Computational Approaches to detect and segment Biofilm Regions from M

MONTANA

STATE UNIVERSITY

Microscopy Images probed by Fluorescence In Situ Hybridization (FISH)

'Aahad Abubaker, ?Trisha Raichura, 'Thiruvarangan Ramaraj, 'Zonglin Yang, °Tatsuya Akiyama, >*Kerry Williamson, 3*Michael Franklin

'School of Computing, DePaul University, Chicago. IL, USA “Dubai College, Dubai, UAE *Department of Microbiology and Cell Biology, Montana State University,
Bozeman, MT, USA “Center of Biofilm Engineering, Montana State University, Bozeman, MT, USA °Department of Physics, Emory University, Atlanta, GA, USA

DUBAI COLLEGE
U.A.E.
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Biofilms are communities of microorganisms that colonize and RGB Input

grow on surfaces such as living tissues, medical implant devices,
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water systems, and natural aquatic systems. Biofilms are key to
many biological processes. Microscopic imaging of biofilms is
one of the important tools used for characterizing biofilms. In
this work we propose to develop computational approaches
using both traditional and machine learning approaches to

detect and segment biofilm regions that were studied by

fluorescence in situ hybridization (FISH).

Motivation for Our Analysis

Software packages currently available to analyze microscopic
images such as Napari are not ideal for large volume of

datasets. They work on individual images and the analysis on
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Fig. 4. Day 2 Thresholding Results

each image needs to be parametrized to generate optimal Otsu Thresholding

results. This is time-consuming, laborious, tedious, and not ideal. DAY 2

Red
- -

Automated approaches that can handle large volumes of data

are required.

Fig. 5. Day 2, Day 6, Day 10 Images processed through Otsu Algorithm

DAY 10 Thresholding

Fig.1. FISH technique used for detection of RNA and DNA Fig. 3. Images taken from Fig.4 split into 3 channels (Red, Green, Blue)
Ref: Community Proteomics of a Natural Microbial Biofilm (R.Blake,2005)

Methodology

Data

In this work, we will be using FISH image data of biofilms Input Biofilm Images Captured Over
formed by Pseudomonas aeruginosa, PAO1 which is the wild Starvation Period

type (WT) along with three PAO1 mutants, HPF, HPFc, relAspoT. 1. Imuge Preprocessmg Fig. 6. Rsu of Canny Edge Den without O’r d with Otsu
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(hibernation promoting factor), HPFc was created by inserting Convert C.ZI to RGB and Identlfylong i. Conversion from MICI’OSCOpIC files R I+ d C lusi
the HPF gene back into the HPF mutant. Finally, relAspoT, a appropriate channel for analysis esSuITs ana Lonciusion

I |den-|-ify Sp||1- RGB Channels * Effective automated approaches that do not have to be individually
) parametrized, rather combined

The HPF mutants were created by knocking out the HPF

double mutant, was created by knocking off both relA and

spol genes from the WT.

Filter and Noise Removal * Developed segmentation processes and images with clear boundaries

2. Image Analysis

For each of these strains, the biofilm images were produced at * Fluorescent Intensity from split green and blue channel to quantify

day intervals (2, 6, 10) where they undergo starvation. In . . . cellular concentration and boundaries with red channel

PAO1 biofilm starvation, dispersal movement starts within 5 Apply Computer Vision Image Analysis . Appl)’ Compu’rer Vision Technlques

minutes and about 60% of the original biomass will be Techniques to Identify Biofilm Region References
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