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Model Interpretation: Why does the model think biofilm is located in a picture?

As an inputimage passes through the deeper
convolutional layers of the VGGNet16 model,
3 it learns higher level abstraction information
about a biofilm and a single cell image which
empowers it with classifying ability.

Observations:
Fig 4A: Visualization of the feature maps at layer 1, 3, 5 (left
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Artificial intelligence (Al), particularly deep learning, has lately allowed
extraordinary advancements within the biotech industry. Classifying
objects, such as cancerous tumors in images, is one of the
fundamental challenges that deep neural networks can handle. This
project explores the classification of biofilm formation using deep
learning object classification algorithms. The presence of biofilm
facilitates the development of infections by compromising a patient's

. - R Lo to right) for a biofilm image 1. Theoutputat layer 1 is retaining most of
immune system and contributing to the failure of antibiotic therapy, the information of input image and
. which results in reoccurring infections and the emergence of multi- mostly acting as edge detector.
resistant pathogens. 2. At the layer 5, we can see the model is
G e activated at the long chain cluster region
The traditional methods of biofilm detection, for example, Tissue PRSI S : SRS SO 1 S e e — iofilm i i
. . P . Fig 2B: Single-cell sample images ( the transparent spots indicate single cell bacteria presence) of a biofilm image (light green) and
Culture Plate, Tube method, bioluminescent assay, are tedious, costly inactive (dark purple) for a single cell.
and time-consuming. To overcome these limitations, we deployed an Model Design and Performance Fig 4B. Visualization of the feature maps at conv layer 1, 3, 5 This shows that the model is learning the
automated Al-based deep learning approaches, such as Convolutional (left to right) for a single cell image correct abstraction features.
Neural Networks (CNN), to identify biofilm formation. Our results We used VGGNet16 model which is a CNN-based model. The model consists of 16 weighted
show that the VGG-CNN model with transfer learning performs the layers, which includes thirteen convolutional layers, five max pooling layers, and three dense . O B o I i
Fig:1C  best with an accuracy of 92.47%. layers. — 10 1
Fig 3. VGGNet16 Architecture » '
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attaches to a biotic or abiotic surface. Biofilm forms anywhere there is a combination of ‘ "\ Max pooling ayer =
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° SFU & Ut. er ts,and a su ace by produc ga o g,'st gy, slimy, glue 'es'ubsta' ce Folly conncted Layer Fig 5. Superimposed class activation heatmap on biofilm (left) and single cell (right) image
Considering biofilm plays a role in pathogenesis, there is greater importance in identifying

After preprocessing our dataset, we began training our model using regularization layers, K-
fold cross-validation, and simplified our model to avoid overfitting during the training process.
To ensure our model was not overfitting, we documented the loss and accuracy throughout the

training phase.
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biofilm and its growth. Moreover, to ensure that our model is not classifying images by mistake (with the wrong set of
features), we used GRADCAM algorithm, to visualize the region in the image, that filters of the model
are concentrating on when making classification decision between a biofilm and single cell image. As
we can see in Fig 5, the model is concentrating on the long chain cluster region of the biofilm image

(light yellow) to label the image as a biofilm. Such region is missing in single cell image.
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To train and test our CNN-based models, we used a raw dataset consisting of Brightfield g 0% g 088 | p K
images (biofilm and single-cell) provided by Mississippi State University. To avoid incorrect S 0% E 084 C us nd Future Wor
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results, we cleaned our dataset before training our CNN-based models. 0;: 075 n our project, we showed that the CNN based model are efficient

. 0 ¢ and cost-effective method to identify biofilm images. TheVGGNet16
Table 1. Biofilm dataset 7 Cgpocht " " epocht U model with transfer learning performed better than our VGGNet16
| siofilm | Singlecell |

Table 2. Model Performance on Test Dataset

. model without transfer learning. In future work, we want to use
image segmentation to outline where biofilm is present in images.

- o Image segmentation is more efficient than image classification
Training/Validation 221 152 With TL 92.47% 88.71% 96.49% because it extracts pixel-level features within the images which
Test 55 38 helps in localizing an object and also increases the accuracy of the

Without TL  81.72% 76.39% 74.35% model.
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