substrate. As shown in
Supplementary Fig. 9, nanoparticle distribution remained homogeneous
across different plateau widths, confirming that the observed bacterial
density variations are not due to sample preparation artifacts. Lastly, it
should be noted that no dependence on pattern geometry was observed in
the other feature maps (see Supplementary Fig. 10).

As demonstrated here, this automated large-area AFM approach
allows for high-throughput exploration of combinatorial surface libraries,
where large areas can be scanned to assess how specific surface features, with
varied spacing, height, shape or chemical modification, affect biofilm for-
mation. By automating imaging and analysis across these structured
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gradients, we can efficiently identify configurations that reduce microbial
adhesion or alter biofilm architecture, offering valuable insights for anti-
fouling strategies. Additionally, this method can be extended to test other
structural designs and materials, providing a robust platform for optimizing
surface modifications in antifouling applications across diverse fields.
Although this study primarily focuses on single-layer biofilm imaging, our
approach can be readily extended to investigate three-dimensional biofilm
structures with complex microarchitectures. Moreover, by adapting our
methodology to cross-sectional studies, this technique could provide valu-
able insights into cellular arrangement and spatial organization within
mature biofilms. In our observations, we detected the presence of cells on
top of the first layer at longer time points, though only minimally, as shown
in Supplementary Fig. 1.2. Recent work by Dayton et al.”” has demonstrated

how cellular architecture within biofilms influences metabolic activity and
antibiotic tolerance, further highlighting the importance of developing tools
that enable detailed structural analysis across biofilm depth.

Discussion

This work presents an automated platform for large-area AFM imaging,
specifically designed to study biofilm growth and structure. By integrating
high-resolution AFM with advanced image stitching algorithms, we map-
ped extensive regions of surface-attached Pantoea sp. YR343 cells, revealing
detailed cellular and subcellular features as well as the overall community
architecture. The surface-attached bacterial communities exhibit a char-
acteristic honeycomb morphology on hydrophobic surfaces, with flagella
bridging gaps between cell clusters, likely enhancing stability and
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propagation. High-resolution imaging provided insights into fine structures
like flagella and pili, which are essential for understanding biofilm formation
mechanisms. Additionally, we designed a patterned surface to examine how
surface morphology influences bacterial attachment, on structured inter-
faces uncovering that bacterial density remains stable up to a plateau width
of 5 um, beyond which there is a sharp drop in the number of attached cells
and a “break” in bacterial clusters. This observation provides valuable
insights for designing antibacterial surfaces by controlling specific feature
dimensions to inhibit cell attachment and biofilm formation. Accurate
image stitching minimized distortions, preserving spatial relationships and
enabling reliable extraction of quantitative descriptors such as cell count,
confluency, and the creation of descriptor maps.

In the future, we plan to expand this platform to study living cells in
liquid environments, capturing functional information about the nano-
mechanical properties such as elasticity and adhesion forces. To further
accelerate data acquisition and reduce costs, we plan to implement a
combination of sparse sampling and adaptive imaging paths over large
areas. This approach will integrate low-resolution optical imaging with
strategically selected, high-resolution AFM imaging, guided by a Bayesian
framework. By focusing on high-resolution imaging only where needed, we
aim to maximize efficiency and minimize resource expenditure. These
advancements are expected to enhance our understanding of biofilm
assembly dynamics and support more effective biofilm management stra-
tegies, particularly in clinical and industrial contexts. Continued integration
of these techniques with machine learning and computational tools will
further improve the efficiency and accuracy of biofilm research, driving
significant progress in the field.

Methods

Cell culture

Pantoea sp. YR343 and AfliR mutant were grown in MOPS minimal media”
supplemented with 0.4% glucose overnight with shaking at 30 °C. Overnight
cultures were re-inoculated and grown to an early exponential phase and
adjusted to an optical density (OD, 600 nm) of 0.1 by diluting in MOPS
media with 0.4% glucose. 8 mL of bacterial culture was added to a petri dish
containing a silanized glass slide and incubated at 30 °C for a time the
specified times prior to collection for imaging. At collection, the slide was
carefully rinsed in three aliquots of Nanopure water, being dipped ten times
in each aliquot, without being dried at any point. The slides were then fixed
in 4% paraformaldehyde for 15 min and washed once more. Finally, the
slides were dried with pressurized nitrogen.

The AfliR mutant of Pantoea sp. YR343 was generated following
previously established protocols™. To construct the mutant, a 1000 bp
flanking region upstream and downstream of the fliR gene was
amplified and cloned into the pK18mobsacB plasmid. This construct
was introduced into Pantoea sp. YR343 via electroporation and
colonies were selected on kanamycin (50 ug/mL) to identify inte-
grants. To promote homologous recombination and plasmid loss,
selected colonies were passaged in rich media without antibiotic
selection for three generations. Mutant candidates were then
screened for motility loss, a hallmark of flagella-deficient strains, and
their genotypes were confirmed using PCR analysis.

Sample preparation and surface treatment

Avantor 25mm x 25 mm Borosilicate glass coverslips were oxidative
plasma cleaned in a vacuum chamber for 5 min, then transferred to a glass
dish holding a container of 20 uL liquid trichloro(1H,1H,2H,2H-per-
fluorooctyl) silane (PFOTS). The coverslips were functionalized with
PFOTS by vapor deposition at 80 °C for 60 min. Silanized glass coverslips
were stored at room temperature until incubation with cell cultures.

AFM measurements
The AFM images were acquired using the DriveAFM system from Nano-
surf, a device equipped with a motorized stage that enables the scanning of

large areas (>10 mm?), ideal for detailed studies of extensive bacterial bio-
films. The microscope was controlled via a custom Python-based graphical
interface that interacts directly with the microscope’s software, allowing
users to define and automate grid scans with overlapping frames to capture
large biofilm regions seamlessly.

For imaging, Multi75-G tips (Budget Sensors) were used for standard
scans, while diamond tips AD-2.8-AS (Adama) were employed for high-
resolution imaging, as they provide superior image quality and increased
durability. All scans were performed in tapping mode with amplitude
modulation, maintaining a setpoint of 60%. The grid scans were set with a
10% overlap between adjacent frames with a lateral size between 70 and
90 um, a configurable parameter in the interface that facilitated large-area
imaging and stitching process.

Data availability
Data sets generated during the current study are available from the corre-
sponding author on reasonable request.

Code availability

The custom Large-Area-AFM Python package, developed for automated
data acquisition and subsequent analysis, is publicly available on GitHub at
https://github.com/Rmillansol/Large-Area-AFM-Analysis-and-Control.
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