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Abstract: Biofilms are resistant microbial cell aggregates that pose risks to the health and
food industries and produce environmental contamination. The accurate and efficient
detection and prevention of biofilms are challenging and demand interdisciplinary ap-
proaches. This multidisciplinary research reports the application of a deep learning-based
artificial intelligence (AI) model for detecting biofilms produced by Pseudomonas aeruginosa
with high accuracy. Aptamer DNA-templated silver nanocluster (Ag-NC) was used to
prevent biofilm formation, which produced images of the planktonic states of the bacte-
ria. Large-volume bright-field images of bacterial biofilms were used to design the Al
model. In particular, we used U-Net with ResNet encoder enhancement to segment biofilm
images for Al analysis. Different degrees of biofilm structures can be efficiently detected
using ResNet18 and ResNet34 backbones. The potential applications of this technique are
also discussed.

Keywords: brightfield imaging; deep learning; aptamer DNA; silver nanocluster (Ag-NC);
U-Net with ResNet; convolutional neural networks (CNN)

1. Introduction

Biofilm-forming microbes synthesize different signaling biomolecules such as proteins,
carbohydrates, and DNA, which help in their cooperative activities and attachments to
biotic or abiotic surfaces to create organized multicellular communities called biofilm [1-3].
Studies on biofilm by the gram-positive bacterium were pioneered by Ferdinand Cohn
in 1877 [1]. Numerous studies on the biofilms of various Bacillus species (Bacillus cereus,
Bacillus anthracis, and Bacillus thuringiensis, BT) [4-7] and other bacterial species (gram-
negative Pseudomonas aeruginosa, PA) were conducted in the last decade to understand
the mechanism of the growth and control of biofilms [8,9]. Many medically important
fungi form biofilms [10-12] (including yeast Candida [13] and mold [10], which are resistant
to antifungal drugs). Biofilm formation causes chronic infections and a loss of immune
responses in individuals with underlying health problems and can even lead to death,
creating a severe danger to public health [14-16]. This is due to the resistance of the biofilms
against antimicrobial agents [14]. Biofilms also cause significant problems by contaminating
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medical devices, food, and the environment [17,18], threatening healthcare industries,
including hospital devices, human health, and biotech [19,20] companies. According to a
study by the NIH [21], biofilm formation can be attributed to a significant portion (65% and
80%) of all microbial and related recurring infections.

Designing effective strategies to combat biofilm-related infections is crucial, as it
demands a detailed understanding of the underlying processes in biofilm formation, and
the unraveling their scientific implications. Phenotypes of biofilm-forming microbes differ
from their planktonic states, leading to the rise of antibiotic resistance and the failure of
modern antibiotics to treat biofilm infections [14,22]. An alternative approach to combating
these deadly biofilms needs to be addressed.

Nanotechnology has become prominent in reducing and controlling biofilm forma-
tion [23-26]. In personal and medical care and household products, silver is one of the most
widely used metals [27-29]. Recently, Ag nanoparticles (NP) were used to prevent biofilm
in gram-positive and gram-negative bacteria [28,30-32]. Small DNA stretches are designed
to make aptamer molecular beacons, called functionalized aptamers [33-35], for detecting
biofilms. Sengupta’s group has pioneered the usefulness of DNA aptamers to scaffold
and carry silver nanoclusters (Ag-NC) to influence biofilm formation [7,8]. They have also
shown that a capping agent like methyl-beta-cyclodextrin (CDx) [7]-bound Ag-NC has a
better preventive effect on biofilm.

The full and partial formation of biofilms by a controlling substance, by Ag-NC,
is difficult to predict by a simple statistical analysis. Recently, artificial intelligence (Al
approaches such as convolutional neural networks (CNN) have come into prominence for
biofilm (object) detection [36-39]. The effective Al model Unet [37] is widely recognized as
suitable and has the potential for different types of biomedical image segmentation. The
network architecture contains a fully convolutional encoder-decoder with skip connections
between the encoder blocks and their symmetric decoder blocks. ResNet [37,40] introduces
the concept of skip connections, allowing the network to skip specific layers to let the model
learn effectively. It can be shown that a U-Net framework built with a ResNet encoder can
leverage the power of deep residual learning and enhance the feature extraction process
to improve the overall segmentation performance [41]. Beyond U-Net-based approaches,
other deep learning models have also demonstrated strong segmentation capabilities.
DeepLabV3 uses atrous spatial pyramid pooling (ASPP) to capture multi-scale contextual
information, improving segmentation accuracy for objects of different sizes [42]. Attention
U-Net enhances the standard U-Net by integrating attention mechanisms, helping the
model focus on important regions while reducing background noise. BASNet (Boundary-
Aware Segmentation Network) prioritizes boundary refinement, making it particularly
effective for applications requiring precise edge detection [43]. F-CN (Image Segmentation
using Composable Fully-Convolutional Networks), a deeper fully convolutional network,
efficiently learns spatial hierarchies without requiring explicit region proposals [44], though
it may struggle with boundary precision. Each of these models has distinct strengths and
different parameters based on the structure. The identification of biofilm is difficult for
humans to identify with visual information; extensive and essential features related to
biofilm are expected to be captured through a deep network learning process. Biofilm bright
field images can be characterized using U-Net architecture with ResNet18 and ResNet34
backbone and other convolutional models. This research exploits an Al-based model to
predict and detect the microbial biofilm of gram-negative Pseudomonas aeruginosa, PA [8]
with higher accuracy against a given aptamer-DNA-based Ag-NC. Our results show that
this Al model can be applied to any image to detect biofilm formation with higher accuracy.

This paper reports the prevention of PA biofilm by the Ag-NC, which is synthesized on
a DNA aptamer matrix. In particular, we created biofilm using PA in 2D fully or partially
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on a glass slide, with or without the treatment of PA targeted DNA aptamer-enclosed
Ag-NC. Large-volume bright-field images of the PA biofilms grown on glass slides were
then generated using an automated transmission microscope. Finally, we analyze the
large-volume bright field data via Al, especially U-net with ResNet. For the Al analyses,
the Al algorithm is first fed with bright-field images with marked biofilms; then, unknown
biofilms are fed to the leaned Al model for detection. The results show the detection of
biofilm formation/prevention with higher accuracy.

2. Results and Discussions

Figure 1 shows representative bright field images of control (Figure 1A) and aptamer-
enclosed nanocluster-treated (Figure 1B) samples of Pseudomonas aeruginosa. The incubation
of the PA cells with the aptamer-enclosed Ag-NC for 48 h cleared the turbidity (see Figure 1B
inset), which was observed in control and was indicative of biofilm formation [7,8] (as
shown in Figure 1A).

Figure 1. Brightfield images of Pseudomonas aeruginosa (PA) in Tryptic Soy Broth culture medium
in the absence (control (A)) and presence of aptamer-DNA templated silver nanoclusters (B). The
biofilm formation is evident by the turbidity in the control state (1A inset), while planktonic cells
are observed in the Ag-NC sample (1B inset). Turbidity in well A containing control PA solution
proves biofilm formation, which is cleared in the presence of Ag-NC (well B). Both the wells were
photographed on a black background.

Machine Learning Results for Biofilm Segmentation

The Al frameworks’ training inputs are image data with their corresponding biofilm
annotations, and the output is the model-predicted biofilm mask. The binary cross entropy
loss between the actual label and the prediction is computed and minimized in the training.
The Adam optimizer with weight decay is determined with a learning rate of 5 x 1074, All
the models use a batch size of 8.

The loss and accuracy curves between different backbone learning frameworks are
shown in Figure 2A,A’ for U-Net-ResNet18 and in Figure 2B,B’ for U-Net-ResNet34. Each
model was configured to train for up to 200 epochs. However, early stopping was used to
prevent overfitting with patience of 5 while monitoring the test accuracy. Specifically, if
there was no improvement in test accuracy for five consecutive epochs, the training process
was halted automatically. This strategy ensured that the model did not continue learning
non-generalizable patterns. To further stabilize and enhance the training process, batch
normalization layers and increased dropout were incorporated into the architecture. As
illustrated in Figure 2A,A’, as well as in Figure 2B,B’, both showed a decrease in training
and validation losses, while train accuracy and test accuracy improved on both sets until
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approximately the 20th and 19th epochs, respectively. Here, the test set represents the
validation set. Given the limited dataset, the models are learning very fast with a very
limited number of epochs and generalizing well on the unseen dataset. Early stopping
was triggered around this point, and the best-performing weights were saved, helping to
maintain optimal performance and minimize the risk of overfitting. We report the model
test accuracy, precision, recall, F-1 score, and IoU (Intersection over Union) in Table 1. The
results show that the ResNet-18-based U-Net architecture achieved a better segmentation
test performance, with 90.74% accuracy, 75.98% precision, 79.57% recall, 77.74% F-1 score,
and 63.58% IoU. It is also demonstrated that more informative biofilm features are learned
through a deeper encoder architecture.
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Figure 2. A comparison of loss and accuracy curves between the segmentation model with different
backbone frameworks. (A,A’): U-Net-ResNet18 and (B,B’): U-Net-ResNet34.

It provides a balance between learning biofilm features and maintaining the general-
ization of the test samples. When comparing deeper architectures, such as U-Net-ResNet34,
it performed with improved precision, but the recall was low. This says that it strug-
gles to capture all relevant biofilm regions, leading to under-segmentation. Additionally,
DeeplabV3+ with multi-scale feature extraction through convolutions gives good accuracy
and recall, but the precision is low, stating that it may misclassify non-biofilm regions
targeting false positives. Additionally, Attention U-Net focuses on segmentation through
attention mechanics; it has better recall, indicating that the detection of biofilm is high,
and due to its lower precision and IoU scores, it tends to include non-biofilms regions,
potentially causing over-segmentation. Lastly, the full CNN and BASNet performed well
in terms of accuracy, but the models struggled with low precision, recall, and IoU.
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Table 1. Test performance comparison of the studied Al models.
Model Accuracy Precision Recall F-1 Score IoU
DeepLabV3+ 0.9042 0.7491 0.7949 0.7713 0.6278
F-CN 0.8160 0.7554 0.8160 0.7338 0.6661
BASNet 0.8160 0.6659 0.8160 0.7333 0.6659
Attention U-net 0.8636 0.6138 0.8867 0.7254 0.5691
U-Net-ResNet34 0.8840 0.6766 0.8220 0.7422 0.5901
U-Net-ResNet18 0.9074 0.7598 0.7957 0.7774 0.6358

Post-processing was performed to generate binary-predicted masks based on the
output-predicted probability maps. Mainly, Otsu thresholding [45] was applied to binarize
the segmentation prediction. A comparison of the model raw output mask and ground
truth mask is shown in Figure 3; the first column has three different biofilm samples of
Pseudomonas aeruginosa (PA) (Figure 3A,E,I). Figure 3D,H,L illustrate the related true masks
provided by human experts. Note that Figure 31 is an image of Pseudomonas aeruginosa (PA)
cells in a planktonic state. Based on each image input, the U-Net-ResNet34 algorithm, as
shown in Figure 3, generates the related biofilm probability map, as shown in Figure 3B,E],
where yellow shows the probability of being biofilm. Otsu thresholding is applied to bina-
rize the biofilm probability map (Figure 3B,E]) to generate the predicted mask, as shown in
Figure 3C,G K. The outperformed U-Net-ResNet34 architecture predicts the masks. It is
demonstrated that the expected biofilm regions are aligned with the ground truth annota-
tions, and the general shape of the biofilm is indicated. Hence, the ResNet-based U-Net
method has great potential in this studied biofilm segmentation task. The experimental
results demonstrated that the proposed model could achieve effective segmentation per-
formance by generating accurate biofilm predictions compared to ground truth masks.
Further quantitative measures can be computed and analyzed with this prediction.

Image Data Predicted Mask (raw) Predlcted Mask(Bmanzed) True Mask
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Figure 3. A test comparison of segmentation model raw output, predicted mask, and ground truth
mask for different micrographs. Based on the image input (1st column (A,EI)), the U-Net-ResNet18
algorithm generates the biofilm probability map (2nd column (B,F,J)). Otsu thresholding is applied
to binarize the biofilm probability map to generate the predicted mask (3rd column (C,G,K)). The
fourth column (D,H,L) shows the true mask provided by human experts as the comparison with the
3rd column.
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3. Experimental Methodology and Instrumentation
3.1. Preparation of DNA-Templated Silver Nanocluster

The silver nanocluster (Ag-NC) was prepared on the aptamer DNA 5'-CCC CCG TTG
CTT TCG CTT TTC CTT TCG CTT TTG TTC GTT TCG TCC CTG CTT CCT TTC TTG-3
(which is specific for PA [46]), following the protocol published elsewhere [47].

This DNA oligonucleotide was custom-synthesized from Integrated DNA Technolo-
gies (IDT, Coralville, IA, USA). Lyophilized DNA was hydrated with triple distilled water
(obtained from Sigma, Tokyo, Japan). Ag-NC was synthesized by combining 15 uM DNA
and 90 uM Ag™ with 6BH; /oligonucleotide solutions, followed by vortex mixing for 1 min.
The sample was stored overnight in the dark at 4 °C. UV/V is absorption, and fluorescence
emission studies were conducted in the solution.

3.2. Preparation of Bacterial Samples for Biofilm Study

Pseudomonas aeruginosa ATCC 10145, Lot 416-116-4, was obtained from Microbiologics
Inc., St. Cloud, MN, USA. PA was grown in 200 mL Tryptic Soy Broth (TSB, FisherSci.,
Hampton, NH, USA) at 23 °C overnight, and 25% of Ag-NC solution was added to media
containing bacterial culture. In a separate study, PA in 100% media and in the presence
of 25% water (the same volume added for Ag-NC) showed little difference in bacterial
growth. Hence, this work has used PA culture with 25% water as a control. The plates were
incubated at 23 °C for two days in six-well plates. Following our previous work, turbidity
in the wells indicated biofilm formation [7,48]. Cells from the plates were heat-fixed on the
glass slides for bright-field imaging.

3.3. Steady-State Absorption, Fluorescence

We performed steady-state absorption and fluorescence spectroscopic measurements
to confirm Ag-NC formations. Steady-state absorption spectra were recorded with a
Shimadzu UV 2550 spectrophotometer (Kyoto, Japan). Steady-state fluorescence mea-
surements were carried out with a PerkinElmer FL 6500 fluorescence spectrophotometer
(Shelton, CT, USA). Excitation and emission slit widths were 5/10 nm. All reported lumi-
nescence spectra were corrected for the detector’s spectral response.

The fluorescence and absorption experiments were performed to characterize the
spectral properties of the DNA aptamer scaffolded silver nanoclusters, which were reported
in our previous work [8]. We repeated these measurements to ensure the reproducibility of
the Ag-NC formation on the DNA-templated aptamer and were able to reproduce similar
results to those reported in [8]. The repeated measured fluorescence and absorption spectra
have been reported in the Appendix A for the completeness of this article. In brief, for
example, fluorescence emission spectra of aptamer-DNA 5'-CCC CCG TTG CTT TCG CTT
TTC CTT TCG CTT TTG TTC GTT TCG TCC CTG CTT CCT TTC TTG-3' templated Ag-NC
show the absorption band around the wavelength region 380-390 nm. An absorption band
peaking around 427 nm, with a shorter band peaking around ~530 nm, was observed.
This indicates the formation of more than one type of silver nanocluster. Furthermore,
the emission spectra of Ag-NCs showed stronger fluorescence with AJ};* at ~633 nm for
Aex =540 nm, compared to the emission band with AJ7* at 530 nm for A,y = 450 nm,
agreeing with our earlier work [8].

3.4. Instrumentation

Olympus BX61 optical microscope (Tokyo, Japan), CCD camera, and PRIOR Test Con-
trol (OptiScan software, PriorTest version 2.24.0.0) were used for large-volume bright-field
transmission imaging. Rather than the traditional way of manual imaging, we used the auto-
scan feature of the microscope to identify and diagnose the biofilm prevention/formation
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and their statistical mixtures in thin biofilms on glass slides. To image the biofilms, we
used a conventional Olympus BX61 (Figure 4) motorized system microscope with a 40X
objective (UIS2) series, and a CCD camera mounted on the top of a BX61 microscope.
In addition, we used the PRIOR Test Control via OptiScan software to move the micro-
scope stage to synchronize with the camera while taking the scattering micrographs in the
transmission mode.

Figure 4. Schematic picture of a large-volume bright-field imaging system using an Olympus BX61
microscope (this picture is based on the Olympus manual guide) and Prior automated control system.
The slide was kept on the holder of the x-y-z automated microscope stage and then scanned by a
programmable matrix array. The scan speed is around ~1000 spot/hr.

3.5. Scanning Method

The most significant squares within each observation site of the biofilm over the glass
slide were determined and divided into numbers proportional to the objective lens used
(40X). Altogether, ~2000 microscopic micrographs were generated from each type of sample
(C,CN1, CN2, CNB...) for the Al analyses.

3.6. Al: ResNet-Based U-Net Biofilm Segmentation

In this section, a U-Net-based segmentation model is used to segment biofilm to
further retrieve the demanded quantitative measures of the bacteria, such as the covered
area and cell count. We performed a pixel-level biofilm semantic segmentation using a
U-Netl-based [40,49] Al framework within the studied regions. The analyzed dataset
includes a total of 184 microbial images with annotated biofilm masks. Data robustness
is ensured by tolerating variations in its collection and annotation procedure, where one
image sample may contain from none to multiple segmented biofilm regions. The dataset
is divided into a training set with ~150 samples and a test set with 34 samples. Each image
datum with annotated masks is resized to the same input shape 512 x 512. The pixel values
are normalized between 0 and 1. A preprocessed image sample with its ground truth mask
is shown in Figures 5A and 5B, respectively. The bright-field imaging system captured the
input image data, and domain experts collected and validated the corresponding manually
annotated masks (yellow areas indicate biofilm).
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Figure 5. (A) Input image data captured by the bright-field imaging system; (B) the corresponding
manually annotated mask (yellow areas indicate biofilm).

UNet is widely recognized as an effective AI model for biomedical image segmen-
tation. The network architecture contains a fully convolutional encoder-decoder with
skip connections between the encoder blocks and their symmetric decoder blocks. This
encoder-decoder structure of U-Net has inspired many segmentations in medical imaging;
for instance, the attention mechanism has been employed in medical image segmentation
and become widely adopted. The variation of U-Net-related deep learning networks is
designed to optimize results by improving medical image segmentation’s accuracy and
computing efficiency through changing network structures.

The convolution scheme is modified and extended in the conventional U-Net frame-
work to work with few training images and produce more accurate segmentation. The
general shrinkage network is replaced with sequential layers. The high resolution of the
contracted path is combined with the upsampled output for localization. Therefore, se-
quential convolutional layers can study informative features and output more accurate
segmentation. The network applies the practical part of every convolution, where the
segmentation map contains mere pixels, and the complete context of the pixels can be
obtained in the input image.

ResNet [37-39] introduces skip connections, allowing the network to skip specific
layers to let the model learn effectively. A U-Net framework built with a ResNet encoder
can leverage the power of deep residual learning and enhance the feature extraction
process to improve the overall segmentation performance [41]. In addition, the shortcut
mechanism added by the ResNet tends to avoid gradient vanishing and improve the
network convergence efficiency. Because biofilm is even more complex for humans to
identify with visual information, extensive and essential features related to biofilm are
expected to be captured through a deep network learning process. The proposed ResNet-
based U-Net segmentation framework is shown in Figure 6. This study investigated U-Net
architecture with ResNet18 and ResNet34 backbones, respectively.
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Figure 6. Architecture of the U-Net model. The model takes the input with image size 512 x 512 x 3.
The downsampling process performs the feature extraction and compression, and up sampling
performs the segmentation map generation. The output of the model is the biofilm probability map.

4. Conclusions and Discussion

We experimented to prevent biofilm formation using silver nanoclusters, which were
synthesized on DNA aptamer matrices and were used to treat the bacterial biofilms of
Pseudomonas aeruginosa. The experimental results showed that in the presence of Ag-NC,
the degree of the 2D biofilm formation decreased.

The biofilm formation/prevention analysis was performed using Al-based mod-
els. We have performed the accuracy of the model using several standard-Al models:
DeepLabV3+F-CN, BASNet, Attention U-net, U-Net-ResNet34, and U-Net-ResNet18. Our
results show that U-Net-Resnet18 and U-Net-Resnet34 have the top accuracy.

The Al algorithm was trained for two cases: the formation and prevention of biofilm,
followed by the testing of the AI model for its ability to detect biofilm among many images
of Pseudomonas aeruginosa. The results show that the accuracy of detection is 91%. The
developed technique can be used to quickly detect biofilms by healthcare, biotech, and
environmental agencies. In our study, we currently employ early stopping and model check-
pointing to save the best-performing weights based on validation performance. Additional
techniques, such as data augmentation (e.g., rotation, scaling, and elastic deformations)
and dropout regularization, could be incorporated to improve generalization further. In ad-
dition, transfer learning with pre-trained encoders, self-supervised learning, and synthetic
data augmentation using generative models (e.g., GANSs or diffusion models) could enhance
model performance in our low-data settings, which is one of our potential future directions.
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Appendix A. Characterization of the Aptamer-Templated Ag-Nc Using
the Absorption and Fluorescence Spectroscopy
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Figure Al. (A,B) shows typical absorption and fluorescence spectra of aptamer-DNA templated
Ag-NC. The inset in Figure (A) focuses on the Ag-NC's absorption region only.

The absorption and fluorescence spectroscopic characterization of the Ag-NCs in
aptamer has been reported in our earlier publication using a series of DNA aptamers [8].
We re-experimented the most efficient targeted aptamer [8] for forming Ag-NC and ver-
ifying the repeatability of our previous work. The results show similar absorption and
fluorescence emission profile features to our earlier publication [8], indicating the Ag-NC
formation on the aptamer template.
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Figure A1 shows the typical absorption and fluorescence emission spectra of aptamer-
DNA 5-CCC CCG TTG CTT TCG CTT TTC CTT TCG CTT TTG TTC GTT TCG TCC CTG
CTT CCT TTC TTG-3' templated Ag-NC. The Ag-NCs were made in deionized water with
DNA (15 uM), AgNO3 (90 uM), and NaBHy (90 uM) to optimize nanoparticle formation,
which is shown by the absorption band around the 380-390 nm region. The absorption
of the nucleobases in the UV region is shown in Figure A1, while the inset highlights
the absorbance of Ag-NC. An absorption band with a peak around 427 nm and a shorter
band of ~530 nm were observed, proving the formation of more than one type of silver
nanocluster on this PA-specific aptamer template, which agrees with our previous work [8].
The emission profiles of these Ag-NCs show that for A, =540 nm, the NC showed stronger
fluorescence with AJ};* at ~633 nm compared to the emission band with A}}};* at 530 nm for
Aex= 450 nm, agreeing with our earlier work [8].

References

1. Cohn, F. Beitriige Zur Biologie Der Bacillen; (Beitrage zur Biologie der Pflanzen. Untersuchungen tiber Bacterien, 1877); Duncker &
Humblot: Berlin, Germany, 1877; Volume IV, pp. 249-276.

2. Vlamakis, H,; Chai, Y.; Beauregard, P; Losick, R.; Kolter, R. Sticking together: Building a biofilm the Bacillus subtilis way. Nat. Rev.
Microbiol. 2013, 11, 157-168. [CrossRef] [PubMed]

3. Samrot, A.V.; Mohamed, A.A_; Faradjeva, E.; Jie, L.S.; Sze, C.H.; Arif, A,; Sean, T.C.; Michael, ENN.; Mun, C.Y,; Qi, N.X; et al.
Mechanisms and Impact of Biofilms and Targeting of Biofilms Using Bioactive Compounds—A Review. Medicina 2021, 57, 839.
[CrossRef]

4. Auger, S.; Ramarao, N.; Faille, C.; Fouet, A.; Aymerich, S.; Gohar, M. Biofilm Formation and Cell Surface Properties among
Pathogenic and Nonpathogenic Strains of the Bacillus cereus Group. Appl. Environ. Microbiol. 2009, 75, 6616—-6618. [CrossRef]
[PubMed]

5. Shemesh, M.; Ostrov, I. Role of Bacillus species in biofilm persistence and emerging antibiofilm strategies in the dairy industry. J.
Sci. Food Agric. 2020, 100, 2327-2336. [CrossRef]

6. Lemos, M.; Borges, A.; Teodésio, J.; Aratjo, P.; Mergulhao, F.; Melo, L.; Simoées, M. The effects of ferulic and salicylic acids on
Bacillus cereus and Pseudomonas fluorescens single- and dual-species biofilms. Int. Biodeterior. Biodegrad. 2014, 86, 42-51. [CrossRef]

7. Sengupta, B.; Sinha, S.S.; Garner, B.L.; Arany, I.; Corley, C.; Cobb, K.; Brown, E.; Ray, P.C. Influence of Aptamer-Enclosed Silver
Nanocluster on the Prevention of Biofilm by Bacillus thuringiensis. Nanosci. Nanotechnol. Lett. 2016, 8, 1054-1060. [CrossRef]

8.  Sengupta, B.; Adhikari, P.; Mallet, E.; Havner, R.; Pradhan, P. Spectroscopic Study on Pseudomonas aeruginosa Biofilm in the
Presence of the Aptamer-DNA Scaffolded Silver Nanoclusters. Molecules 2020, 25, 3631. [CrossRef] [PubMed]

9.  Thi, M.T.T.; Wibowo, D.; Rehm, B.H.A. Pseudomonas aeruginosa Biofilms. Int. . Mol. Sci. 2020, 21, 8671. [CrossRef]

10. Ramage, G.; Williams, C. The Clinical Importance of Fungal Biofilms. In Advances in Applied Microbiology; Elsevier: Amsterdam,
The Netherlands, 2013; Volume 84, pp. 27-83. [CrossRef]

11.  Vila, TV.M,; Rozental, S. Biofilm Formation as a Pathogenicity Factor of Medically Important Fungi. In Fungal Pathogenicity. 2016,
11,1-24.

12.  Fanning, S.; Mitchell, A.P. Fungal Biofilms. PLoS Pathog. 2012, 8, €1002585. [CrossRef]

13.  Malinovsk4, Z.; Conkova, E.; Véczi, P. Biofilm Formation in Medically Important Candida Species. J. Fungi 2023, 9, 955. [CrossRef]
[PubMed]

14. Davies, D. Understanding biofilm resistance to antibacterial agents. Nat. Rev. Drug Discov. 2003, 2, 114-122. [CrossRef]

15. Monte, ].; Abreu, A.C.; Borges, A.; Simoes, L.C.; Simbes, M. Antimicrobial Activity of Selected Phytochemicals against Escherichia
coli and Staphylococcus aureus and Their Biofilms. Pathogens 2014, 3, 473-498. [CrossRef] [PubMed]

16. Gondil, V.S.; Subhadra, B. Biofilms and their role on diseases. BMC Microbiol. 2023, 23, 203. [CrossRef]

17.  Stewart, P.S.; Bjarnsholt, T. Risk factors for chronic biofilm-related infection associated with implanted medical devices. Clin.
Microbiol. Infect. 2020, 26, 1034-1038. [CrossRef] [PubMed]

18. Abebe, G.M. The Role of Bacterial Biofilm in Antibiotic Resistance and Food Contamination. Int. ]. Microbiol. 2020, 2020, 1705814.
[CrossRef]

19. Lens, P; O’Flaherty, V.; Moran, A.; Stoodley, P.; Mahony, T. Biofilms in Medicine, Industry and Environmental Biotechnology—
Characteristics, Analysis and Control. Water Intell. Online 2015, 6, 9781780402161. [CrossRef]

20. Mishra, A.; Aggarwal, A.; Khan, F. Medical Device-Associated Infections Caused by Biofilm-Forming Microbial Pathogens and
Controlling Strategies. Antibiotics 2024, 13, 623. [CrossRef]

21. Jamal, M.; Ahmad, W.; Andleeb, S; Jalil, E; Imran, M.; Nawaz, M.A.; Hussain, T.; Ali, M.; Rafiq, M.; Kamil, M. A. Bacterial biofilm

and associated infections. J. Chin. Med. Assoc. 2018, 81, 7-11. [CrossRef]


https://doi.org/10.1038/nrmicro2960
https://www.ncbi.nlm.nih.gov/pubmed/23353768
https://doi.org/10.3390/medicina57080839
https://doi.org/10.1128/AEM.00155-09
https://www.ncbi.nlm.nih.gov/pubmed/19648377
https://doi.org/10.1002/jsfa.10285
https://doi.org/10.1016/j.ibiod.2013.06.011
https://doi.org/10.1166/nnl.2016.2243
https://doi.org/10.3390/molecules25163631
https://www.ncbi.nlm.nih.gov/pubmed/32785202
https://doi.org/10.3390/ijms21228671
https://doi.org/10.3390/ijms21228671
https://doi.org/10.1371/journal.ppat.1002585
https://doi.org/10.3390/jof9100955
https://www.ncbi.nlm.nih.gov/pubmed/37888211
https://doi.org/10.1038/nrd1008
https://doi.org/10.3390/pathogens3020473
https://www.ncbi.nlm.nih.gov/pubmed/25437810
https://doi.org/10.1186/s12866-023-02954-2
https://doi.org/10.1016/j.cmi.2020.02.027
https://www.ncbi.nlm.nih.gov/pubmed/32120041
https://doi.org/10.1155/2020/1705814
https://doi.org/10.2166/9781780402161
https://doi.org/10.3390/antibiotics13070623
https://doi.org/10.1016/j.jcma.2017.07.012

Information 2025, 16, 309 12 of 13

22.

23.

24.

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Hernandez-Jiménez, E.; Del Campo, R.; Toledano, V.; Vallejo-Cremades, M.T.; Mufioz, A.; Largo, C.; Arnalich, F; Garcia-Rio, F,;
Cubillos-Zapata, C.; L6pez-Collazo, E. Biofilm vs. planktonic bacterial mode of growth: Which do human macrophages prefer?
Biochem. Biophys. Res. Commun. 2013, 441, 947-952. [CrossRef]

ETaylor, E.N.; Webster, T.J. The Use of Superparamagnetic Nanoparticles for Prosthetic Biofilm Prevention. Int. J. Nanomed. 2009,
4,145-152.

Wu, W.,; Wu, Z,; Yu, T,; Jiang, C.; Kim, W.-S. Recent progress on magnetic iron oxide nanoparticles: Synthesis, surface functional
strategies and biomedical applications. Sci. Technol. Adv. Mater. 2015, 16, 023501. [CrossRef]

Ferraz, M.P. Advanced Nanotechnological Approaches for Biofilm Prevention and Control. Appl. Sci. 2024, 14, 8137. [CrossRef]
Balaure, P.C.; Grumezescu, A.M. Recent Advances in Surface Nanoengineering for Biofilm Prevention and Control. Part I:
Molecular Basis of Biofilm Recalcitrance. Passive Anti-Biofouling Nanocoatings. Nanomaterials 2020, 10, 1230. [CrossRef]
Gurunathan, S.; Han, ].W.; Kwon, D.-N.; Kim, ]J.-H. Enhanced antibacterial and anti-biofilm activities of silver nanoparticles
against Gram-negative and Gram-positive bacteria. Nanoscale Res. Lett. 2014, 9, 373. [CrossRef] [PubMed]

Joshi, A.S.; Singh, P.; Mijakovic, I. Interactions of Gold and Silver Nanoparticles with Bacterial Biofilms: Molecular Interactions
behind Inhibition and Resistance. Int. ]. Mol. Sci. 2020, 21, 7658. [CrossRef] [PubMed]

Zyro, D.; Sikora, J.; Szynkowska-J6zwik, M.I.; Ochocki, J. Silver, Its salts and application in medicine and pharmacy. Int. J. Mol.
Sci. 2023, 24, 15723. [CrossRef]

Mohanta, Y.K.; Biswas, K.; Jena, S.K.; Hashem, A.; Abd, E.E.; Mohanta, T.K. Anti-biofilm and antibacterial activities of silver
nanoparticles synthesized by the reducing activity of phytoconstituents present in the Indian medicinal Plants. Front. Microbiol.
2020, 11, 1143. [CrossRef]

Hosnedlova, B.; Kabanov, D.; Kepinska, M.; Narayanan, V.H.B.; Parikesit, A.A.; Fernandez, C.; Bjorklund, G.; Nguyen, H.V,; Farid,
A.; Sochor, |.; et al. Effect of biosynthesized silver nanoparticles on bacterial biofilm changes in S. aureus and E. coli. Nanomaterials
2022, 12, 2183. [CrossRef]

More, P.R.; Pandit, S.; Filippis, A.D.; Franci, G.; Mijakovic, I.; Galdiero, M. Silver nanoparticles: Bactericidal and mechanistic
approach against drug resistant pathogens. Microorganisms 2023, 11, 369. [CrossRef]

Bruno, J.G.; Carrillo, M.P. development of aptamer beacons for rapid presumptive detection of Bacillus Spores. J. Fluoresc. 2012,
22,915-924. [CrossRef]

Ikanovic, M.; Rudzinski, W.E.; Bruno, ].G.; Allman, A.; Carrillo, M.P.; Dwarakanath, S.; Bhahdigadi, S.; Rao, P; Kiel, ].L.; Andrews,
C.J. Fluorescence assay based on aptamer-quantum dot binding to Bacillus thuringiensis Spores. J. Fluoresc. 2007, 17, 193-199.
[CrossRef]

Domsicova, M.; Korcekova, J.; Poturnayova, A.; Breier, A. New insights into aptamers: An alternative to antibodies in the
detection of molecular biomarkers. Int. |. Mol. Sci. 2024, 25, 6833. [CrossRef] [PubMed]

Im, H.R,; Im, S.J.; Nguyen, D.V,; Jeong, S.P.; Jang, A. Real-time diagnosis and monitoring of biofilm and corrosion layer formation
on different water pipe materials using non-invasive imaging methods. Chemosphere 2024, 361, 142577. [CrossRef] [PubMed]
He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778. [CrossRef]

Drozdzal, M.; Vorontsov, E.; Chartrand, G.; Kadoury, S.; Pal, C. The Importance of Skip Connections in Biomedical Image
Segmentation. In Deep Learning and Data Labeling for Medical Applications; Springer: Cham, Switzerland, 2016; pp. 179-187.
[CrossRef]

Dimauro, G.; Deperte, F.; Maglietta, R.; Bove, M.; La Gioia, F.; Reno, V.; Simone, L.; Gelardi, M. A novel approach for biofilm
detection based on a convolutional neural network. Electronics 2020, 9, 881. [CrossRef]

Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional networks for biomedical image segmentation. In Medical Image
Computing and Computer-Assisted Intervention—MICCAI 2015; Navab, N., Hornegger, J., Wells, WM., Frangi, A.F,, Eds.; Lecture
Notes in Computer Science; Springer International Publishing: Berlin/Heidelberg, Germany, 2015; pp. 234-241. [CrossRef]
Arrastia, J.L.; Heilenkétter, N.; Baguer, D.O.; Hauberg-Lotte, L.; Boskamp, T.; Hetzer, S.; Duschner, N.; Schaller, J.; Maass, P.
Deeply Supervised UNet for Semantic Segmentation to Assist Dermatopathological Assessment of Basal Cell Carcinoma. .
Imaging 2021, 7, 71. [CrossRef]

Otsu, N. A threshold selection method from sray-level Hhstograms. IEEE Trans. Syst. Man Cybern. 1979, 9, 62-66. [CrossRef]
Das, R.; Dhiman, A.; Kapil, A.; Bansal, V.; Sharma, T.K. Aptamer-mediated colorimetric and electrochemical detection of
Pseudomonas aeruginosa utilizing peroxidase-mimic activity of gold NanoZyme. Anal. Bioanal. Chem. 2019, 411, 1229-1238.
[CrossRef]

Sengupta, B.; Ritchie, C.M.; Buckman, J.G.; Johnsen, K.R.; Goodwin, PM.; Petty, ].T. Base-directed formation of fluorescent silver
clusters. J. Phys. Chem. C 2008, 112, 18776-18782. [CrossRef]

Haney, E.; Trimble, M.; Cheng, ].; Vallé, Q.; Hancock, R. Critical assessment of methods to quantify biofilm growth and evaluate
antibiofilm activity of host defence peptides. Biomolecules 2018, 8, 29. [CrossRef]

Tatli, U.; Budak, C. Biomedical image segmentation with modified U-Net. Traitement du Signal 2023, 40, 523-531. [CrossRef]


https://doi.org/10.1016/j.bbrc.2013.11.012
https://doi.org/10.1088/1468-6996/16/2/023501
https://doi.org/10.3390/app14188137
https://doi.org/10.3390/nano10061230
https://doi.org/10.1186/1556-276X-9-373
https://www.ncbi.nlm.nih.gov/pubmed/25136281
https://doi.org/10.3390/ijms21207658
https://www.ncbi.nlm.nih.gov/pubmed/33081366
https://doi.org/10.3390/ijms242115723
https://doi.org/10.3389/fmicb.2020.01143
https://doi.org/10.3390/nano12132183
https://doi.org/10.3390/microorganisms11020369
https://doi.org/10.1007/s10895-011-1030-0
https://doi.org/10.1007/s10895-007-0158-4
https://doi.org/10.3390/ijms25136833
https://www.ncbi.nlm.nih.gov/pubmed/38999943
https://doi.org/10.1016/j.chemosphere.2024.142577
https://www.ncbi.nlm.nih.gov/pubmed/38857632
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/978-3-319-46976-8_19
https://doi.org/10.3390/electronics9060881
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.3390/jimaging7040071
https://doi.org/10.1109/TSMC.1979.4310076
https://doi.org/10.1007/s00216-018-1555-z
https://doi.org/10.1021/jp804031v
https://doi.org/10.3390/biom8020029
https://doi.org/10.18280/ts.400211

Information 2025, 16, 309 13 of 13

47. Peng, H.; Xue, C.; Shao, Y.; Chen, K.; Xiong, J.; Xie, Z.; Zhang, L. Semantic segmentation of litchi branches using DeepLabV3+
Model. IEEE Access 2020, 8, 164546-164555. [CrossRef]

48. Yang, Y, Shen, P; Chen, C. A robust iris segmentation using fully convolutional network with dilated convolutions. In Proceedings
of the 2018 IEEE International Symposium on Multimedia (ISM), Taichung, Taiwan, 10-12 December 2018; pp. 9-16. [CrossRef]

49. Qin, X,; Fan, D.; Huang, C.; Diagne, C.; Zhang, Z.; Sant, A.C.; Suarez, A.; Jagersand, M.; Shao, L. Boundary-Aware segmentation
network for mobile and web applications. arXiv 2021, arXiv:2101.04704. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1109/ACCESS.2020.3021739
https://doi.org/10.1109/ISM.2018.00011
https://doi.org/10.48550/arXiv.2101.04704

	Introduction 
	Results and Discussions 
	Experimental Methodology and Instrumentation 
	Preparation of DNA-Templated Silver Nanocluster 
	Preparation of Bacterial Samples for Biofilm Study 
	Steady-State Absorption, Fluorescence 
	Instrumentation 
	Scanning Method 
	AI: ResNet-Based U-Net Biofilm Segmentation 

	Conclusions and Discussion 
	Appendix A
	References

