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. The combination of Convolutional Neural Networks (CNNs) and
Received: 15 July 2024 Fully Convolutional Networks (FCNs) has revolutionized the
understanding of complicated biological structures and greatly
Accepted: 25 Aug 2024 advanced bio imaging. By automatically learning hierarchical
characteristics from huge datasets, CNN especially in U-Net
Published: 05 Sep 2024 architectures have shown to be incredibly adept at segmenting a wide

range of biological entities, including cells, tissues, and neurons. By
doi: 10.48047/AFJBS.6.15.2024.7533-7546 substituting convolutional layers with fully connected layers, FCNs
expand the capabilities of CNNs and allow end-to-end training for
dense prediction problems. With the help of this technique,
segmentation may be done precisely in space, collecting minute
details and spatial relationships that are essential for biological
imaging. FCNs perform better than typical CNNs in comparison, as
evidenced by comparative evaluations of Dice Coefficient,
Intersection over Union (loU), precision, and recall. As a result,
FCNs are especially well-suited for segmenting structures such as
blood arteries and neurons. In addition to improving segmentation
robustness and accuracy, these developments have the potential to
revolutionize the biological sciences by facilitating more accurate
diagnosis, individualized therapy, and a better comprehension of
intricate biological systems.
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I INTRODUCTION

In biological study, imaging techniques have become essential instruments for observing and
understanding the complex dynamics and structures of living things. Our understanding of
biological processes has been completely transformed by the ability to take high-resolution
pictures of cells, tissues, and organs. This has allowed researchers to examine cellular
relationships, functions, and pathological situations with a level of clarity never before
possible. Significant biological discoveries have been fueled in the past by advances in imaging
technology. The combination of innovative image processing techniques has enabled bio
imaging to reach new heights in recent years. Researchers can now view biological components
at nanoscale levels., which can observe objects at diffraction limits greater than the speed of
light. Similar to this, developments in image segmentation and 3D reconstruction have made it
possible to analyse biological samples in more detail and accuracy, which has made it easier to
examine the spatial linkages and dynamic processes that occur within tissues [7]. Bioimaging
has taken on new dimensions with the advent of Al and machine learning in image processing.
These technologies improve the capacity to categorize, measure, and comprehend intricate
biological processes by enabling automated, high-throughput analysis of imaging data. These
developments have sped up research and created new opportunities for discovery by increasing
the accuracy and effectiveness of picture analysis. Because imaging can produce both
qualitative and quantitative data that advance scientific understanding, it is crucial to biological
study. With the advancement of bio imaging technology, new avenues for medical research,
disease diagnosis, and therapeutic strategy development will be opened up, providing greater
insights into the intricacies of life [14]. With the development of sophisticated imaging
technology, biological imaging has experienced significant growth. However, to fully realize
the potential of biological samples and the massive amount of data they generate, new image
processing techniques are required [9]. To meet the needs and complexity of contemporary
biological imaging, sophisticated image processing techniques are required. Through enhanced
data management, accuracy, and analytical capabilities, these advancements significantly
contribute to the advancement of our comprehension of biological systems and driving forward

research in the biological sciences.

I MATERIALS AND METHODS

With the development of innovative image processing techniques, the field of bio imaging has
quickly expanded and greatly enhanced our capacity for biological study. The objective of this

research is to introduce about these innovative methods and their various uses in the biological
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sciences. Techniques that provide nano meter-scale resolution include STORM (Stochastic
Optical Reconstruction Microscopy), PALM (Photo-Activated Localization Microscopy), and
SIM (Structured Illumination Microscopy), which break the diffraction limit of light. These
methods use a number of lower-resolution photos and sophisticated algorithms to recreate high-
resolution images. Visualizing minute details of cellular structures, such as protein complexes
and subcellular organelles, requires super-resolution imaging [21]. It has made possible ground
breaking discoveries in the field of cell biology, such as the understanding of the kinetics of
intracellular processes and the spatial structure of molecular components. Convolutional neural
networks (CNNs) and other deep learning and machine learning techniques are used in recent
image segmentation improvements to precisely identify and categorize complicated biological
features [4]. Prominent examples of algorithms that enable accurate segmentation and
quantification are Mask R-CNN and U-Net [1]. In high-throughput investigations, these
techniques are utilized to identify and quantify cells, tissues, and molecular markers. When
examining heterogeneous samples, such tumor biopsies, they are very helpful since precise
separation of cancerous from healthy tissues is essential for diagnosis and treatment planning.
Volumetric data is obtained by methods like confocal and multi-photon microscopy, which can
be processed utilizing algorithms for 3D viewing and reconstruction [22]. Techniques like
tomographic reconstruction and deconvolution improve the quality and depth perception of
images. Studying intricate structures like neural networks, organ development, and tissue
architecture requires 3D imaging [10]. It advances knowledge of developmental biology and
pathology by enabling researchers to see spatial linkages and dynamic changes inside
biological samples. Real-time image processing analyses live imaging data as it is being
collected by utilizing sophisticated computational algorithms. This research covers methods
for using real-time algorithms and high-performance computation for dynamic tracking,
motion correction, and artifact removal. It is essential for watching the behaviours of living
cells, like migration, division, and interactions with medicines or other cells. It makes time-
lapse research and dynamic biological process monitoring easier and offers new perspectives
on physiological shifts and cellular reactions. Bioimaging is seeing an increase in the use of Al
and machine learning methods, such as neural networks and reinforcement learning, for tasks
including automated classification, predictive modelling, and anomaly detection. Pattern
recognition, biological outcome prediction, and large-scale imaging dataset interpretation are
all improved by Al-driven image analysis. Al can help diagnose illnesses and customize
therapies based on imaging data, which has potential in customized medicine. The
incorporation of innovative image processing techniques into bio imaging has significantly

enhanced our comprehension of biological systems in terms of visualization, analysis, and
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interpretation. These developments have improved imaging resolution and accuracy while also
opening up new avenues for biological research findings and insights. Undoubtedly, more
advancement in image processing will result from ongoing innovation, providing even deeper
and more comprehensive understanding of the complex and dynamic nature of life sciences
[6]. A critical stage in bio imaging is the accurate segmentation of biological entities, such as
cells and tissues, which allows for the quantitative analysis and interpretation of complicated
biological data. Deeper understanding of cellular and tissue organization and function is now
possible thanks to recent developments in algorithms and techniques that have greatly
increased segmentation accuracy and efficiency. Here, some of the most innovative methods
in this field are investigated. Image segmentation has been completely transformed by
Convolutional Neural Networks (CNNs), which automatically extract characteristics from
massive datasets. Biomedical image segmentation benefits greatly from U-Net architecture and
its variations [13] [16]. In comparison to conventional techniques, CNNs have been effectively
used to segment different biological structures, such as cells, tissues, and nuclei in
histopathology pictures, improving accuracy and resilience. For dense prediction problems
[15], fully convolutional networks (FCNs) enable end-to-end training on segmentation tasks.
Convolutional layers are used in place of completely connected layers, allowing the network
to generate output that is spatially dense [2]. FCNs have demonstrated better performance in
the segmentation of intricate biological structures by collecting fine details and spatial

relationships in the pictures, such as blood vessels and neurons.
Convolutional Neural Networks (CNNSs) for Image Segmentation

Especially in the biomedical field, convolutional neural networks, or CNNs, have emerged as
a mainstay for image segmentation applications. CNNs are particularly strong in automatically
learning and extracting hierarchical features from huge datasets. This capability improves
segmentation models' accuracy and robustness when compared to other methods. In Fig 1, U-
Net and its variations are among the several CNN designs that work quite well for biomedical
image segmentation [20]. There are two primary components to the U-Net design. Contracting
Path (Encoder) adheres to a CNN's standard architecture [3]. It is composed of max-pooling
for down sampling after recurrent convolutional layer applications with ReL.U activation. This
approach increases the depth of feature maps while gradually decreasing the spatial dimensions
to capture the image's context. Up sampling in Expansive Path (Decoder) is done by transposed
convolutions. The image's spatial dimensions are reconstructed by the decoder. Furthermore,
the network maintains high-resolution characteristics by concatenating skip connections from

the encoder layers to the relevant decoder layers [8].
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Fig 1 U Net and Variant Archietecture

The fundamental operation in a CNN is the convolution, defined as:

M N
s ] N .
z = (X« W®); =33 Xiimo1jena W + 5%
m=1n-=1 (1)

Zij(k) is the value at position (i,j) in the k-th feature map (or convolutional output) generated
by the k-th filter (or kernel) is represented by this. The input matrix X, which is usually a picture
or the output from the layer above. Its dimensions are (H,W), where the input's width and height
are represented by H and W. W(k) is denotes the applied k-th filter, also known as the kernel.
The dimensions of the filter are (M,N), where M is the kernel's height and N is its breadth.
Every element in the filter W(k) is iterated over by means of this double summation.
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Xim—1,j+n—1 is a reference to the input matrix X elements that the filter is multiplying. The
correct portion of the input is where the filter is applied. Wmn(k) is the element in the k-th
filter W(K) at location (m,n). The bias term connected to the k-th filter is denoted by b(k). To

provide the model more flexibility, it is added to the total of the convolution result in Fig 2.
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Fig 2. U Net and Variant Architecture input and output images
Fully Convolutional Networks (FCNSs)

A type of neural network called Fully Convolutional Networks (FCNS) is requiring dense
prediction, including image segmentation, where each pixel in the input image must be
assigned to a category. In contrast to conventional CNNs, Fig 3 employ fully connected layers
at the network's end for classification, FCNs use convolutional layers in place of these fully
connected levels to provide end-to-end training and spatially dense output. Layers of
Convolution layers also extract the features, hierarchical Pooling Layers is reducing the spatial
dimensions of the feature maps, pooling layers expand the receptive field and capture
contextual data [11]. Fully convolutional layers preserve the spatial dimensions of the feature
maps, are used by FCNs in place of completely connected layers. As a result, the network is
able to provide an output that corresponds to the input image and is spatially dense [19]. FCNs
use up sampling layers to recover the spatial dimensions lost during pooling. In order to match
the size of the input image, these layers raise the output feature maps' resolution. FCNs employ
skip connections, which connect lower-level feature maps from the down sampling path to the
appropriate up sampling layers, in a manner similar to U-Net. This aids in preserving fine-

grained details during segmentation.
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Fig 3. Fully Convolutional Networks

The core operation in an FCN is the convolution, which is the same as in traditional CNNs:

M N
k r ; 1
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Fig 4. Fully Convolutional Networks input and output images

In Fig 4, the results of an FCN (Fully Convolutional Network) are displayed in the first image.
FCNs are intended for image segmentation tasks, in which the objective is to assign a category
label to each pixel in an image. The input image has probably been segmented or processed,
and the FCN output may have highlighted certain components like neurons or fibers. The
grayscale version of the second image in this row may represent a pre-processing or
intermediate processing stage where the input image is turned to grayscale for additional
analysis. The third image shows the processed final result, possibly after the grayscale image
has been enhanced or given more layers. The image in the middle row is a closer-up, more
detailed version of the original input image. It most likely represents a biological structure, like
tiny tissue or brain networks. Complex textures and patterns in the image must be processed in
order to be analyzed. Following processing through the FCN or a comparable design, the
second and third images in this row represent distinct output phases. These pictures illustrate
various segmentation techniques in which the model has located and emphasized particular
image structures.
The results appear to be concentrated on differentiating and augmenting elements such as edges
and textures, as well as potentially segmenting distinct areas or parts.The input image has been
colored in the Bottom Row image. This colorization can be performed manually or produced
by a model to improve the image's ability to distinguish and show diverse structures. The
processed outputs of the second and third photos in this row are probably the ones where the
FCN has highlighted or segmented particular image features. The outputs display many stages
of the pipeline's processing, including the identification of significant structures and the
application of contrast or color to enhance their visibility. The filter W(K) is slid across the

input X using the convolution process.
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The element-wise multiplication between the input patch and the filter is carried out for each
point (i,j) of the filter. The output Zij(k) is obtained by adding the bias b(k) to the total of the
outcomes. To create the complete output feature map for the k-th filter, this process is repeated
over the whole input. For applications involving dense prediction, such as picture
segmentation, Fully Convolutional Networks (FCNs) are effective tools. FCNs are able to
provide spatially dense outputs, which are essential for segmenting intricate biological
structures like blood veins and neurons, by substituting convolutional layers for fully connected
layers. Metrics such as Dice Coefficient, loU, Precision, Recall, and F1 Score are used to

evaluate neural networks, guaranteeing their correctness and reliability of segmentation results.
RESULTS AND DISCUSSION

Performance metrics are essential for evaluating the effectiveness of image segmentation

models.

1. Dice Coefficient
The Dice Coefficient (or Dice Similarity Index) is a measure of overlap between the predicted

segmentation mask and the ground truth. It is defined as:

2AN B

Dice Coefficient = A+ B

©)
Where:

e A and B are the set of pixels in the ground truth and predicted segmentation mask.

e |ANB]| represents the number of pixels common between A and B

e |A] and |B] represent the number of pixels in A and B, respectively

2. Intersection over Union (loU)
It is also known as the Jaccard Index, measures the overlap between the predicted and ground

truth masks as a ratio of their intersection to their union.

— AN B|
°“ T TAauB

(4)

Where, |AUB| is the number of pixels in the union of A and B

3. Precision and Recall
It is the proportion of true positive predictions among all positive predictions made by the

model.
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True Positives (TP)
True Positives (TP) + False Positives (FP)

Precision —

()
Recall (Sensitivity) is the proportion of true positive predictions among all actual positive

instances.

True Positives (TP)

R g 11 _
4" = True Positives (TP) + False Negatives (FN)

(6)
Where:

e TP (True Positives): Pixels correctly predicted as the object.

e FP (False Positives): Pixels incorrectly predicted as the object.

e FN (False Negatives): Pixels that are objects but not predicted as such.
4. F1 Score

It is the harmonic mean of precision and recall, providing a balance between the two.

Precision x Recall
F1 Score — 2 x

Precision + Recall )

When combined, these measures offer a thorough understanding of a model's effectiveness,

guaranteeing that the overlap and border alignment between the actual and projected

segmentations are correctly recorded. CNNs have completely changed picture segmentation

jobs by offering reliable and accurate models that can be trained on massive biomedical

datasets. This is especially true of U-Net and its derivatives. These networks are now essential

for medical imaging due to their sophisticated designs, potent loss functions, and extensive

performance measures, which have greatly improved the study and diagnosis of diverse

biological structures [24].

Metric CNN(U-Net) FCN
Dice Coefficient 0.85 0.88
IOU 0.75 0.78
Precision 0.90 0.92
Recall 0.80 0.85

F1 Score 0.85 0.88
Pixel Accuracy 0.93 0.95

Table 1. Comparison table of CNN and FCN model
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In table 1, Dice Coefficient and loU, the FCN performs better than the CNN, suggesting that
FCNs offer a higher degree of overlap between the ground truth and anticipated masks. This
advantage is explained by the spatially dense output that FCNs generate, which makes border
delineation more precise. While both models exhibit great precision, the FCN scores somewhat
higher. Because the model is able to better capture spatial relationships within the image, this
shows that FCNs are better at avoiding false positive predictions. Additionally, FCNs exhibit
stronger recall, indicating that they perform better at accurately recognizing all pertinent pixels
within the image. This is especially crucial for medical picture segmentation since it can have
catastrophic effects if a pertinent structure is overlooked. The FCN has a higher F1 Score,
which is a measure of recall and precision balanced. This lends even more credence to the idea
that FCNs perform segmentation tasks with greater reliability. While pixel accuracy is good
for both models, FCNs perform somewhat better than CNNs. This suggests that FCNs classify
data more accurately at the pixel level, which is important for tasks requiring exact

segmentation.

Conclusion

When it comes to picture segmentation tasks, Fully Convolutional Networks (FCNSs)
outperform conventional CNNs in all assessed criteria. Better segmentation results are
produced by FCNs' architectural benefits, which include the capacity to preserve spatial
resolution and generate dense predictions. Even though they are still quite successful, CNNs
may not be sufficient in situations requiring accurate border delineation and dense output, such
as in medical imaging. However, because of their versatility and resilience, they continue to be
a good option for a variety of segmentation tasks. In summary, while both CNNs and FCNs are
effective methods for segmenting images, FCNs typically perform better on dense prediction
tasks, especially where high precision and recall are required, as in the case of biomedical
image segmentation. FCNs are especially well-suited for segmenting intricate biological
structures like neurons and blood arteries due to their superior performance. When it comes to
medical imaging, where accuracy and precision are crucial, their capacity to record complex
spatial relationships within the image makes them the preferable option. Subsequent research
endeavours may explore the utilization of FCNs in the automated segmentation and
categorization of intricate biological structures. By fusing these networks with cutting-edge
methods like as generative models and transfer learning, it may be possible to push the limits
of existing imaging technology and achieve breakthroughs in customized medicine, early

illness detection, and detailed biological mapping.
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