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Cell Segmentation in FIB-SEM Microscopy Images

REsumMmo

Este Trabalho de Projeto investiga o impacto da compressao de imagens na perfor-
mance de modelos de segmentagdo baseados em Deep Learning aplicados a imagens
FIB-SEM (Focused Ion Beam Scanning Electron Microscopy). Modelos de YOLO foram
treinados e avaliados através vdrias configuracdes experimentais, com considera¢do
cuidadosa do manuseamento do dataset, da metodologia de treino, e da configuragao
da inferéncia. Experiéncias iniciais destacaram a importancia da separacao estrita do
dataset FIB-SEM para avaliacdo realista da generalizacao.

O efeito da compressao foi avaliado aplicando um modelo de JPEG Al pré-treinado
as imagens de teste, alcancando elevadas taxas de compressao e métricas objetivas fa-
voraveis, demonstrando o potencial de compressdao baseada em deep-learning para
armazenamento e transmissdo de dados de microscopia de alta resolugdo. O desem-
penho da segmentacdo em imagens comprimidas mostrou uma redugdo gradual nas
métricas de qualidade da segmentacdo com o aumento das taxas de compressao, in-
dicando que o modelo de compressdo estava a suprimir alguma informacdao relevante
para a segmentagdo ao reduzir o nimero de bits da representagdo comprimida.

Os resultados demonstram que sistemas de detecdo/segmentagdo baseados em Deep
Learning podem operar efetivamente em imagens comprimidas, apoiando o uso de
abordagens conscientes em compressao para andlise eficiente de imagens médicas.

Palavras-chave: FIB-SEM, YOLO, JPEG Al, segmentacdo de imagem, compressdo de
imagem
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ABSTRACT

This Master’s project investigates the impact of image compression on the performance
of Deep Learning—based segmentation models applied to FIB-SEM (Focused Ion Beam
Scanning Electron Microscopy) imagery. YOLO models were trained and evaluated
under various experimental setups, with careful consideration for dataset handling,
training methodology, and inference configuration. Initial experiments highlighted the
importance of strict FIB-SEM dataset separation for realistic generalization assessment.

The effect of compression was evaluated by applying a pre-trained JPEG Al model to
test images, achieving high compression ratios and favorable objective metrics, demon-
strating the potential of learned compression for storage and transmission of high-
resolution microscopy data. Segmentation performance on compressed images showed
a gradual reduction on segmentation quality metrics with the compressed bit rates,
indicating that the compression model was suppressing some segmentation-relevant

information when reducing bit rate.

The results demonstrate that deep learning—based detection/segmentation systems can
operate effectively on learning-based compressed images, when compression ratio is
controlled and compression effects are monitored, supporting the use of compression-
aware approaches for efficient medical image analysis.

Keywords:
FIB-SEM, YOLO, JPEG Al, image segmentation, image compression
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1 INTRODUCTION

The growing reliance on medical imaging in clinical practice has led to an increasing
demand for efficient data management. As new technologies for image acquisition con-
tinue to emerge, they inherently generate the need for effective storage, processing, and
transmission of the resulting data. Imaging modalities such as Magnetic Resonance
Imaging (MRI) [1], Computerized Tomographies [2], and FIB-SEM Imaging [3] typi-
cally produce images with high resolution and bit depth, enabling the preservation of
detailed and clinically relevant information for analysis and diagnosis. Consequently,
this trend emphasizes the importance of developing reliable image compression meth-
ods that can reduce data size while maintaining the integrity of critical information.

However, due to their medical nature and the critical information they contain, such
images require particular care. This includes the use of compression methods that
preserve data integrity and do not compromise the content or interfere with sensitive
tasks, such as organelle segmentation performed with the aid of Deep Learning (DL)
models.

This Master’s project aims to evaluate the impact of compression methods on medical
imaging, alongside the application of a segmentation model trained for this purpose, in
order to assess image degradation both from a human visual perspective and through
the analysis of an Artificial Intelligence-based model. The primary objective is to ex-
amine the segmentation of the same images across different post-compression bit rates,
identifying where information loss becomes most significant and determining whether
image compression remains beneficial, ultimately contributing to the development of

more efficient solutions for medical data management.

The data analysis will be performed through a mixed methodology. Qualitative method-
ology will visually sample the differences among the various steps done throughout
the process, approaching the human vision to computer manipulation. A quantitative
approach will be employed to extract values related to image segmentation and com-
pression, and work with them to acquire better results that are not achievable through
a qualitative analysis.

This document is structured in accordance with the steps taken during the project, as
Figure 1.1 illustrates:

e The State of the Art chapter will present the state of the current technology, ex-
ploiting the three main elements of this work: FIB-SEM Imaging, Image Segmen-
tation Methods, and Image Compression Methods;

1
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Figure 1.1: Summary of the elapsed procedure

The Dataset section describes the origin of the acquired images, how they are
structured, from file format to content, and the modifications applied to make
them suitable for processing;

The Image Segmentation section justifies the chosen segmentation model, de-
scribes the quality metrics associated to image segmentation and exposes the ex-
periments done with the model;

The Image Compression with JPEG Al chapter explains the compression code

used, the quality metrics projected and its behaviour in the execution;

The Compressed Image Segmentation chapter applies the model trained in Im-
age Segmentation, applies it to the test images before and after compression and
preforms a quantitative analysis on the extrapolated metrics and a qualitative
analysis on the segmented images, comparing the compression stages.
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2 STATE OF THE ART

The images captured using FIB-SEM technology have gained increasing relevance in
tields such as biology and microbiology, where this technique is widely used to study
cells, intracellular organelles, and microorganisms, as highlighted in a review by C.
Kizilyaprak et al. [4]. In the field of nanotechnology, Lirong Zhao et al. [5] empha-
size the importance of FIB-SEM by enabling the precise assembly of components at the
micrometer scale, addressing the growing demand for increasingly miniaturized elec-
tronics. Beyond these areas, FIB-SEM is also significant in materials science, where it
supports the analysis of relationships between material properties, structure, process-
ing, and performance, as discussed by M. W. Phaneuf [6]. Given its importance across
multiple scientific domains, combined with the high quality and large volume of data
produced, there is a clear need to develop robust segmentation and compression tech-
niques that reduce storage requirements while preserving image interpretability.

2.1 FIB-SEM Imaging

FIB-SEM imaging relies on the use of a Focused Ion Beam (FIB) to remove successive
layers from a sample surface, while a Scanning Electron Microscope (SEM) captures
images of each newly exposed section, as depicted by Figure 2.1. This process is re-
peated along the depth of the sample, producing a sequence of images that can ei-
ther be reconstructed into a 3D volume or analyzed individually. The work by Lirong
Zhao et al. [5] also describes the composition and operation of both the FIB and SEM
systems, including the types of ions used, the available operating modes, and the im-
plementation of multi-beam configurations. These factors can significantly influence
the outcome of the experiment, either by enabling different chemical interactions or by
potentially damaging the sample.

The characteristics of the images produced by this technique are closely linked to the
challenges they present. As reported by Graham Knott et al. [8], FIB-SEM images can
achieve spatial resolutions below 10 nanometers per pixel, reflecting the technologi-
cal advancements in the field. However, this high resolution often results in images
with low contrast and significant noise, giving them an almost monotonic appearance
that makes it difficult to distinguish between different structures. These images typ-
ically contain complex textures and irregular patterns, which increases the need for
higher resolution and greater bit depth, ultimately leading to very large datasets, often
reaching several gigabytes in size. As a consequence, automatic segmentation becomes

3
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Figure 2.1: FIB-SEM Image extraction [7]

particularly challenging, as shadows and intensity variations hinder the performance
of both traditional algorithms and neural networks. Figure 2.2 illustrates an example
of a FIB-SEM image [9], where the low contrast, visible noise, and irregular structural
patterns of organelles can be clearly observed.

2.2 Image Segmentation Methods

One of the main challenges associated with FIB-SEM imaging lies in the segmentation
of the generated data. Image segmentation aims to partition an image into meaningful
regions, typically corresponding to different structures or objects of interest. In the
context of FIB-SEM data, this task is particularly complex due to the low contrast, high
noise levels, and irregular textures present in the images. These characteristics make it
difficult to clearly distinguish boundaries between structures, especially when dealing
with biological samples where variations can be subtle and highly heterogeneous.

2.2.1 Classic Segmentation

Traditional image processing techniques, such as thresholding, edge detection, and
region-based methods, often struggle to produce reliable results under these condi-
tions. Their performance is typically limited by their reliance on intensity differences
and predefined rules, which are not well suited to handle the variability and ambiguity
found in FIB-SEM images. As a result, more advanced approaches have been explored

4
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Figure 2.2: Example of a FIB-SEM image [9]

to address these limitations.

Thresholding is, as the name suggests, a technique that uses a threshold value to sep-
arate pixels into two groups, typically those below and those above the threshold. A
study by Yue Liu et al. [10] reviews various thresholding algorithms, ranging from sim-
ple approaches such as manually selecting a threshold to more advanced methods like
Otsu’s method, which evaluates all possible threshold values from 0 to the maximum
bit depth minus one to determine the most suitable option. However, when applied to
FIB-SEM segmentation, selecting an appropriate threshold becomes challenging. As
illustrated in Figure 2.3, the histogram exhibits three distinct peaks at pixel values of 0,
approximately 130-140, and 255. The peaks at 0 and 255 correspond to the black and
white background regions at the top of the image.

Figure 2.3: Histogram of a typical image from the dataset provided for this project

K-means clustering is an image segmentation algorithm used to identify K groups of
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pixels within an image. By reshaping an RGB image of dimensions W by L into a W*L
by 3 representation, clusters of pixels with similar characteristics can be identified. A
value of K is then selected to define the number of clusters, with each cluster repre-
sented by a corresponding centroid.

Yao Zhang et al. [11] investigated several segmentation algorithms, including K-means
clustering, using SEM images of different rock types. In their work, they selected K =2,
as the task involved segmenting a single class against the background. This effectively
produced a thresholding-like result, where one cluster contained pixels below a certain
intensity range and the other contained pixels above it.

In this report, K-means clustering was applied experimentally to the image shown in
Figure 2.3.

(c) (d)

Figure 2.4: Applying K-means clustering to the image in Figure 2.3. (a) is the original
image, (b) corresponds to K = 2, producing a segmentation that separates low-intensity
pixels from high-intensity ones, in (c) the value of K was increased to 3 in an attempt to
isolate the peaks at the extremes of the histogram, and in (d) K was further increased
to 6 to evaluate whether the central region of the histogram could be divided into four
distinct pixel clusters, the number of classes used in the project.

Figure 2.4 presents the results of applying the K-means algorithm to Figure 2.3. The
results of this experiment indicate that K-means segmentation is not well-suited for
FIB-SEM images, primarily due to their low contrast and high noise levels.

2.2.2 Deep-Learning Based Segmentation

As discussed in Section 2.2.1, classical segmentation algorithms are not well-suited for
Scanning Electron Microscopy (SEM) image segmentation. This limitation arises from
the irregular shapes of the structures of interest, the low contrast between the ground
truth and the background, and the high levels of noise present in the images. These
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challenges highlight the need for more robust and reliable approaches, leading to the
widespread adoption of deep learning methods as the standard for SEM image seg-
mentation.

FIB-SEM segmentation can be performed either by leveraging the full volumetric data
and applying 3D segmentation techniques, such as 3D U-Net, or by dividing the vol-
ume into 2D slices and applying deep learning models like U-Net or YOLO to each slice
individually.

U-Net, introduced by Olaf Ronneberger et al. [12] and represented in Figure 2.5, is a
convolutional neural network designed for biomedical image segmentation. Its name
originates from the U-shaped architecture, which is based on an encoder—-decoder struc-
ture that enables effective semantic segmentation.
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Figure 2.5: U-Net Architecture [12]

The encoder, located on the left side of the architecture, functions as a feature extractor
by progressively reducing the spatial dimensions of the input image while increasing
the number of channels, enabling the model to capture higher-level representations.
The decoder, on the right side, reconstructs the original image resolution from the en-
coded representation, while integrating features from corresponding encoder layers to
preserve spatial information.

A study by Qamar Yasin et al. [13] applied the U-Net architecture to FIB-SEM imaging,
highlighting its reliability for segmentation tasks involving such data.

An extension of this approach, 3D U-Net, introduced by Cicek et al. [14] and repre-
sented in Figure 2.6, demonstrated that volumetric convolutions improve consistency
across slices, reduce topological errors, and capture contextual depth information not
available in purely 2D models. By extending U-Net to three dimensions, 3D U-Net
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performs convolutions on volumetric patches (xxyxz), enabling the model to learn
inter-slice continuity in structural representations. This is particularly advantageous
for segmenting organelles or membranes that span multiple slices, as it better preserves
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Figure 2.6: 3D U-Net Architecture [14]

A report by Jin Kousaka et al. [15] describes experiments involving the application
of 3D U-Net to images generated using FIB-SEM technology. The authors developed
a pipeline in which a 3D U-Net model segments six classes of cellular components
from serial block-face FIB-SEM images, enabling the extraction and reconstruction of
individual cells within large-scale volumes. The system successfully automated the
generation of 3D models of cells and organelles, achieving high accuracy for larger
structures, although challenges remained in the fine segmentation of smaller organelles
and more complex division-stage images.

These models provide near-accurate semantic segmentation by grouping instances of
the same class into a single segmented region. However, distinguishing individual
elements within the same class—whether for counting, separation, or boundary def-
inition—introduces an additional challenge. This is addressed through instance seg-
mentation. The Ultralytics YOLOv8 model [16] offers a range of pre-trained models for
instance segmentation and related tasks. Its user-friendly implementation, combined
with precise boundary detection, makes it particularly effective for images with well-
defined regions. Unlike U-Net-based architectures, YOLOv8 performs detection and
segmentation jointly, making it inherently suitable for instance-level analysis.

When applied to FIB-SEM datasets, YOLO-style workflows enable efficient and flexible
processing of large 2D or 3D image stacks, facilitating rapid localization of organelles,
defects, and structural features. This capability supports region-of-interest extraction
and downstream quantitative analysis at scales that would be impractical with manual
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annotation alone.

In scientific imaging, YOLOVS has seen increasing adoption. Ferji et al. [17] applied
YOLOvVS8 with weighted box fusion to detect polymer nanostructures in TEM images,
enabling high-throughput nanoparticle size estimation. Ruzaeva etal. [18] used YOLO
for instance segmentation of dislocations in TEM micrographs, converting predicted
masks into geometry-aware metrics for quantitative analysis. Similarly, Yu et al. [19]
developed a semi-supervised YOLOvS8 framework to detect micron-scale defects in in-
dustrial polymer films, demonstrating strong generalization with limited labeled data.

These studies highlight the potential of Ultralytics YOLOvVS8 to accelerate region-of-
interest localization and instance segmentation in large and complex imaging datasets.
In the context of FIB-SEM imaging, where massive 2D or volumetric datasets are com-
mon, YOLOvVS’s efficiency and flexibility make it a particularly promising tool for rapid
detection and segmentation, while reducing the burden of manual annotation.

2.3 Image Compression Methods

Focused Ion Beam Scanning Electron Microscopy (FIB-SEM) produces extremely high-
resolution volumetric datasets, typically acquired as sequences of 2D slices that to-
gether form 3D stacks. These datasets often reach sizes ranging from tens to hundreds
of gigabytes, making efficient data compression essential for storage, transmission, and
subsequent analysis—particularly when the images are used in automated tasks such
as segmentation.

Image compression refers to the process of reducing the representation size of an image
to facilitate storage and transfer. The two main types of compression are lossless and
lossy methods. The scheme shown in Figure 2.7 illustrates the general workflow of
image compression: the original image is processed by a codec, which includes both
an encoder and a decoder. The encoder converts the image into a compressed binary
representation, while the decoder reconstructs the image from this data. In the case
of lossless compression, the reconstructed image is identical to the original, whereas
lossy compression produces an approximation.

2.3.1 Lossless Image Compression Methods

Lossless image compression techniques are designed to reconstruct the original pixel
values after decompression. A review by Baba Vemuri et al. [20] presents a range of
such methods, including different linearization schemes that convert images into pixel
sequences, as well as coding techniques such as Huffman coding, Lempel-Ziv-Welch
(LZW), arithmetic coding, and run-length encoding.

Huffman coding begins by determining the frequency of each value in the dataset. A
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Codec
Original Image > Encoder
Bit File
Reconstructed Decoder )
Image

Figure 2.7: General workings of Image Compression

tree-like structure is then constructed, where values with lower frequencies are placed
at the lower levels and grouped in pairs. The frequencies of these groups are itera-
tively combined until all values are incorporated into the structure. As a result, more
frequent values are assigned shorter binary codes, while less frequent values receive
longer codes, as illustrated in Figure 2.8. Each value is associated with a unique prefix,
enabling accurate decoding and reconstruction of the original data.

Sequence abcbcabaa
Symbol a b c
Frequency 4 3 2
Code 1 01 00

Figure 2.8: Huffman Coding

Lempel-Ziv—Welch (LZW) coding is a form of adaptive compression that dynamically
assigns codes to symbol sequences as they are encountered. The method begins with
an initial dictionary containing individual symbols, each mapped to a corresponding
code. As the algorithm processes the data stream, it identifies recurring patterns and
progressively adds longer symbol sequences to the dictionary. By the end of the pro-
cess, the output consists of a sequence of codes representing both individual symbols
and previously identified patterns.

Arithmetic coding, in contrast, represents an entire data stream as a single value within
the interval between zero and one. Similar to Huffman coding, it assigns probabilities
to symbols based on their frequency. These probabilities define subintervals within the
main interval. As each symbol is processed, the interval is iteratively refined, resulting
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in a progressively smaller range that uniquely represents the input data. The decoder
reconstructs the original stream by reversing this process using the encoded value and
the same probability model.

Run-length encoding (RLE) is a simpler technique that does not rely on symbol fre-
quencies or probabilities. Instead, it compresses data by counting consecutive occur-
rences of the same symbol and encoding them as pairs of symbol and repetition count.
For example, the string “lossless” would be encoded as “11102s111e2s”.

2.3.2 Lossy Image Compression Methods

Lossy compression achieves significantly higher compression ratios by relaxing the re-
quirement for perfect reconstruction. Annalakshmi N. [21] outlines three principal
lossy compression techniques: scalar quantization, vector quantization, and transform
coding.

Scalar quantization is the simplest approach, operating on individual signal samples
such as pixel values or transform coefficients. The range of values is divided into in-
tervals, and each sample is mapped to a representative value within its interval. This
method is computationally efficient and widely used; however, it does not exploit cor-
relations between neighboring samples, which can limit its performance on structured
data.

Vector quantization extends this concept by processing groups of samples as vectors in
a multidimensional space. Using a predefined codebook, each input vector is mapped
to the closest representative vector. By capturing relationships between samples within
a block, this method can achieve better compression efficiency for a given distortion
level. However, it is more computationally demanding and requires substantial mem-
ory to store the codebook, which has restricted its use in large-scale standards.

Transform coding is one of the most widely adopted techniques in modern image com-
pression. It applies linear transforms—such as the Discrete Cosine Transform (DCT)
in JPEG or wavelet transforms in JPEG2000—to decorrelate pixel values. These trans-
forms concentrate most of the signal energy into a small number of low-frequency
coefficients, allowing more effective quantization. After transformation, coefficients
are quantized, and less perceptually significant high-frequency components may be
coarsely quantized or discarded. This approach reduces redundancy and enables high
compression efficiency while maintaining acceptable perceptual quality.

Despite their effectiveness for human visual perception, these methods often struggle
to preserve fine structural details at low bitrates. Artifacts such as blocking, ringing,
and blurring can degrade high-frequency information, including edges, textures, and
small anatomical structures in low-contrast images. Furthermore, their fixed trans-

form pipelines limit their adaptability to machine vision tasks, often reducing the per-
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formance of segmentation or detection models when images are heavily compressed.
Traditional codecs also lack the flexibility to incorporate semantic or task-specific op-
timization, making them less suitable for workflows where compressed data must be
interpreted by both humans and Al systems.

2.3.3 Learning-Based Image Compression

Learning-based image compression utilizes data-driven approaches, typically based
on deep neural networks, to replace or enhance traditional hand-crafted compression
pipelines. Rather than relying on fixed transforms, these methods learn compact latent
representations directly from large training datasets.

Most contemporary approaches adopt autoencoder architectures, where an encoder
network maps the input image into a lower-dimensional latent space. This representa-
tion is then quantized and entropy-coded, while a decoder reconstructs the image from
the compressed data, as illustrated in Figure 2.9. By encoding the image into a compact
form prior to compression, the amount of data to be processed is reduced, improving
overall efficiency. Dibyendu Barman et al. [22] provide an overview of this approach
by examining various applications of autoencoders.

Latent Reconstructed

Original
Space Decoder > Image

image Encoder

h 4

Figure 2.9: Generic representation of an Autoencoder

Modern neural image compression systems are built upon key architectural compo-
nents that enable efficient, content-adaptive, and end-to-end optimized compression.
At their core lies an autoencoder framework, in which an analysis transform (encoder)
maps the input image into a compact latent representation, and a synthesis transform
(decoder) reconstructs the image from this compressed form. Unlike traditional codecs
that rely on fixed transforms, these neural transforms are learned, allowing them to
capture complex spatial dependencies within the data.

A critical factor in achieving high compression performance is the use of hyperpriors
and entropy modeling. The hyperprior network estimates statistical parameters, such
as the scale or variance of latent variables, enabling more accurate probability mod-
els for entropy coding and improving compression efficiency. Zhengxue Cheng [23]
discusses the role of hyperpriors in learned lossless compression. Additionally, many
systems incorporate context models—such as autoregressive networks or masked con-

volutions—to further exploit spatial dependencies within the latent space. Together,
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these components allow the codec to generate a bitstream that closely matches the true
distribution of image features, thereby reducing redundancy.

Another important mechanism is learned quantization combined with rate—distortion
optimization. Since quantization is inherently non-differentiable, as noted by Shangyu
Chen [24], practical systems employ differentiable approximations during training to
enable end-to-end optimization. Rate-distortion optimization provides a balance be-
tween bitrate and reconstruction quality, allowing fine control over compression levels
for different applications. Michael Schéfer et al. [25] explore this concept by training
autoencoder-based models that optimize both compression efficiency and reconstruc-
tion fidelity.

JPEG Al represents the most recent effort by the JPEG Committee to establish a next-
generation, learning-based image compression standard. Proposed by Jodo Ascenso
et al. [26], this initiative reflects a broader shift toward data-driven methods capa-
ble of surpassing traditional codecs. Over the past decade, neural compression tech-
niques—particularly those based on autoencoders with advanced entropy models—have
demonstrated superior performance compared to classical standards such as JPEG and
JPEG 2000, both in terms of bitrate efficiency and perceptual quality. For example,
Zhengxue Cheng et al. [27] showed that an autoencoder-based model can outperform
JPEG2000 on specific datasets, while Jooyoung Lee et al. [28] proposed an entropy
model that improves Peak Signal-to-Noise Ratio and Multiscale Structural Similarity.

Despite these advances, the lack of standardization across neural compression methods
has limited their widespread adoption. Differences in architectures, bitstream formats,
and training procedures have hindered interoperability across platforms and applica-
tions. To address this issue, the Joint Photographic Experts Group (JPEG) launched
the JPEG Al initiative, aiming to standardize machine-learning-based image compres-
sion. A Call for Proposals (CfP) [29] invited contributions from academia and in-
dustry, with candidate models evaluated on standardized datasets, objective metrics,
and computational constraints. The strong performance of these approaches in both
human-perceptual and machine-oriented tasks confirmed the potential of neural com-
pression as a standardized solution.

An overview of the JPEG Al framework is provided by Semih Esenlik et al. [30], in-
cluding the architecture illustrated in Figure 2.10, which details the internal structure
of the standard.

The encoder initially separates the input image into its luminance component, =y, and
chrominance component, z;y. Analysis transforms are then applied to produce la-
tent representations for luminance, yy, and color, yyv, facilitating more efficient com-
pression. These latent representations are passed to hyper-encoders, which generate
tensors describing their statistical distributions.
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Figure 2.10: JPEG Al Framework [30]

These tensors are utilized in three ways: they are sent to an arithmetic encoder to gen-
erate bitstreams for the corresponding hyper-decoders in the decoder stage; they are
processed by a primary hyper-decoder; and they are used by a primary hyper-scale
decoder to estimate distribution parameters, namely py, pyv, Iy, and I,yyv. These
parameters guide the quantization process and support subsequent encoding stages.
Using this information, the latent representations are quantized and further encoded
into compressed bitstreams. The decoder then performs the inverse operations in re-
verse order to reconstruct the original image.

JPEG Al offers several advantages for FIB-SEM data by leveraging learned representa-
tions that adapt to the statistical properties of electron microscopy images. Its learned
transforms enable better preservation of fine textures and intensity variations, while
advanced entropy models improve the handling of structured noise, reducing the like-
lihood of over-compression of important microstructural details. Furthermore, JPEG
Al supports task-aware optimization, making it well-suited for workflows where com-
pressed images are directly used by segmentation models. By jointly optimizing rate—
distortion and task performance, it can maintain segmentation accuracy even at high
compression levels, outperforming traditional codecs that often introduce artifacts detri-
mental to boundary detection.

14



Cell Segmentation in FIB-SEM Microscopy Images

3 DATASET

The initially obtained dataset [31] was comprised of seven TIFF files referring to a
volume extracted from a HeLa [32] cell utilizing FIB-SEM [3] technology. Figure 3.1
demonstrates three images acquired through FIB-SEM technology, with Figure 3.1.(c)
being one of the sample images with the dataset, and the remaining ones created by an-
alyzing the volume across the remaining planes, extrapolating the other perspectives
by reading the pixels in the height and width of the original.

(a) Plane Y
(b)
Plane
(c) Plane Z X
(d)

Figure 3.1: Three planes of the volume intercepted by the center point: (a) is extracted
from a top perspective, referred as Plane Y; (b) is extracted from a side perspective,
referred as Plane X; (c) is extracted from a front facing perspective, equating to the
original set and referred as Plane Z; and (d) represents how the perspectives were
obtained from the volume.

Images obtained through FIB-SEM, or Focused Ion Beam Scanning Electron Microscopy,
technology are segments of a volume extracted using an electron microscope to sweep
a surface to generate an image of the analyzed area. Consequently, a focused ion beam
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removes the evaluated surface, allowing a new section to be captured with the micro-
scope [33]. This technology emerged as a solution to the need for creating sample
volumes, which was previously impossible with only an electron microscope. Due to
its high precision and advanced planning before using it, this approach requires more
time to obtain the volume, resulting in a high-quality, high-resolution transversally seg-
mented solid capable of originating a three-dimensional volume for a more ascertained
study [34].

Focused lon Beam - Scanning Electron Microscopy

FIB-induced 2D- image stacks Image segmentation
material ablation from SEM imaging and 3D reconstruction
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Figure 3.2: Image extraction model with resource to FIB-SEM technology [33]

The seven files are comprised of one file with the original volume, containing all the
information of the volume present in the file, as illustrated by Figure 3.3, and the re-
maining files contain the masks of the most important organelles: the Mitochondrion,
the Lysosome, the Early-endosome, the Late-endosome and the nucleus, with five files
presenting the information individually for each organelle and one file grouping the
tiles into one differentiating the information through pixel values. The masks present
in the six final files are displayed as binary images to highlight the information to cap-
ture in the original file.

The images were extracted to usable files with a PNG extension utilizing the tool Im-
ageJ [35], an open-source software created for easy image manipulation, allowing for
interaction from 8 bits per pixel to 32 bits per pixel images, being able to read informa-
tion from an array of extensions like TIFF and having the capability to transform each
image in the TIFF file into a PNG file.

These extracted images have a width of 2023 pixels and a height of 846 pixels, with a
depth of 16 bits per pixel across one channel. The segmentation model and the com-
pression tool chosen for this experiment can only work with a bit depth of 8 bits per
pixel, effectively reducing 65536 intensity tones to 256 intensity tones. The adopted so-
lution for the problem was to operate with the eight most significant bits of the pixel.
A study conducted by Lu Zenghai et al. [36] states that reducing the bit depth on an
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Figure 3.3: Appearance of the TIFF file with the images captured by FIB-SEM technol-
ogy

image may cause the loss of some details in low contrast images, which, by observing
Figure 3.3, can be concluded to be the case. The study compared 14 bit per pixel images
to 8 bit per pixel images and observed differences in the Mean Absolute Error, a mea-
sure that evaluates the mean modal difference between the predicted value and the
real value [37], and in the Mean Quadratic Error, an average of the square of the differ-
ences between the predicted value and the real value [37], indicating degradation in
the quality of the image post bit depth reduction. However, the study also concluded
that the error between the metrics calculated for the 14 bit per pixel images and the 8
bit per pixel images was negligible, for which they noted that working with 8 bits per
pixel would not make a considerable difference. Although the initial bit depth of 16
bpp is higher than the 14 bpp maximum used in the study, this choice of reducing the
working bit depth to 8 bpp was made because the potential loss of information was
considered negligible. The segmentation masks already indicate the locations of the
organelles, and for compression purposes, having both the original and compressed
datasets is sufficient to obtain the desired results. In Figure 3.4, it is possible to see that
visually the difference is minimal to the human eye.

Figure 3.4: Visual difference between 16 bit per pixel images (left) and 8 bit per pixel
images (right)

The organelles present in the images are accounted as described in Figure 3.5, with the
bars reflecting the numerical amount of each organelle, exposed on the left axis, and
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the orange line adding complement with a normalised representation.
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Figure 3.5: Numerical variance among the four studied classes

Figure 3.6 highlights with more detail the visual differences of the organelles when
centered in 512 by 512 pixel images.

As can be observed from Figure 3.1, the nucleus appears sliced in the bottom left corner
of (a), which is visible in all the images of the referring mask. This is because the
volume was acquired with the nucleus located on an edge of the volume, making it
impossible to get a full shot of the nucleus without deploying operations that would
most likely be harmful to the content of the image, like analyzing the nucleus from an
angle that captures full sections. Because of this, it was decided not to work with the
nucleus and only train the segmentation model on full organelles.

According to a study conducted by Xinsheng Wang et al. [38], the Mitochondrion is an
organelle essential to the cell. Named as "The powerhouse of the cell", the Mitochon-
drion is responsible for supplying energy to the cell through adenosine triphosphate,
regulates cell death, transfers calcium to the cell, and segmentation of the Mitochon-
dria allows for counting and qualifying their number, volume, and shape to assess the
state of the cell.

The Lysosomes are organelles distributed in the cytoplasm of the cell that degrade
residues present in it and act like the cell’s digestive system. A study made by Qinle
Ba et al. [39] aims to study the behavior of Lysosomes to visualize how they perform
their tasks. Like the Mitochondria, their segmentation helps to qualify them, checking
if the majority are grouped or scattered, as the study aims to discover.

The Early endosomes, also known as the classification endosomes, are responsible for
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(a) Mitochondrion  (b) Lysosome  (c) Early-Endosome (d) Late-Edosome

Figure 3.6: Visual contrast among the organelles and their respective location as in-
dicated by the corresponding mask. (a) is the Mitochondrion, the most abundant
organelle of the dataset, presenting high contrast with the background, allowing for
easier detection; (b) is the Lysosome which hides with ease in the background, requir-
ing extra care with its handling; (c) is the Early-Endosome and is usually clearer than
the background, allowing better identification; and (d) is the Late-Endosome which is
similar to the Lysosome in which it also blends with the remainder of the image thus
needing more care.
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deciding the destination of internalized proteins and lipids, sending them to the Lyso-
somes for disposal, recycling for the cell, or transferred to other cells, as indicated by a
study from Marko Jovic et al. [40]. Their segmentation can aid in the study of the load
dynamics, as well as determine if it is being discarded, recycled or stored.

Late endosomes are Early endosomes that reached a more acidic pH and thus matured,
as stated in an article published by Cameron C. Scott et al. [41]. Their main task is to
send the lipids and the proteins to the Lysosomes for disposal. Their segmentation
evaluates their behavior and prevents irregularities that may harm the integrity of the
cell.
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4 IMAGE SEGMENTATION

Image segmentation plays a central role in the analysis of biomedical images and is es-
sential for extracting meaningful structures from complex datasets such as those pro-
duced by Focused Ion Beam—-Scanning Electron Microscopy (FIB-SEM). Given the high
level of detail and the volume of data in FIB-SEM acquisitions, an effective segmenta-
tion approach must balance accuracy, computational efficiency, and practical usability.
For this reason, in this work the Ultralytics’ YOLOvVS8 framework for segmentation was
chosen.

YOLOVS offers several advantages that align well with the goals of this project. It
provides a unified pipeline capable of performing both object detection and instance
segmentation, allowing detection-based workflows to naturally extend into segmenta-
tion tasks. The framework is also well-supported, with extensive documentation, an
active user community, and many tutorials that facilitate rapid experimentation and
troubleshooting. Furthermore, its modular design and straightforward training proce-
dures make it suitable for iterative experimentation, which was particularly important
in this study as different strategies were tested to improve model performance on a
specialized biomedical dataset.

This chapter is structured into three main parts, each corresponding to a different stage
of the segmentation workflow explored during the project:

e YOLO Detection and Fundamentals introduces the principles of object detec-
tion and covers the essential concepts behind the YOLO family of models. Here,
the initial experiment carried out to understand the behaviour of the detection
network and establish a baseline for later segmentation tasks is described. The
work described in this section was presented in the 29" edition of the Portuguese
Conference on Pattern Recognition (RecPad 2023).

e YOLO Segmentation with Data Augmentation and Multi-Plane Sampling fo-
cuses on the segmentation experiments, where YOLOvS8 was trained using cus-
tom data augmentation techniques. The available training data was expanded
by generating additional images from the FIB-SEM dataset through re-slicing in
different orthogonal planes, enabling the model to learn from a broader set of
structural variations. The work described in this section was presented in the
30" edition of the Portuguese Conference on Pattern Recognition (RecPad 2024).

e YOLO Hyperparameter Tuning examines the impact of hyperparameter opti-
mization on segmentation performance. By systematically adjusting key training
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parameters, model behaviour changes and configurations that improved segmen-
tation quality were evaluated.

41 YOLO Detection and Fundamentals

Before exploring image segmentation with YOLOVS, a basic comprehension into it’s
default behaviour was needed to assess how to adapt the data, alter the arguments
and interpret the results. The pre-trained models of the YOLOvVS8 family are trained
on Common Objects in Context (COCO) images, which are detailed by Tsung-Yi Lin
et al. [42] and consist of images of objects found in day-to-day life. These images are
selected to aid in creating classification, detection, semantic and instance segmentation
models like the ones used by the YOLO model family. The region boundaries are well
defined and the images contain high contrast, facilitating the task for what they were
chosen and ensuring a good trained model with minimal input from the trainer. This
is because the training images are coupled with precise locations of where the regions
are in the image in the form of extra files added to the training dataset, the validation
dataset and the test dataset. The training parameters play an important roll on the
development of the training by ensuring YOLO resizes the images to the provided new
size, trains with more images at once thus loading the model with more information
about the dataset, controlling the duration of training and how fast the model trains.
Once trained, the validation set will produce evaluation metrics to analyse the model’s
training, offering insight into classification, loss, and an understanding into the relation
among the true ROI and the predicted ROL

Preparation of the Dataset

The YOLOvVS dataset is separated into three main sets, as illustrated by Figure 4.1.

dataset

train val test data.yami

images labels images labels images labels

Figure 4.1: Representation of the file tree of the YOLOv8 Dataset

The "train" set includes the images the model uses during learning. Through repeated
exposure, the model adjusts its internal weights and biases to enhance performance
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and minimize errors. Because of this it must contain considerably more data than the
other sets to study while allocating sizable validating and testing content, so a balance
must exist among the training set and the others. The "val" set corresponds to the vali-
dation set where, between training epochs, the model will be tested on how the training
proceeded and which feedback will influence the model’s parameter adjustments dur-
ing training. The "test" set will contain the remaining images which will be used to test
the model once the training ended, being used to manually measure the models perfor-
mance. Each of these sets contain two folders. The "images" folder holds the images to
be accessed by YOLO during the training, validation and test, and they are required to
contain at least one instance of the region to be detected. The "labels" folder possesses
the text files with the information regarding the ROI in the images. The path to these
folders are displayed in the file "data.yaml" along with information on the amount and
name of the classes. This file will relay to the model the images for the training and the
validation, as indicating the test set on the "data.yaml" file is optional.

The dataset used was divided into a training set consisting of 1066 images, a validation
set of 356 images and a test set of 356 images, corresponding respectively to 60%, 20%
and 20%. This ensures a majority of the data will be used to train the model, an amount
equivalent to 30% of the training set size will be used to validate it between training
stages and post training, and the same amount will be used to manually infere on the
model’s success rate.

The labels files adhere to a specific format in YOLOvS8 detection. The information re-
garding each ROI must be written according to the structure "[class] [x] [y] [width]
[height]". The value "class" represents the ID value attributed to the type of ROI, as
in multi-class training each region must be represented as a class with an identifiable
value. For this project the class for Mitochondrion was given the ID 0, Lysosome was
given ID 1, Early-Endosome was given ID 2, Late-Endosome was given ID 3 and the

n_n " "

Nucleus was given ID 4. The values "x" and "y" represent the top left pixel of the bound-
ing box of the ROI, where "x" points to the coordinate along the abscissa and "y" to the
coordinate along the ordinate with the origin in the top left pixel of the image. "Width"
and "height" correspond to the width and height of the ROI's bounding box, usually
being determined as the absolute difference between the pixel closest and the pixel
furthest from the origin along the indicated axis. The values "x" and "width" are nor-
malised in accordance to the width of the corresponding image while "y" and "height"
are normalised by the height before being introduced into the text file. This change
is due to YOLO performing alterations to the images like resizing and, if instructed,

geometrical transformations and colour alterations.

To obtain the text files for the images a Python code was employed with Open-CV [43]
to perform pixel-wise operations on the images and obtain the required values for the
tile’s content. Since at the time the author was inexperienced with Python coding and
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handling of multiple pixel regions independently of one another this implementation
was reserved only for the nucleus, as in every image it appears there is only one in-
stance of it. The remaining masks were handled by the software Sherlock [44]. Sher-
lock is a machine vision software capable of recognizing symbols in images like letters
and numbers, read bar codes, allowing for identification of abnormalities in images
and, pertinent for this project, visual control on the Regions of Interest being detected,
values being extracted and handling and saving of values in a text file with the aid of
Javascript code.

Figure 7.1 present in Annex A shows an instance of an image relating to a Mitochon-
drion mask being analysed by Sherlock. To obtain the values needed for the model,
the software must be made aware of where the Regions of Interest reside, offering ROI
tools so the user can visually select where to extrapolate content from. To ensure every
ROl is detected regardless of position in the image, a rectangle ROI was placed covering
the entirety of the images. The rectangle disposes of preprocessors and algorithms to
aid in the task. Since the masks are 8 bpp binary images a Threshold preprocessor was
activated to turn the image into regions Sherlock could interpret. To obtain the values
a "Connectivity Binary" algorithm was employed which searches for white regions in
the image and returns width, height, center point, count and other numerals relative to
each blob. Those values can be extracted into variables for easier managing and usage
in Javascript code. The code is responsible for taking in the variables set by the user
to be extracted from the region and performing the needed calculations and variable
type transformations to write them in text files associated with the image.

Argument Settings and Training

The training method available in Ultralytics [45] utilizes input arguments to make the
training section more dynamic or less dynamic while also allowing for user customiza-
tion. Some arguments serve to alter and influence aspects in the model and others to
help the model interpret the provided images, with the main goal of obtaining the best
conditions to train the model.

There are five variants of YOLOv8 models designed for detection tasks, denoted as
n (nano), s (small), m (medium), 1 (large), and x (extra-large). These variants dif-
fer primarily in model capacity and training configuration, which in turn affects their
performance across several key metrics. Table 4.1, acquired from a tutorial by Shaoni
Mukherjee summarising the YOLOv8 model family [46], presents these metrics and
highlights the distinctions among the models.

In this table, Size represents the input image resolution used during training, which is
kept constant to allow a fair comparison under similar training conditions. The mAP
metric, examined in detail later in this document, quantifies the overall detection ac-
curacy of each model. Speed reports the inference performance when executed using
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Table 4.1: Difference among the detection models of YOLOVS [46] for the COCO set

Speed Speed

: [
Model size  MAP"™ ., ;0NN A100 Tensorrt | PArams - FLOPs
(pixels) 50-95 (M) (B)
(ms) (ms)

YOLOv8n 640 18.4 142.4 1.21 35 10.5
YOLOv8s 640 277 183.1 1.40 11.4 29.7
YOLOv8m 640 33.6 408.5 2.26 26.2 80.6
YOLOvS8I 640 349 596.9 2.43 441 167.4
YOLOv8x 640 36.3 860.6 3.56 68.7 260.6

CPU ONNX and A100 TensorRT runtimes. Params denotes the number of trainable
parameters in the network (in millions), which directly correlates with the model’s
computational complexity. FLOPs (floating-point operations per second), expressed
in billions, indicate the number of computations required to process a single image.

Overall, the table illustrates a clear trade-off within the YOLOv8 family, where mod-
els designed for speed and reduced computational demands contain fewer parameters
and consequently achieve lower accuracy, whereas larger models with more parame-
ters provide improved performance at the cost of slower inference and higher resource
requirements.

Among the available YOLOVS variants, the YOLOv8n model (loaded from yolov8n.pt)
was chosen. This is the smallest and most lightweight version of the YOLOvVS8 family,
containing fewer parameters and reduced computational complexity when compared
to the small, medium, or large variants. The use of YOLOv8n allows faster experimen-
tation and lowers memory consumption while still preserving the core architectural
improvements of YOLOvVS, such as an anchor-free detection head and an optimized
backbone-neck design.

The batch size, batch, was configured using YOLOvVS8’s automatic batch size selection
(auto-batch). Batch size determines the number of images paralel processing during
each forward and backward propagation. Larger batch sizes can improve training sta-
bility by providing smoother gradient estimates, but they also increase GPU memory
requirements. Conversely, smaller batch sizes reduce memory usage but may intro-
duce higher gradient variance, potentially slowing convergence. By enabling auto-
batch selection, the framework dynamically determines the largest feasible batch size
based on the available hardware resources. This approach ensures efficient utilization
of memory without manual tuning, and reduces the risk of Out-Of-Memory errors,
which is especially relevant when training with high-resolution medical images.
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The model was trained for 100 epochs, where one epoch corresponds to a full pass
through the entire training dataset. The number of epochs controls how long the model
is allowed to learn from the data. Too few epochs may result in underfitting, where the
model fails to capture relevant features, while too many epochs can lead to overfitting,
where the model performs well on training data and underperforms on test data, par-
ticularly in datasets with limited variability. A value of 100 epochs, commonly used
as the default value, represents a commonly adopted compromise in object detection
tasks, providing sufficient opportunity for convergence while maintaining a reasonable
training time. This duration allows the network to progressively refine both low-level
and high-level feature representations without excessive risk of memorizing the train-
ing data.

The input image size, imgsz, was set to 2023 x 846, matching the native resolution of
the dataset images. Image size plays a critical role in object detection performance, as it
directly affects the level of spatial detail available to the model. Higher resolutions pre-
serve fine-grained structures and small objects, which is particularly important in low
contrast images due to the faintness of the boundaries. However, increasing image size
also leads to higher computational cost and memory usage. By retaining the original
resolution instead of resizing to a standard square input, this configuration avoids un-
necessary interpolation artifacts and ensures that anatomical proportions and spatial
relationships are preserved during training.

All remaining training parameters were left at their default YOLOvVS values. Using
these defaults minimizes the introduction of variables and ensures that performance
differences observed in the experiments can be more confidently attributed to the fac-
tors under study rather than to aggressive or task-specific hyperparameter tuning. This
design choice enhances the methodological robustness and reproducibility of the ex-
perimental results.

Results

After the training and validation processes, the model presented an array of metrics
such as a Confusion Matrix to better understand what the model classified and mis-
classified. Figure 4.2 was obtained from this experiment. The organelle best predicted
by the model was the Nuclei, mostly because of the 1778 images provided in the dataset,
117 contained the Nuclei and its size is considerably greater than that of other or-
ganelles, which allowed the model to accurately detect them and avoid confusion with
other classes. The problem with this approach arose with the Background and the Mi-
tochondria, where 51% of the background instances was classified as Mitochondria.
Additionally, 28% was classified as Lysosomes, 16% as Early-Endosomes, 6% as Late-
Endosomes, and 0% was declared as the true element. One explanation for these values

comes from image noise. The most common noise in FIB-SEM imaging is Gaussian
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Noise [47]. Gaussian Noise follows a Probability Density Function, affecting every
pixel of the image. These changes in value favour merge pixel regions, affecting the
model’s perception of what it must detect, in this case masking the Background as Mi-
tochondria or other organelles and preventing the model from correctly identifying
it.
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Figure 4.2: Normalised Confusion Matrix of Validation of Detection Task

Figure 4.3, credited to the work by Da Hoon Seol et al. [48], illustrates the distinc-
tion between TP (True Positives), FN (False Negatives), FP (False Positives), and TN
(True Negatives), representing pixel classifications based on the comparison between
the model’s predictions and the ground-truth labels. Additionally, it presents some
of the formulas for the evaluation metrics used to assess the model’s performance.
Precision measures the proportion of correctly predicted positive instances among all
predicted positives, indicating the model’s predictive reliability. Recall measures the
proportion of correctly predicted positive instances among all actual positives, reflect-
ing the model’s ability to identify relevant pixels. Accuracy represents the proportion
of correctly classified instances over the total number of instances, while the F1 Score
corresponds to the harmonic mean of Precision and Recall, ensuring that both metrics
must be high for the model to be considered effective.

Figure 4.4 presents the F1-Confidence curve, a plot illustrating the relation between the
F1 Score, whose formula is present in Figure 4.3, and the different Confidence Thresh-
olds. This curve is interpreted by analyzing what values of confidence achieve a higher
F1 Score and what value maximizes it. The model can then be set to only classify a
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POSITIVE NEGATIVE TP TP
ision = ———  Recall = ——
Precision TP+ FP eca TP+ FN
posive | TP | FN TP + TN
Accuracy =

TP+ FP+FN+TN

NEGATIVE FP TN Precision X Recall
F1Score =2 X =
Precision + Recall

ACTUAL VALUES

Figure 4.3: Interpretation of a Confusion Matrix and usage of presented values for
Precision, Recall, Accuracy and F1-Score

region if its confidence in the classification is higher than that confidence threshold.
Figure 4.4 also indicates that a Confidence value of 40% to 80% maximizes the F1 Score

according to the “all classes” line.
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Figure 4.4: F1-Confidence Curve of Validation of Detection Task

Figure 4.5 relates the Precision with the Confidence of the model. As presented in
Figure 4.3 Precision is the relation between True Positives and all predicted positives,
achieving its maximum value when the number of False Positives approaches a null
value, equating to a Precision of 1. The Precision-Confidence Curve obtains that value
for several Confidence values and plots them, with the ideal curve possessing the Pre-
cision at a unitary value for all Confidence thresholds. From Figure 4.5, it can be per-
ceived that the model surpasses 80% of Precision at low Confidence, which translates
to it predicting more True Positives than False Positives. Precision, however, does not
account for the number of existing True Positives or False Positives, which makes it an
unreliable measure if used alone or not taking into consideration how many predictions

were made and what they were.
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Precision-Confidence Curve
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Figure 4.5: Precision-Confidence Curve of Validation of Detection Task

For the test set, the best parameters were used. These parameters were obtained by
saving the training state every 10 epochs with the addition of a "best.pt” file that saves
the parameters that provided better results. Test results are grouped in Table 4.2, be-
ing relatively high considering YOLOVS is not a model mainly used for these datasets,
as it was trained with the COCO dataset, known to be colorful and with high con-
trast [42]. The obtained results reflect a high Recall, high Precision and high F1 score,
recommending the model’s usage for the task.

Table 4.2: Test set results for confidence threshold of 0,5 of Detection Task

Recall | Precision | F1-Score
0,938 0,908 0,922

Visual results representing identification examples of organelles with Nuclei, Mito-
chondria, Early-Endosomes, Lysosomes, and Late-Endosomes, together with associ-
ated confidence, can be observed in Figure 4.6.

Overall, the results obtained from the training and testing of the YOLOvS8 detection
model demonstrate a strong and consistent performance. The quantitative evalua-
tion shows that Precision, Recall and F1-Score all achieved values equal to or above
0.9, indicating a high level of accuracy in both detection and localization tasks. These
metrics suggest that the model is effective at minimizing false detections while suc-
cessfully identifying the majority of relevant objects. Furthermore, qualitative visual
analysis corroborates these findings, as the model was able to correctly detect most
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Figure 4.6: Detection of organelles done by YOLOVS in Detection Task. (a) is the origi-
nal image to be analysed; (b) is the location of the organelles with Nuclei in pink, Mito-
chondria in yellow, Early-Endosomes in orange, Lysosomes in red and Late-Endosomes
in green; and (c) is the prediction made by YOLO to detect the organelles and respec-
tive confidence

target regions within the images, producing predictions that closely align with the
ground truth. Together, these results confirm the robustness and reliability of the
trained model, supporting its suitability for the intended application and solidifying
YOLOvVS8’s employment in segmentation tasks. The main limitation challenging this
task was the short amount of data, forcing the exploitation of FIB-SEM technology to
obtain more data from the volume and random split used to separate the data across
the train, val and test sets, which may have created overestimated results by splitting

similar sections for training, validating and testing.

4.2 YOLO Segmentation with Data Augmentation and
Multi-Plane Sampling

Having acknowledged that YOLO can perform image detection on these types of im-
ages, preparing the dataset for image segmentation becomes the most logic step to
follow. This section will provide a detailed path through the process by presenting the
algorithms followed to achieve a compromise between the YOLO argument imgsz and
the size of the used images, while also increasing the number of instances per class by
employing Data Augmentation. Since 1778 slices proved to be a low number for the
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planned experiments, an important aspect of FIB-SEM technology was used to obtain
more images from the ones provided.

General Preparation of the Dataset

Starting the segmentation of the organelles one issue proved to be an obstacle: allocated
memory. Out Of Memory errors, which occurred on a Intel i7-8700, 32 GB, NVidia GTX
1070 OC, are very common in YOLO training and stem from the model requiring more
memory to be allocated than the device can provide. Due to the image segmentation
model needing more points in the labels to form the boundaries of the organelle to
be segmented, it needs more calculations, increasing the time and memory needed
from the GPU. Factors that contribute to more memory being allocated include but
are not limited to image size, batch size, model size (see Table 4.1 and Table 4.4) and,
reiterating, the increase of points in the labels. Since both masks and original images
have dimensions of 2023 pixels in width and 846 pixels in height they can be sliced into
3images of 512 pixels by 512 pixels. The small dimensions will offer more room to avoid
the Out Of Memory error and, if allowed, be filled with the demand of an increased
batch size and larger model. These new image dimensions are obtained, turned into
new labels, and segmented again with theoretically less memory needed for allocation.
This change will however have an impact on one of the organelles. The nuclei, whose
dimensions are greater than 512 pixels in height as seen in Figure 3.4, will be excluded

from the segmentation.

Figure 4.7 represents the original image and its 3 resulting new dimensions images.
Once the masks receive the same dimensioning they are to be subjected to pre-processing
algorithms for extracting the labels in polygon format. The three main ones are a "mask
check", which checks if there is at least one white pixel on the image, discarding the
fully black images. This algorithm makes sure the model does not use useless images
and guarantees that no image is entirely composed of background information; the
"black contour" removes areas of white pixels that have pixels on the image border.
This algorithm ensures the organelles are intact in the training section as to not con-
fuse the model and lower the quality of the results; the "area check" checks for blobs
that are too small to be a known organelle and deletes the image if the biggest area
in the image falls in that criteria. These algorithms are to be interleaved since "black
contour" could originate a black image.

Multi-Plane Sample Extraction

FIB-SEM images are a spliced section of a parallelepiped sample volume, as demon-
strated in Section 3. This means that the same volume can be analysed in the direction
perpendicular to 3 unique faces, meaning that in addition to the original axial XY slices,
orthogonal slices were generated along the XZ and YZ planes. This approach exploits
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Figure 4.7: Example of an image sliced into 3 512x512 images. (a) is the center-left
5122 pixels image, (b) is the group of the pixels in the center of the original and (c) is
comprised of the immediate right pixels next to the center

the isotropic or near-isotropic resolution of the FIB-SEM volume and allows different
cross-sectional views of the same underlying structures to be included in the dataset.
As a result, multiple complementary representations of the same anatomical or mate-
rial features were obtained without introducing synthetic content. So, from the 1778
images of dimensions 2023 by 846 pixels, an additional 2023 images of dimensions 1778
by 846 pixels and 846 images of dimensions 2023 by 1778 pixels were created. An ex-
ample of the result can be found in Figure 3.1. With the images acquired, the same
protocol applied to the original images can be used. The images of dimensions 1778 by
846 pixels can also produce 3 sections of 512 by 512 pixels and the images of dimensions
2023 by 1778 pixels can produce 9 sections. This means that the original 2023 by 846
images result in 1778 x 3 = 5334 images, the new 1778 by 846 images result in 2023 x 3
= 6069 images and the new 2023 by 1778 images result in 846 x 9 = 7614 new images,
totalling 5334 + 6069 + 7614 = 19017 images of dimensions 512 by 512. However, this
is not the achieved number because of how the FIB-SEM volume was obtained.

Figure 4.8 shows the extremities of the newly created images. Figures 4.8.(a) and
4.8.(b) refer to the first and last images of the set extracted from the X plane, while
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Figure 4.8: Extremities of the volume when analysed from the X plane ((a) and (b))
and from the Y plane ((c) and (d))

Figures 4.8.(c) and 4.8.(d) refer to the first and last images of the set extracted from
the Y plane. The main shared characteristic among these images is a large white area
covering most of the images. One line from Figure 4.8.(c) can be seen in Figure 4.7
on the large image at the top, while the others are not perceptible until further down
the original dataset. The white area extends into a few other images of the new sets,
removing the first 14 and the last 15 images from the X plane and the first 130 and the
last 245 images from the Y plane. This results in a new total of 1995 images obtained
from the X plane and 471 images from the Y plane, which when converted to sections
of 512 by 512 pixels result in 1995 x 3 = 5985 images from the X plane and 471 x 9 =
4239 images from the Y plane.

Class-Wise Data Augmentation

One problem encountered from learning experiments stemmed from the fact that the
classes were unbalanced. Figure 3.6 exemplifies the visual differences from each class
which sets a precedent to how they behave when subjected to the segmentation model.
However, the difference extends to the instance count of the classes. A numeric count
of each instance from the 512 by 512 pixel images was conducted to assess how each
class was to be augmented.
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Table 4.3: Absolute and relative count of each instance of each class

Plane X

Plane Y

Plane Z

Total

Mitochondria

6699 (42%)

8162 (36%)

8091 (43%)

22952 (40%)

Lysosomes

3373 (21%)

5510 (24%)

3835 (20%)

12718 (22%)

Early-Endosomes

3963 (25%)

6742 (30%)

4793 (26%)

15498 (27%)

Late-Endosomes

1873 (12%)

2164 (10%)

2015 (11%)

6052 (11%)

Total

15908

22578

18734

57220

Table 4.3 categorises how many instances there are per class per plane. The count for
Mitochondrion objects is higher above all, pointing to little augmentation done to this
class. Lysosomes and Early-Endosomes possess a relatively close number of instances,
subjecting themselves to a similar degree of augmentation. Late-Endosomes, however,
possess a very low count, with the overall total not being enough to compare to a single
plane of Mitochondrion objects, encouraging a more severe degree of augmentation.

The library SciPy [49] was used to perform the augmentation operations. SciPy is an
image manipulation library that can perform pixel-wise operations to an image. Per-
tinent to this section, it also transforms an image by means of rotations, reflections,
enhancements, Gaussian blurs and others. To maintain a faithful relationship to the
organelles only rotations and reflections were employed. Figure 4.9 showcases the aug-
mentations done on both original images and the respective masks.

With 3 operations and the possibility to add more through 90 degree rotations, 45 de-
gree rotations and other operations maintaining fidelity to organelle volume, the sam-
ple size can be increased to acquire more data to the model. Applying each set of oper-
ations according to plane, Mitochondria needed no augmentations; Lysosomes needed
3 extra operations to the X plane, 0 to the Y plane and 0 to the Z plane; Early-Endosomes
needed 1 extra operation to the X plane, 0 to the Y plane and 1 to the Z plane; and Late-
Endosomes needed 3 extra operations to the X plane, 3 to the Y plane and 2 to the Z
plane. Post augmentation, the total count for the organelles was 22952 Mitochondria
instances, 22837 Lysosomes, 24254 Early-Endosomes and 22193 Late-Endosomes.

Argument Settings and Training

The model used for the segmentation was YOLOv8x-seg. According to Table 4.4, also
obtained from Shaoni Mukherjee’s tutorial [46], this model possesses better Mean Av-
erage Precision, or mAP, a metric to be explained later on, and the architecture of the
model uses more parameters, requiring more floating point operations per second
which requires more computational power and in turn more time to train, but what
is not a limitation for this task.

The model was trained with an image size of 512 to match the dimensions of the dataset,
once again ensuring the dimensions of the organelles stayed the same throughout the
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Figure 4.9: Augmentations performed on the images and masks. (a) is the original 512
by 512 pixel image, (b) is a reflection across the y axis, (c) is a reflection across the x
axis and (d) is a 180 degree rotation.

Table 4.4: Difference among the segmentation models of YOLOvS [46] on COCO set

Model

YOLOv8n-seg
YOLOv8s-seg
YOLOv8m-seg
YOLOv8I-seg
YOLOv8x-seg

size
(pixels)
640
640
640
640

640

mAPbPox
50-95
36.7
446
49.9
52.3

534

Speed
MAP™SK L ONNX
50-95

(ms)
30.5 96.1
36.8 155.7
40.8 317.0
42.6 572.4
43.4 7121

35

Speed

A100 TensorrT ~ P@rams - FLOPs

(M) (B)
(ms)

1.21 3.4 12.6

1.47 11.8 42.6

218 27.3 110.2

2.79 46.0 220.5

4.02 71.8 344.1
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training. The batch size used was 8 images per iteration, which was possible to reach in
spite of the high demand model due to the smaller image size. Like the model trained
for the detection task, this model was trained for 100 epochs, the default value. Other
arguments were set to their default value.

Results

With the segmentation task there are now two sets of graphs, one relating to the bound-
ing boxes which were also a product of the detection tasks, and relating to the seg-
mentation masks, which are the pixel areas obtained from the segmentation task. The
mask-related metrics are presented in this section.

Figure 4.10 presents the F1-Confidence curve. According to the curves the F1-Score
dipped after the 50% Confidence threshold, hitting a peak of 0.77 at only 0.258 confi-
dence. This could mean that the model was able to predict on the classes at a lower
confidence. To prove this more curves must be analysed.

F1-Confidence Curve
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Figure 4.10: F1-Confidence Curve for Validation for Data Augmentation, Multi-Plane
Sampling Segmentation Task

Figure 4.11 presents the Precision-Confidence curve of the trained model. It shows that
Precision peaks at 0.97 Confidence with an unitary value. It presents two plateaus of
values on similar spots to the F1-Confidence curve with different values. A lower av-
erage Precision under 50% confidence indicates that the model was performing more
predictions on the images, while containing many true predictions, only around 65%
of them were correct. A higher value of Precision after the middle point means that
either not so many predictions were being made, or the model was able to recognize
where most of the true positives were. To get more data on it the Recall-Confidence
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curve should be analysed.
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Figure 4.11: Precision-Confidence Curve for Validation for Data Augmentation, Multi-
Plane Sampling Segmentation Task

Figure 4.12 presents the Recall-Confidence curve of the trained model. Contrary to the
Precision-Confidence, it maxes at 0% confidence with almost Recall’s max value. It’s
high beginning indicates that at lower confidence most, if not all, of the true values were
predicted to be the true values. This correlates to the previous curves explanation that
the model was performing a lot of predictions, whether they were correct or not. On
the other side of the 50% confidence threshold, a lower Recall overall value indicates
that the model could not perform as many predictions, meaning that the high Precision
comes from lower amount of predictions.

Figure 4.13 presents the Precision-Recall curve, a plot used to more accurately explore
the relationship between predictions, portrayed by Precision, and actual values, por-
trayed by Recall. The Figure shows how high Precision meets low Recall and vice-versa,
with a dip between 40% Recall and 65% Precision. This line lowers the Mean Average
Precision of the model at an Intersection over Union of 50% to 0.834. Mean Average Pre-
cision [50], or mAD, is a metric used to evaluate a Deep-Learning model by performing
an arithmetic average to the Precision values at several levels of Confidence, illustrating
how Confidence affects the Precision of the model. Also known as "The Area Under
The Curve", it can be calculated by determining the integral of the Precision-Recall
curve.

To better understand how many predictions were being made and how each class is
predicted on, as was used in the detection experiment, Figure 4.14 contains the Con-
fusion Matrix computed from the validation of the model. It can be understood that
over 90% of ground truth instances were correctly predicted to be true values from
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Figure 4.12: Recall-Confidence Curve for Validation for Data Augmentation, Multi-
Plane Sampling Segmentation Task
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Figure 4.13: Precision-Recall Curve for Validation for Data Augmentation, Multi-Plane
Sampling Segmentation Task
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each class. This allowed the model to determine that under 10% of instances of each
class were not predicted on, being classified as background in the matrix. On the right
side it shows that up to 40% of background was classified to be a designated organelle,
hinting that the model is not entirely capable of fully discerning some organelles from
others.
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Figure 4.14: Normalised Confusion Matrix for Validation for Data Augmentation,
Multi-Plane Sampling Segmentation Task

For the test set, the best parameters were used, saved on the “best.pt” file. Test results
are grouped in Table 4.5, which although lower than the values obtained from the de-
tection task are still high for FIB-SEM images. The obtained results reflect a high Recall,
higher than average Precision and high F1 score, translating to the model being able
to get almost all true values correctly predicted, most predictions being correct. These
values indicate that data augmentation and attention to fidelity towards the organelles
proved to be satisfactory decision.

Table 4.5: Test set results with confidence threshold of 0,5 for Data Augmentation,
Multi-Plane Sampling Segmentation Task

Recall | Precision | F1-Score
0,945 0,651 0,771

Visual results representing identification examples of organelles with Mitochondria,
Early-Endosomes, Lysosomes, and Late-Endosomes can be observed in Figure 4.15.
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Figure 4.15: Detection of organelles done by YOLOvS for Data Augmentation, Multi-
Plane Sampling Segmentation Task. (a) is the original image to be analyzed, (b) is
the location of the organelles with Mitochondria in blue, Lysosomes in pink, Early-
Endosomes in green, and Late-Endosomes in red, and (c) is the prediction made by
YOLOVS to detect/segment said organelles and respective confidence.

Overall, the results obtained from the validation and testing of the YOLOV8 segmen-
tation model demonstrate the model’s reliability for the task. Although a confidence
level of 50% separated two distinct results the quantitative evaluation indicated val-
ues higher than 60% for all test metrics, indicating a modest level of accuracy in both
detection, already concluded in the detection task in the previous section of this chap-
ter, and segmentation. These metrics suggest that the model makes more predictions
with lower confidence and more correct predictions with higher confidence, with an
accentuated slope on the curves caused by a confidence level of 0,5 attributed to pre-
dictions indicating that the predictions are reduced more acutely after 0,5 confidence,
lowering Recall by failing more of the ground truth but increasing Precision by being
more exact. Qualitative evaluation corroborates this statement with fewer predictions
compared with the detection task, with confidence values balanced throughout the seg-
mentation prediction. Together, these metrics point towards consistency of YOLOvS as
a segmentation model for low contrast, FIB-SEM images.
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4.3 YOLO Segmentation with Data Augmentation,
Multi-Plane Sampling and Hyper-parameter Tuning

The segmentation model obtained from the previous section exhibited very good be-
haviour when presented with these types of images. However, compared to other mod-
els derived from similar experiments in other/similar fields, this model begins to re-
veal a potential underlying issue on the high metrics obtained. The work done by Zini
Jian et al. [51], for instance, hints at it. They developed a Deep Learning model with
YOLOVS as its backbone to perform a detection task on low contrast noisy images, with
the model achieving a mean Average Precision value at a 50% IoU threshold of 70,21%.
This means that a model made from YOLOVS specifically for a detection task under-
performed compared to one trained with only YOLOv8 with most of its parameters set
to their default values which, although possible, seems not accurate. After a thorough
investigation it was revealed that the dataset may have been created in a not completely
fair way, resulting in data leakage. For the past experiments the dataset was being ran-
domly separated into the train, validation and test set, meaning that some images in
the train set could very similar to the ones in the validation set and the test set. This is
because, taking into consideration the fact that because they were extracted from the
same volume image n was very similar to images n — 1 and n + 1 in different sets. That
means that, to obtain a more accurate model the dataset separation phase must be more
strict in avoiding randomization. In addition, the Data Augmentation performed re-
sulted in similar images to the originals being created only noting the augmented class.
To combat this Data Augmentation will be done by YOLOVS training, since it is flexible
in which augmentations are performed and thus some can be disabled or restricted.

During a review of the YOLOv8 documentation, particular attention was given to hyper-
parameter optimization, which aims to identify the most effective configuration of ar-
guments for training the model. Among the parameters examined, several were found
to modify the input images in various ways. These image-altering parameters warrant
careful consideration, as their impact may be significant depending on the characteris-
tics of the dataset under study.

Preparation of the Dataset

As stated, in the previous sections the dataset was being randomly split across the
YOLOVS8 dataset tree. This, coupled with an increase in data through augmentation,
generated a less efficient model. So, the dataset would first be analysed from the 2 other
planes X and Y, resulting in the aforementioned 2023 images of dimensions 1778 by 846
pixels in the X plane, 846 images of dimensions 2023 by 1778 pixels in the Y plane and
1778 images of dimensions 2023 by 846 pixels in the Z plane, utilizing the same pro-
tocol, with X and Y being the new planes. The same strategy of acquiring new square
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images with sides of 512 pixels was also implemented, aiming to train the model as
faithfully to the original size of the organelles as possible. With the extra care in place
to avoid similar images in different sets and ensuring the model was being validated
and tested on the original dataset to avoid increased noise levels, planes X and Y were
sent to be the training set. Additionally, the first and last group of images similar to the
ones in Figure 4.8 were removed, bringing the X dataset to 1995*3=5985 square images
and the Y dataset to 471*9=4239 square images, used as the training set. The validation
and test set utilized the Z Plane, with a section of images in the validation-test bound-
ary enacted to lower the chance of similarity among the sets. Table 4.6 adds a visual
aid to the split of the dataset.

Table 4.6: Dataset separation into YOLOVS sets

Train Val (Z Plane) | Boundary (Z Plane) | Test (Z Plane)
Images in Sets | Planes X and Y (9928) | 2454 426 2454

This segregation certifies that the model will be validated and tested solely on the
original data, leaving the training set with images containing structures not present
in those sets. This approach ensures that Data Augmentation is applied exclusively to
the training set, thereby increasing data variability while preserving the integrity of
the validation and test datasets.

Argument Settings through Hyper-parameter Tuning

The question raised in the previous section ignited more inquires on how other argu-
ments, so far set to their default value or changed without detailed analysis, would
influence the training and validation of the model. The search for the best values to be
placed in the training function is called Hyper-parameter Tuning where the goal is to
arrange various combinations of arguments, train the model with them, catalogue the
results and repeating the process until the results are satisfactory.

Hyper-parameter optimization was not limited to training arguments alone. As previ-
ously mentioned, the image dimensions of the dataset were also evaluated to determine
whether a reduced, square resolution yielded better performance than using the full
image. Furthermore, as shown in Table 4.4, five YOLOvS8 segmentation models, rang-
ing from "yolov8n-seg.pt" to "yolov8x-seg.pt", were considered to assess whether the
largest and most complex model provided superior performance for the task at hand.

Table 4.7 summarizes the considered Hyper-Parameters, their relationship with YOLO
and their range values. Model is the model used for the task, exploring every model in-
troduced in Table 4.4. Batch is the batch size, the argument responsible for the amount
of images to train at once, which will attempt to use 32, 16 or 8 images per iteration,
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falling back on a negative one, the value to be set by YOLOVS to determine the best batch
size to avoid running out of memory. The variable 1r0 represents the initial learning
rate, which governs how the model updates its internal parameters during the early
training epochs, and is configured to fall within the range specified by the YOLOvS8
documentation [52]. The variable Irf is the final learning rate and will act on the ini-
tial learning rate by setting it to a percentage of its value from 10% to 100%. Lastly,
warmup_epochs stands for the number of epochs where the initial learning rate will
act before being decreased by the final learning rate, with a minimum of 0 epochs,
meaning the learning rate will be constant and equal to /70 x Ir f, and a maximum of 5

epochs.
Table 4.7: Hyper-parameter Tuning Settings
Variable Type (YOLOVS) | Range
model Model n;s;m;l; x
batch Argument -1;2;4; 8;16; 32
Ir0 Argument (1,2;3;4;5,6;7,8,9;10) x 0,001
Irf Argument (1;2;3;4;5,6;7,8;9,10) x0,1
warmup_epochs | Argument 0,0;1,0; 2,0; 3,0; 4,0; 5,0

Since computational resources were limited, preventing all the variables from being
tested at once due to an increased time period, one variable was tested on per turn,
with the exception to the model and batch which were combined on the same experi-
ments because the impact on time was not so severe. With this, the three best models
trained under model and batch are presented in Table 4.8, with names like Modelx for
convenience to the report. These models were chosen because Modell showcased the
best mAP at 50% IoU threshold and Recall, meaning it is competent at detecting and
segmenting, missing a few objects, Model2 had the best mAP for higher IoU threshold
for bounding box detection and precision, demonstrating its detection prowess, and
Model3 had the best mAP for higher IoU threshold and precision for mask segmenta-
tion, being more suited for segmentation.

Table 4.8: Best models for the first combination of variables

Model Name | model batch | mAP50 | mAP50-95
Modell yolov8m-seg.pt | -1 0,67 0,42
Model2 yolov8l-seg.pt | -1 0,66 0,42
Model3 yolov8s-seg.pt | -1 0,64 0,46

Introducing these three models to a ranging initial learning rate produced the model in
Table 4.9. Model4 was the only model to perform better than other models in every met-
ric apart from mAP at higher IoU threshold for mask segmentation, which improved
in relation to Modell.
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Table 4.9: Best model for the second combination of variables

Model Name | model batch | Ir0 | mAP50 | mAP50-95
Model4 yolov8m-seg.pt | -1 0,06 | 0,70 0,43

The same protocol was applied with the addition of the final learning rate, resulting in
Table 4.10. Model5 was able to maintain a high mAP at 50% and higher IoU threshold
and improve Recall for both bounding box detection and mask segmentation, with a
slight dip in Precision, meaning that true values were being predicted more but less
predictions were made correctly.

Table 4.10: Best model for the third combination of variables

Model Name | model batch | IrO | Irf | mAP50 | mAP50-95
Model5 yolov8m-seg.pt | -1 0,06 | 0,3 0,69 0,44

Table 4.11 concludes the Hyper-parameter tuning with warmup_epochs being set to
its maximum value. Model6 kept a high mAP for all IoU thresholds and improved
Precision but achieved a lower Recall value. This means that predictions were now
more accurate but did not predict on as many true masks.

Table 4.11: Best model for the fourth combination of variables

Model Name | model batch | Ir0 | Irf | warmup_epochs | mAP50 | mAP50-95
Model6 yolov8m-seg.pt | -1 0,06 0,35,0 0,69 0,44

The metrics obtained from Model6 are displayed in Table 4.12. The letters B and M are
respective to Bounding Box and Mask and the numbers coupled with the mAP are the
IoU thresholds. It demonstrates that mask wise mAP values at higher IoU thresholds
are similar to the ones presented by YOLOVS in Table 4.4. Additionally, several other
metrics achieved above-average values, indicating that these parameter combinations,
and the order in which they were applied, could still lead to a well-performing model.

Table 4.12: Metrics of the best model configuration obtained through Hyper-parameter
tuning

mAP50 | mAP50 | mAP50-95 | mAP50-95 | Precision | Precision | Recall | Recall
(B) (M) (B) (M) (B) M) (B) (M)
0,66 0,66 0,47 0,42 0,59 0,58 0,68 0,67

Taken together, these findings support maintaining the dataset at its original image
dimensions. The rescaling introduced by YOLOv8'’s imgsz parameter did not signifi-
cantly alter the visual characteristics of the images, indicating that image resizing alone
does not substantially influence the model’s learning capability or performance out-
comes in this context.
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Argument Settings and Training

As extrapolated from image dimensions, the argument imgsz was set to 512, resizing
all input images to a square with dimensions of 512 by 512 pixels, thus maintaining
organelle size.

YOLOv8 documentation noted that the model practiced its own form of Data Augmen-
tation by applying rotations, zooms, colour changes and several others [53]. To ensure
the model trained only on the provided data, the documentation also provided exactly
which arguments altered the images and an explanation on their behaviour. Table 4.13
presents the arguments and their values to prevent YOLO from using excessive aug-
mentations on data. Among the available arguments, mosaic , hvs arguments, scale,
and translate are the most likely to negatively affect the training images because of the
chance of leaving important and complementary information out of frame and chang-
ing the channels of the RGB images, losing the status of gray scale and with it more
information. Arguments like erasing and auto_augment are only applicable to YOLO
classification tasks, another branch of the YOLO family, but were still deactivated to

ensure success in training.

Table 4.13: YOLO augmentation arguments values and functions

Argument Value | Functionality

hvs_h 0.0 Alters the Hue (Colour) of the images

hvs_v 0.0 Alters the Value (Brightness) of the images

hvs_s 0.0 Alters the Saturation (Colour Amount) of the images
translate Default | Shifts image, often out of frame

scale 0.0 Resizes images, enlargings may push border data out of frame
fliplr Default | Flips the image from left to right

mosaic 0.0 Combines four images into one, maintaining image size
erasing Default | Randomly erases portions of the image during training.
auto_augment | Default | Applies automated augmentation policies for classification.

With the data size, model and other arguments set according to results from past ex-
periments, training could begin with 100 epochs, the default value.

Results

Analysing the Mask oriented results, Figure 4.16 displays the F1-Confidence Curve
obtained from the validation set. It shows that the peak occurs at 0,199 confidence with
an F1-Score of 0,67, suggesting the model assigns lower confidence values to correct
predictions. To obtain more data other curves must be explored.

Figure 4.17 is the Precision-Confidence Curve, showcasing an increasingly higher Pre-
cision with a peak of 0,97 at a Confidence level of 1. This means that highly confident
predictions are almost never wrong. The sudden low values at high confidence arise
from lower to no predictions being made with high confidence, resulting in a Prediction

45



Jodo Ricardo Neves Menezes de Lemos

Lo F1-Confidence Curve

—— Mitochondrion
Lysosome
—— Early-Endosome
—— Late-Endosome
081 = all classes 0.67 at 0.199
0.6 1
~
'
0.4 4
0.2 4
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 4.16: F1-Confidence Curve for Validation for Data Augmentation, Multi-Plane
Sampling and Hyper-parameter Tuning

value decreasing due to the predictions being incorrect, dropping to 0, and the uprise
being calculated to be 0 True Positives divided by 0 predictions, which the algorithm
is considering as 1. The overall high values, however, do not reflect on the F1-Score,
meaning the dip at higher confidence levels stems from the Recall-Confidence Curve.

Figure 4.18 is the Recall-Confidence Curve. The first apparent contrasting feature to
the Precision-Confidence Curve is its near inverse proportionality to the Confidence.
It peaks at 0 Confidence level with a Recall value of 0,91. This result means that, to
ensure most true instances are segmented, most predictions must be accepted. This is
a hallmark of difficult segmentation targets, typical of FIB-SEM images. The F1-score
Curve plays a role in the decision of the Confidence level for testing and prediction by
relating both Precision and Recall, offering a common peak to decide the Confidence
level.

Figure 4.19 is the Precision-Recall Curve, relating the two metrics. Mapping both met-
rics at the same Confidence values, it becomes apparent that when the Intersection over
Union threshold is set to 50% the mean Average Precision reaches a value of 0,691. This
curve explains that the model’s ability to detect and segment is reasonably good.

Figure 4.20 is the Normalised Confusion Matrix, displaying exactly how the model pre-
dicts each class. It shows that much of Mitochondria are not predicted, revealing that
the model is not fully capable of detecting them. Late-Endosomes are often classified
as other classes or background, highlighting the similarity between the classes and
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Figure 4.17: Precision-Confidence Curve for Validation for Data Augmentation, Multi-
Plane Sampling and Hyper-parameter Tuning
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Figure 4.18: Recall-Confidence Curve for Validation for Data Augmentation, Multi-
Plane Sampling and Hyper-parameter Tuning

the need for class-level augmentation, but also indicating that Lysosomes and Early-
Endosomes are the most unique of the classes.
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Figure 4.19: Precision-Recall Curve for Validation for Data Augmentation, Multi-Plane
Sampling and Hyper-parameter Tuning
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Figure 4.20: Normalised Confusion Matrix for Validation for Data Augmentation,
Multi-Plane Sampling and Hyper-parameter Tuning
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For the test set, the best parameters were used, saved on the “best.pt” file. Test results
are grouped in Table 4.14, which, although lower than the values obtained from the
detection task, are still high for FIB-SEM images. The obtained results reflect a high
Recall, higher than average Precision and high F1 Score, translating to the model being
able to get almost all true instances correctly predicted and most predictions being
correct. These values indicate that re-designing data augmentation, hyper-parameter
tuning and attention to fidelity towards the organelles proved to be a correct decision.

Table 4.14: Test set results with confidence threshold of 0,2 for Data Augmentation,
Multi-Plane Sampling and Hyper-parameter Tuning

Recall | Precision | F1-Score
0,74 0,682 0,71

Visual results representing identification examples of organelles with Mitochondria,
Early-Endosomes, Lysosomes, and Late-Endosomes can be observed in Figure 4.21.
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Figure 4.21: Detection of organelles done by YOLOvS for Data Augmentation, Multi-
Plane Sampling and Hyper-parameter Tuning. (a) is the original image to be analyzed,
(b) is the location of the organelles with Mitochondria in blue, Lysosomes in cyan,
Early-Endosomes in white, and Late-Endosomes in green, and (c) is the prediction
made by YOLOVS to detect/segment said organelles and respective confidence.

Analysing the mask-oriented test results, Figure 4.22 displays the F1-Confidence Curve
obtained from the test set. It shows that the peak occurs at 0,183 confidence with an
F1-Score of 0,71, being on par with the validation set.

Figure 4.23 is the Precision-Confidence Curve, showing an increasingly higher Preci-
sion with a peak of 1 at a Confidence level of 0,996. This means that predictions are
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Figure 4.22: F1-Confidence Curve for Test for Data Augmentation, Multi-Plane Sam-
pling and Hyper-parameter Tuning

mostly correct with an increased confidence level and since the Precision value never
dips below 0,6 the model still predicts well at lower Confidence levels.
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Figure 4.23: Precision-Confidence Curve for Test for Data Augmentation, Multi-Plane
Sampling and Hyper-parameter Tuning
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Figure 4.24 is the Recall-Confidence Curve. It peaks at 0 Confidence level with a Recall
value of 0,74, capped due to the chosen Confidence level of 0,2 for the test phase. Like
in the validation phase, it gradually dips with the increase of the Confidence level,
indicating that the model could be performing more predictions when it’s Confidence
is low, with some predictions coinciding with the Ground Truth, and failing most True
Values when it’s more confident.

1o Recall-Confidence Curve

—— Mitochondrion
Lysosome
—— Early-Endosome
—— Late-Endosome
0.8 1 = a3l classes 0.74 at 0.000
0.6
T
(9]
&
0.4 1
0.2 4
0.0 T r T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 4.24: Recall-Confidence Curve for Test for Data Augmentation, Multi-Plane
Sampling and Hyper-parameter Tuning

Figure 4.25 is the Precision-Recall Curve, relating the two metrics. Mapping both met-
rics at the same Confidence values, it becomes apparent that when the Intersection over
Union threshold is set to 50% the mean Average Precision reaches a value of 0,726. This
value shows an improvement over the validation phase of the training. This upward
shift could mean that the test set is easier than the validation set (less noise, more con-
trast, larger and/or more visible objects) aiding the model in its task, although this is
only intuition.

Figure 4.26 is the Normalised Confusion Matrix. It shows that Late-Endosomes are
often classified as other classes or background, once again highlighting the similarity
between the classes and the need for class-level augmentation, but also indicating that
Mitochondria, Lysosomes and Early-Endosomes are more unique in comparison.

Overall, the results obtained from the training and testing of the YOLOvV8 segmenta-
tion model demonstrate the model’s reliability for the task. Although a confidence
level of 20% separated two distinct results the quantitative evaluation indicated values

51



Jodo Ricardo Neves Menezes de Lemos

Precision-Recall Curve

1.0
—— Mitochondrion 0.801
—— Lysosome 0.797
—— Early-Endosome 0.822
—— Late-Endosome 0.483
081 = all classes 0.726 MAP@0.5
0.6 A
e
o
1%
S
o
o
0.4 |
0.2 A
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 4.25: Precision-Recall Curve for Test for Data Augmentation, Multi-Plane Sam-
pling and Hyper-parameter Tuning

Confusion Matrix Normalized

0.8
Mitochondrion 0.21
0.7
Lysosome - 0.13 0.18 0.6
0.5
o°
3
2 Early-Endosome - 0.04 0.15
< -0.4
o
-0.3
Late-Endosome - 0.02 0.06 0.40 0.17
-0.2
background - 0.19 0.12 0.11 0.22 01
i ! ] T . -0.0
5 - 2 -
5 o o o 3
] w w =
S o o o o
<) a S S 5
< > c c ]
9] = w w B
B IS o 2
= =
& 3
True

Figure 4.26: Normalised Confusion Matrix for Test for Data Augmentation, Multi-Plane
Sampling and Hyper-parameter Tuning
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higher than 65% for most test metrics, indicating a high level of accuracy in both detec-
tion and segmentation. These metrics suggest that the model makes more predictions
with lower confidence and more correct predictions with higher confidence, with the
F1-Score finding a common ground for quality and quantity. Qualitative evaluation
corroborates this statement with fewer predictions compared with the detection task,
with confidence values balanced throughout the segmentation prediction. Together,
these metrics point towards a high reliability of YOLOvS as a segmentation model for
low contrast, noisy images.

At the time of writing of this document, Ultralytics released the version YOLO26 of
the YOLO model family [45]. A model, YOLO26m-seg.pt, was trained under the same
conditions as the model in this section with the same train and validation sets, being
tested on the same test set. In order to compare the results with the current state of the
art in YOLO segmentation on FIB-SEM images both models will be contrasted class-
wise against the model by Nesi¢ et al. [31], who trained a YOLOv8-based model and
tested it with two distinct manually acquired ground truths.

Table 4.15: Class-wise Precision Results

Class Nesic¢ et al. M1 [31] | Nesi¢ et al. M2 [31] | YOLOvS8 (Author) | YOLO26 (Author)
Mitochondrion 0,84 0,89 0,765 0,842
Lysosome 0,73 0,74 0,723 0,811
Early-Endosome 0,84 0,82 0,720 0,836
Late-Endosome 0,38 0,18 0,521 0,621
Average 0,698 0,658 0,682 0,778

Table 4.16: Class-wise Recall Results

Class Nesic et al. M1 [31] | Nesi¢ et al. M2 [31] | YOLOvS8 (Author) | YOLO26 (Author)
Mitochondrion 0,92 0,93 0,756 0,597
Lysosome 0,83 0,75 0,850 0,702
Early-Endosome 0,80 0,67 0,853 0,764
Late-Endosome 0,14 0,11 0,500 0,318
Average 0,673 0,615 0,740 0,595

Table 4.17: Class-wise F1-Score Results

Class Nesic et al. M1 [31] | Nesi¢ et al. M2 [31] | YOLOvS8 (Author) | YOLO26 (Author)
Mitochondrion 0,88 0,91 0,76 0,70
Lysosome 0,78 0,74 0,78 0,75
Early-Endosome 0,82 0,74 0,78 0,80
Late-Endosome 0,20 0,14 0,51 0,42
Average 0,67 0,63 0,71 0,67

Tables 4.15 and 4.16 group the comparison of the four models in regards to Precision
and Recall, respectively. Comparing Nesi¢ et al.’s work to the models obtained for this
project it is clear that they are in tandem with each other. While their model achieves
better performance in every class apart from Late-Endosomes, the trained models for
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this project are a bit less achieving but are able to also work with Late-Endosomes.
Comparing YOLOvVS8 to YOLO26 it is noticeable that Precision metrics by YOLO26 are
better than YOLOVS, but Recall is better with YOLOvVS8. Doing a harmonic mean, also
known as the F1-Score, to the Precision and Recall results in Figure 4.17. Additionally, a
prediction was conducted on the image in Figure 4.21.(a) with both models, displayed
in Figure 4.27.

#!Mitochondrion 0.883

Mltochondrnon

“:Mitochondrion 0.97

7[10*0..‘ 0

Mltochondrlon 0. 97 Mltochon ket 97-

X mxﬂ Mltochondrlon 0. 98 P
.:Mitoc’hbg:an 0.84¢¢ M r=<=hondnon 0.96
2 3 . -

Mlto_chondr_lon 7

Mltochondnon O 98

Mltochondnon 0, 26

(YOLOZ26)
Figure 4.27: Segmentation of organelles done by YOLOv8 and YOLO26
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5 IMAGE ComPRESSION WITH JPEG Al

Image compression is a method for reducing the size of an image while retaining as
much important information as possible and ensuring that the compressed image re-
mains closely similar to the original. In this chapter, the focus is on the JPEG Al stan-
dard [26], a learning-based codec that employs deep learning to optimize compres-
sion based on human visual perception as well as performance in image processing
and computer vision tasks. JPEG Al aims to deliver a coding solution that matches
or surpasses existing image compression standards in efficiency, while maintaining
comparable visual quality. Furthermore, it is designed to enable efficient processing
directly in the compressed domain, facilitating machine learning-based image analy-
sis applications. Figure 2.10 in Section 2.3.3 contains the framework of JPEG Al [26],
illustrating how the input image in the encoder codes it to bit stream files to be decoded
into reconstructed images.

5.1 Overview of the coding software

The available code package includes a README file describing the general execution
workflow, required dependencies, and example command-line instructions for run-
ning specific tasks. After outlining the necessary software installations and updates,
the documentation presents a set of commands intended to execute individual com-
pression tasks with specific inputs. The documentation also provides a command that
executes all configurations supported by the codebase, enabling the evaluation of all
bit rate settings, tools, and compression methods.

The execution flow of the JPEG Al code can be summarized as follows. First, the images
to be compressed are placed in a predefined folder automatically accessed by the sys-
tem. A script is then executed to run all available JPEG Al configurations. During this
process, the code selects an operation point between Base and High: Base uses a neural
network structure with simpler operations suitable for low-complexity devices, while
High employs more advanced tools to achieve better compression quality at the cost of
increased complexity. After this selection, the compression methods are executed.

Only a subset of tools specified in a JavaScript configuration file are enabled for com-
pression, namely ECThread8, ICCI, LSBS, RDLR, and ResVarScale. Different execution
modes are defined depending on whether certain tools are enabled or disabled. When
tools are disabled, the available execution modes include BRM (Bit Rate Matching),
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which aims to match the achieved bit rate to a target value; CPU, where all computa-
tions are performed on the CPU; encCPU-decGPU, where encoding runs on the CPU
and decoding on the GPU; encGPU-decCPU, where encoding is performed on the GPU
and decoding on the CPU; GPU, where all computations are executed on the GPU; and
GPU-LH, a GPU-only mode with an additional LH specification, hypothesized to be re-
lated to the Discrete Wavelet Transform (DWT) algorithm due to the use of Low-High
(LH) 2D-DWT subbands as proposed by Roman Starosolski [54].

When all tools are enabled, only the BRM and GPU execution modes are available.

For each execution mode, the code iterates through a predefined set of bit rates. By
default, JPEG Al evaluates five target bit rates corresponding to 6%, 12%, 25%, 50%, and
75% of the original image bit rate. These values are recommended by the developers
and defined in a JavaScript array. Although the documentation suggests that users
can modify this array to include additional bit rates, attempts to extend it using values
from online sources resulted in execution errors (error code 18), leading to the use of
the default values.

As previously mentioned, the JPEG Al pipeline requires only the input images for the
testing phase. According to the documentation, input images should have bit depths
of 8 or 10 bits per pixel, with minor adjustments required for 16-bit images to ensure
compatibility. The outputs generated depend on the selected operation point and exe-
cution mode.

After execution, the output directory contains two main folders corresponding to the
“base” and “high” operation points. Within each of these, subfolders are created for
each execution mode. Each execution mode folder contains five subfolders with dis-
tinct purposes. The “bit” folder stores binary bitstream files representing compressed
images at different bit rates; their internal structure is undocumented and cannot be
opened with standard software tools. The “log” folder is divided into three subfold-
ers: “compare”, which stores logs comparing MD5 hashes of reconstructed images;
“dec”, which includes decoding logs, MD5 hashes, and decoding-related metrics; and
“enc”, which contains encoding logs, MD5 hashes, and encoding-related metrics. The
“ori” folder is empty and is assumed to have previously stored copies of the input im-
ages, likely removed to avoid redundancy and excessive storage usage. The “rec” folder
contains images presumed to be reconstructed directly from the original images with-
out using the bitstreams. Finally, the “rec_dec” folder contains images reconstructed
by decoding the bitstreams, which are expected to be compared with the “rec” images
using MD5 hash comparisons stored in the log/compare directory.

At the end of execution, results from all modes are compiled into TXT files located
within the operation point folder, providing a general overview of the performed steps.
Additionally, CSV files are generated containing metric values for each operation point,
execution mode, and target bit rate.
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5.2 Quantitative evaluation metrics

As a Deep-Learning based model, JPEG Al relies on certain metrics comparing the
original image to its compressed counterpart and help determine the effectiveness of
the trained model. Some metrics will produce data regarding the machines vision, oth-
ers will emulate the human eye and how it perceives images on a computer, and others
will evaluate the balance between noise and useful data on the images. As stated in the
previous section, each image in the test set was compressed for one of two operation
points, one of six compression methods and one of five target bit rates, and each of the
images will produce the metrics introduced in this section.

Multi-Scale Structural Similarity Index Metric [55], or MS-SSIM, is used to compute
luminance, contrast and structure at the same time over several scales/resolutions. The
formula is expressed as:

’:1:

MS-SSIM(z, y) = [l (z, y)]*™

lej (@, 9)] [s5(, )]

j=1
where = and y are the reference and distorted images, M is the number of scales, [, is
the luminance comparison at the coarsest scale c; and s; are the contrast and structure
comparisons at scale j, and oy, 3; and 7; are weighting exponents. Its value varies
from 0 to 1, with the maximum being obtained when x=y, typically indicating lossless
compression.

Peak Signal-to-Noise Ratio [56], or PSNR, measures, in decibels, the ratio between the
max pixel value and the noise, expressed through the Mean Square Error, between the
two analysed images. It is expressed as:

MAX?
PSNR = 10log,, ( )

MSE

with M AX translating to the max value of a pixel and M SE to the aforementioned
Mean Square Error with:

L M
MSEZWZZ (i,5))°

i=1 j=1

where M and N are the dimensions of the image, [ is the reference image and K is
the reconstructed image. Typical values are between 30 dB and 50 dB, where a higher
value implies a smaller MSE, with values above 40 dB considered very good and below
20 dB discarding the images altogether. This metric was applied to the YUV equivalent
to RGB images, isolating the information from the colors.

Visual Information Fidelity [57], or VIF, is based on information theory and is typically
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defined as the ratio of mutual information between the reference and distorted images,
relative to the reference and the human visual system (HVS). It is expressed as:

VIF = Z I(C; Fy | s)
Y I(Ci Ei | sy)

where I is mutual information, C; are the wavelet coefficients of the reference image,
F; are the wavelet coefficients of the distorted image, E; are the wavelet coefficients of
the reference image passed through the HVS model, s; represents the local variance, i
indexes subbands/scales and N is the number of subbands. It possesses values from 0
to 1, with 1 standing as high similarity between reference and distorted images.

Feature Similarity Index Metric [58], or FSIM, is a full-reference image quality assess-
ment metric based on the hypothesis that the Human Visual System (HVS) primarily
perceives images through low-level features, particularly phase congruency and gra-
dient magnitude. Phase congruency captures perceptually significant structures such
as edges and corners, while gradient magnitude represents local contrast information.

FSIM is computed as a weighted average of local similarity measures over the image
domain and is expressed as:

2 xe SL(X) - POy (x)
Y xeq PCm(x)

where ) denotes the set of all pixel locations, PC,,(x) = max (PC,(x), PCy(x)) is the
maximum phase congruency between the reference and distorted images, and Sy (x)

FSIM =

is the local similarity measure defined as:

SL(x) = Spo(x) - Sau(x)

with: S0t — QPO (x) PCy(x) + T
PE T pCa(x) + PC2(x) + T
Som(x) = 2GM(x)GM, () + T

GM2(x) + GM2(x) + T

where PC,, and PC), denote the phase congruency maps of the reference and distorted
images, GM, and GM,, their gradient magnitude maps, and 7} and 7, are small con-
stants introduced for numerical stability.

FSIM values range from 0 to 1, with a value of 1 indicating identical images. Due to its
strong correlation with perceptual quality, FSIM is particularly effective at capturing
visually relevant degradations.

Normalized Laplacian Pyramid Distance [59], or NLPD, is a perceptually motivated
full-reference metric that models early stages of the Human Visual System, meaning
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it evaluates both reference and distorted images. It measures image distortion as the
distance between normalized Laplacian pyramid representations of the reference and

o\ 1/2
2>

where L} and L are the Laplacian pyramid coefficients of the reference and distorted

distorted images.
NLPD is defined as:

K

NLPD(z,y) = (Z Nik

k=1

T )
Ly Ly
of+e ol+e

images at scale k, o} and o} represent local normalization factors modeling contrast
gain control, Nj is the number of coefficients at scale k, K is the total number of pyramid
levels, and ¢ is a small constant added for numerical stability.

NLPD is a distance metric with a minimum value of zero, achieved when the two im-
ages are identical. It has no fixed upper bound, with larger values indicating increasing
perceptual distortion.

Information-Weighted Structural Similarity Index Metric [60], or IW-SSIM, is an exten-
sion of the Structural Similarity Index that incorporates information content weighting
to emphasize perceptually important regions. The underlying principle is that dis-
tortions occurring in visually informative areas have a greater perceptual impact than
those in less informative regions. IW-SSIM is computed as:

S w; - SSIM

M .
j=1 Wj

IW-SSIM =

where SSIM,; is the SSIM value computed at scale j, M is the number of scales, and w;,
represents an information-based weight derived from the reference image at that scale.

The weights are proportional to the local information content:
w; o< I

where [; is commonly estimated using local variance or entropy measures.

IW-SSIM values range from 0 to 1, with higher values indicating greater structural sim-
ilarity. Compared to SSIM and MS-SSIM, IW-SSIM exhibits improved correlation with
subjective image quality by prioritizing distortions in perceptually significant regions.

Video Multi-Method Assessment Fusion [61], or VMAF, is a perceptual quality assess-
ment metric based on machine learning techniques. Although originally developed for
video quality evaluation, it is frequently applied on a frame-by-frame basis for image
quality assessment. VMAF combines multiple elementary quality features into a single
score using Support Vector Regression (SVR).
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The metric is defined as:
VMAF = f (VIF, DLM, ANSNR,....)

where f(-) denotes a trained regression model, VIF is the Visual Information Fidelity
metric, DLM is the Detail Loss Metric, ANSNR is an adaptive noise-weighted PSNR
variant, and additional perceptual features may be included depending on the model
configuration.

VMAF produces scores typically ranging from 0 to 100, where higher values corre-
spond to better perceptual quality. Values above 90 are generally associated with visu-
ally lossless quality, while values below 50 indicate severe degradation.

Peak Signal-to-Noise Ratio with Human Visual System modeling [62], or PSNR-HVS,
is a perceptually enhanced variant of PSNR that incorporates characteristics of the Hu-
man Visual System, particularly contrast sensitivity and frequency masking effects.

PSNR-HVS is expressed as:

MAX?
PSNR-HVS = 101og,,, ( )

MSEnvs

where the perceptually weighted Mean Square Error is given by:
1 . 2
MSEHVS == W Zwm (Di,j — ng)
1,]

with Df; and D} ; representing the Discrete Cosine Transform (DCT) coefficients of the
reference and distorted images, respectively, and w; ; denoting frequency-dependent
weighting factors derived from the contrast sensitivity function of the HVS. Typical
PSNR-HVS values are comparable to classical PSNR, usually ranging between 30 dB
and 50 dB, with higher values indicating better perceived quality.

Table 5.1 summarizes all the metrics on this section by uniting the minimum and max-
imum values.

Table 5.1: Evaluated compression metrics and limiting values

Metric Minimum Value | Maximum Value
MS-SSIM 0 1 (best)
PSNR 30- 50+ (better)
VIF 0 1 (better)
FSIM 0 1 (best)
NLPD 0 (best) 0+
IW-SSIM 0 1 (best)
VMAF 0 100 (best)
PSNR-HVS 30- 50+ (better)
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5.3 Preparation of test images

The images to be inputted into the code must adhere to certain rules for the code
to recognise them: they can either have 8 bpp or 10 bpp, they must possess three
RGB channels, they must be PNG images, their name had to be written in the form
“<id(5digits)>_<task>_<width>x<height>.png”, with “id” being a number unique
to the image as not to mix them, “task” being for Training, writing TR, Testing, writing
TE or Validation, writing VL, “width” and “height” being the dimensions of the image.
The images were previously set to RGB images and 8 bits per pixel in preparation for
YOLO segmentation, which also operates with PNG images, meaning the remaining
preparation would be to rename them. Without scrambling the order of the images,
they were renamed to their appropriate name.

5.4 Compression results

After running the pre-trained model on the test set, it became evident that, for both
operation points, only six compression modes completed successfully without gener-
ating error logs. These modes, listed in the order presented in the results files, are
tools_off-GPU, tools_off-GPU-LH, only-ResVarScale, only-ICCI, only-LSBS, and only-
ECThreads.

The test images were compressed across all available operation points, compression
methods, and target bit rates, and subsequently evaluated using the metrics described
in the previous section. The resulting metric values per image were extracted and then
averaged across bit rates using an arithmetic mean. This approach was adopted due to
the similarity among the images and the assumption that their metric values would not
differ significantly. To validate this assumption, the standard deviation was also cal-
culated. The average and standard deviation were computed using Excel’s AVERAGE
and STDEV functions, respectively.

Additionally, test image number 50 was selected for visual analysis, as it represents a
central element in the dataset while avoiding extreme cases. This image is presented
at both the lowest and highest target bit rates to provide a qualitative reference that
complements the quantitative metrics.

However, considering that there are two operation points and six compression meth-
ods, the analysis results in twelve tables of arithmetic averages, twelve tables of stan-
dard deviations, and twenty-four images representing the lowest and highest compres-
sion rates. Due to the volume of data, only one compression method for a single op-
eration point will be discussed in detail in this section, while the remaining tables and
images are provided in Annexes B through L.
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Table 5.2 presents the average values of the extracted metrics for different compressed
bitrates from 6% to 75%. It can be observed that MS-SSIM was computed using both
Torch [63], a deep learning library for Python, and the Image Quality Assessment [64 ]
(IQA) framework, which evaluates the similarity between reconstructed and original
images and is responsible for most of the metrics used in this section. This dual compu-
tation may indicate an attempt to validate the results obtained through Torch against
a direct implementation of the metric, although this remains speculative.

Even at a 6% bit rate, MS-SSIM values exceed 90%, suggesting that the reconstructed
images maintain good perceptual quality, albeit with some visible artifacts. Regarding
luminance in the YUV color space, the Peak Signal-to-Noise Ratio ranges from approx-
imately 27 dB to over 30 dB, indicating that luminance—which carries the majority of
image information—exhibits more reconstruction errors. In contrast, the chrominance
components (U and V) achieve higher PSNR values, even at lower bit rates.

VIF values, which emphasize information fidelity, indicate that higher compression
levels result in significant information loss, implying degradation of edges and po-
tential distortion or loss of important structures. However, high FSIM values suggest
that perceptually significant features are largely preserved, meaning that the overall
structure of the image remains visually intact. Similarly, NLPD values indicate a high
perceptual similarity between distorted and reference images.

IW-SSIM, another information-based metric, consistently exceeds 90% across all eval-
uated bit rates, further supporting the conclusion that major structures are preserved
while finer details are lost. VMAF provides a more detailed distinction across com-
pression levels, showing noticeable degradation at lower bit rates and only minor qual-
ity loss at higher bit rates. Finally, PSNR values adjusted to simulate the Human Vi-
sual System align with VMAF results, where lower values correspond to greater visual
degradation and values around 35 dB indicate images that appear similar to the origi-
nal, with only minor differences.

Table 5.2: Average values of metrics for Base operation point on tools off - GPU com-
pression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rates | Torch | IQA
75% 099 (099 |3151 |5443 56,19 |051(099 |0,13 0,98 |88,07 | 3549
50% 098 1098 |30,84 |57,08 |56,77 |047 099 |0,15 098 |85,70 | 33,17
25% 097 1097 |2891 |57,16 [5798 |0,39 (099 |0,20 097 |7512 |2934
12% 09 096 |2792 |56,01 |56,87 |035|098 |0,24 095 | 6644 |27,03
6% 093 1092 |2655 |5665 |[5735 |0,28 (097 |0,32 091 |4643 | 23,82
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Table 5.3 contains the Standard Deviation values of the metrics generated by JPEG Al
during the test session. Their low values across all metrics and compression levels so-
lidify the claim that since the images were extracted from the same volume, all have
low contrast and are noisy, they are similar enough that the calculated metrics don't
differ much from each other.

Table 5.3: Standard Deviation values of metrics for Base operation point on tools off -
GPU compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF FSIM | NLPD | IW- VMAEF | PSNR
Bit SSIM | SSIM | Y U A% SSIM HVS

Rates | Torch | IQA
75% 1,5e-4 | 1,5e-4 | 1,1e-1 | 1,2e-1 | 2e-1 1,8¢-3 | 6e-5 | 8,2e-4 | 6,5e-5 | 1,1e-1 | 9,6e-2
50% 2,7e-4 | 2,8e-4 | 1,1e-1 | 1,2e-1 | 1,6e-1 | 2,1e-3 | 4,6e-5 | 8,4e-4 | 1,4e-4 | 1,2e-1 | 8,7e-2
25% 2,8e-4 | 3,1e-4 | 1,3e-1 | 34e-1 | 2,5e-1 | 19e-3 | 9,9e-5 | 1,7e-3 | 2,2e-4 | 2,8e-1 | le-1

12% 3,7e-4 | 39e-4 | 14e-1 | 2,3e-1 | 3,7e-1 | 1,8e-3 | 1,3e-4 | 2,4e-3 | 4,6e-4 | 3,3e-1 | 1,1e-1
6% 1,1e-3 | 1e-3 | 1,4e-1 | 6,3e-1 | 4,8¢-1 | 1,5e-3 | 4de-4 | 3,5e-3 | 1,5e-3 | 4,6e-1 | 1,2e-1

From a quality assessment perspective, Figures 5.1 and 5.2 present two reconstructed
images for this specific combination of operation point and compression method, cor-
responding to the lowest and highest allowed bit rates, respectively. Although the dif-
ferences are subtle, certain structures, such as the boundaries between organelles and
the background, appear slightly blurred or less distinct at lower bit rates. This ob-
servation is consistent with the results indicated by visually and information-oriented
metrics such as VIF, IW-SSIM, VMAF, and PSNR-HVS.

Figure 5.1: Reconstructed image of Base operation point on tools off - GPU compression
at 6% bit rate
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Figure 5.2: Reconstructed image of Base operation point on tools off - GPU compression
at 75% bit rate

Overall, the results indicate that the pre-trained JPEG Al model achieves high fidelity
according to traditional distortion-based metrics, such as PSNR and MS-SSIM, particu-
larly when considering the individual color channels in the YUV representation. These
metrics suggest that, from both pixel-wise accuracy and structural similarity perspec-
tives, the reconstructed images remain close to the original, even at relatively high com-
pression levels.

However, the consistently lower scores observed in vision-based metrics like VIF, NLPD,
VMAF and PSNR HVS reveal a different trend: perceptual quality degrades as the bit
rate decreases, with compression artifacts and visual distortions becoming increasingly
noticeable, especially in the range from 50% down to 6% bit rate. This discrepancy
highlights the limitations of relying exclusively on conventional metrics to evaluate
perceptual quality, particularly when the model has not been specifically trained for
the target domain.

These findings suggest that, although JPEG Al effectively preserves numerical simi-
larity, perceptual degradation may still occur. This reinforces the importance of using
complementary evaluation metrics and, potentially, adapting or fine-tuning models for
domain-specific applications.
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6 COMPRESSED IMAGE SEGMENTATION

This section outlines the followed methodology to infer a previously trained

YOLOv8 model with images compressed using JPEG Al Building upon the earlier
stages of dataset preparation, model training, and compression analysis, the focus here
is to define a structured plan for evaluating how advanced learned compression affects
downstream object detection performance.

As explained in Chapter 4, the available dataset was split into three sets for YOLOvS8
manipulation, train, validation and test. The model was trained using the training set,
consisted of Multi-Plane images from the FIB-SEM volume the images were extracted
from, and performed the val task using the validation set. The test set consists of an
array of data relating to the later half of the original, unaltered images of the dataset.

In Chapter 5, JPEG Al was used to compress the images. Due to limitations in the
available code, training was not a possibility, with the test being performed on a pre-
trained version. Analysing the metrics, it was apparent that the alterations suffered by
the images were not severe enough that they would degrade them beyond not being
useful even at the lowest target bit rate, maintaining high similarity and Human Vision
System metrics.

The approach in this chapter aims to ensure consistency and fairness in the evaluation
by maintaining identical inference conditions across original and compressed images,
isolating the impact of JPEG Al compression. By applying different compression lev-
els and observing how they affect detection and segmentation behavior, this approach
helps connect model development with quantitative analysis.

Within each operation point and each compression method the reconstructed images
were grouped together. This means that across the 2 operation points and 6 compres-
sion modes all images were in one folder, difficulting automatic access and manipula-
tion. With 656 input JPEG Al images with an average of 3,3 megabytes of space usage,
the total memory occupation was 26 Gigabytes of reconstructed images alone, increas-
ing to over 200 Gigabytes when accounting for other output files. To prevent an increase
in memory usage, for each time the model would test on a given bit rate percentage it
would copy only the needed data to a designated folder where it could access the files
with the locations of the organelles, emptying the folder after each run before looping
the operation points, compression modes and target bit rates.

Since the model used was trained with square images of dimensions 512 by 512 pixels,
the same algorithm would be applied to the compressed set for the validation portion

65



Jodo Ricardo Neves Menezes de Lemos

of the testing, utilizing a full image for the prediction. The model would be configured
to validate on the test set with the compressed images. The main arguments in play
were imgsz with a value of 512, conf with a confidence threshold of 0,2 ensuring the
model would only predict if the confidence level was 20% or greater, iou with an In-
tersection over Union threshold of 0,5 to only consider predictions where the Ground
Truth covered over 50% of the prediction, and split set to "test" indicating that the func-
tion "val" would utilize the test set instead of the validation set. This function outputs
the metrics used to evaluate how the compression levels affected the models ability
do identify the organelles. Additionally, the YOLO function "predict” would predict
and display segmentation mask and bounding box of the predictions with the confi-
dence level of the prediction on the 50" image of each test set, allowing for a qualitative
analysis of the behaviour of the model.

Results

Analysing the base operation point with tools off GPU compression mode, as was the
evaluated case in Chapter 5, it is possible to analyse the metrics outputted by the appli-
cation of the trained YOLOv8 model on the compressed images. Table 6.1 contains the
mask relative Precision, Recall, mean Average Precision across 50% to 95% Intersection
over Union thresholds and the F1-Score contrasting the uncompressed images and the
compression stages of the base operation point on tools off GPU compression mode.

Table 6.1: Quantitative results from applying the segmentation model on base opera-
tion point on tools off GPU compression mode

Target Bit Rates | Precision | Recall | mAP@50 | mAP@50-95 | F1-Score
Uncompressed | 0,6822 0,7398 | 0,7257 0,5319 0,7098
75% 0,6834 0,7066 | 0,7220 0,5230 0,6948
50% 0,7036 0,6870 | 0,7156 0,5142 0,6952
25% 0,6414 0,6926 | 0,6874 0,5020 0,6660
12% 0,6152 0,6305 | 0,6309 0,4621 0,6228
6% 0,5406 0,4870 | 0,5029 0,3663 0,5124

Initially, the focus of the table resides in the high values. Precision, Recall and, as such,
F1-Score, were able to achieve mostly above average values before a general drop in
12% and 6% target bit rates. Plotting the metrics aids with a visual analysis.

The plot in Figure 6.1 provides a visual aid to the behaviour of the segmentation model
across compression rates. The metrics values remain mostly non-varying from the un-
compressed set to 25% target bit rate, before a decline to 12% and a more accentuated
decline to 6%.

Performing a class-wise evaluation on the segmentation metrics across the compression

stages of Base operation point and tools-off GPU compression mode provides more
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Normalised Segmentation Metrics in
terms of Compression Rates
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Figure 6.1: Evolution of Segmentation Metrics means for all classes with Compression
Rates

insight on the segmentation-compression relationship. Figure 6.2 showcases the four

classes’ segmentation metrics with compression rates.
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Figure 6.2: Segmentation metrics of each class according to compression stage

Mitochondria segmentation performance was lightly affected by compression, imply-

ing that the characteristics of the class are unique enough that content removed by light

compression doesn’t impede or alter the model’s results, until a spike in Precision and
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a dip in the other metrics which suggest more of the predictions are correct but less of
the ground truth is being predicted on due to the advanced compression rate.

Lysosomes’ plot is similar to Figure 6.1 with a slow descent in segmentation metrics ac-
cording to compression rate. Like in Mitochondria segmentation, Precision increases
with compression sooner, indicating that removal of non-key data is affecting the Lyso-
some by improving the True Positive/Prediction ratio.

Early-Endosomes” Recall metric increases with low compression rate unlike the other
plots, meaning more True Positives are being considered as compression increases,
lowering at high compression with the increase in Precision.

Late-Endosomes, the less common class, contains low metrics throughout compres-
sion, with Precision rapidly increasing with low compression rates and Recall is re-
duced substantially, meaning that True Positives are also reduced but less predictions
are being made with a confidence level above the threshold of 0,2 resulting in lower
False Negatives, and at 25% compression rate Precision decreases and Recall increases,
implying that True Positives are being considered justifying the Recall and more pre-
dictions being made which increase the False Negatives, lowering Precision.

From a qualitative perspective, Figure 6.3 presents the predictions made by the model
with Mitochondria in blue, Lysosomes in cyan, Early-Endosomes in white, and Late-
Endosomes in green. It can be seen that even with finer detail failing to be reconstructed
in the representation of the compressed images, the segmentation model is still able
to maintain good performance. The occasional failure to correctly or confidently de-
tect/segment one or more organelles reflects the results in Table 6.1 and Figure 6.1,
with a smooth descent into unconfident and incorrect predictions.
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7 CONCLUSION

This project investigated the impact of image compression on the performance of deep
learning-based segmentation models applied to FIB-SEM images. The study focused
on the training and evaluation of YOLOv8 models under different experimental setups,
with particular attention to dataset handling, training methodology, and inference con-
tiguration.

Initially, a detection model was developed to assess if YOLOv8 was capable of detecting
the considered organelles within the images before proceeding with the segmentation.
In the early experiments, although following standard practices such as random dataset
splitting, due to the specific data characteristics, that led to sequential image frames be-
ing spread across the training, validation, and test sets. While this setup led to good
performance, it did not reflect a realistic evaluation scenario and risked data leakage.
Recognizing this limitation, a final model was trained following a more careful experi-
mental protocol, ensuring strict separation between dataset components, exploring the
data’s volume characteristic to use more data, and providing a more reliable assessment
of generalization performance.

To evaluate the effect of compression, the images in the test set were compressed using
a pre-trained JPEG Al model. The compression process achieved high compression
ratios and favorable objective compression metrics, demonstrating the effectiveness of
the method in significantly reducing data size while maintaining overall visual quality.
This result highlights the potential of learned compression techniques for storage and
transmission of high-resolution FIB-SEM data.

The YOLOv8 model demonstrated strong robustness when applied to compressed im-
ages, maintaining high performance metrics across the evaluated target bit rates, from
the original uncompressed test set, up to 6% of the original images” raw bitrate. Al-
though a gradual decline in performance was observed as compression increased, the
degradation occurred smoothly rather than abruptly, indicating that the model re-
tained its ability to detect relevant features even under significant compression. A
class-wise observation demonstrated the differences each class possessed on the un-
compressed state and with each compression rate through the segmentation metrics
provided by the segmentation model’s validation.

Overall, these results highlight the potential of combining modern object detection
models with efficient image compression in practical scenarios where storage and trans-

mission constraints are relevant. The demonstrated robustness of YOLOV8 suggests
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that meaningful reductions in image bit rate can be achieved without severely compro-

mising detection performance. This is particularly important for applications involving

large-scale image datasets or bandwidth-limited environments, where compression is

often unavoidable. Consequently, the findings support the usage of deploying deep

learning—based detection systems on compressed imagery while maintaining reliable

performance, encouraging further exploration of compression-aware pipelines and op-

timization strategies for real-world medical and visual analysis applications.

The conclusions of this study are restricted by several limitations, such as:

The dataset consisted of images from a single scan, constraining the data split
for testing the developed segmentation model, and consequently impacting its
effective generalization capability assessment;

Annotating microscopic cells requires high technical expertise, and even trained
professionals might disagree from each other at some instances, as recognized by
N. Nesic¢ et al. [31]. Under a supervised learning setting, missing labels can lead
to missing predictions, which reflects in lower recall;

The compression was not severe for low bit rates, as objects can still be identified
easily (see Figures 5.1 and 5.2);

Segmentation metrics were normalised, not explicitly providing information on
number of predictions and correct predictions across confidence levels;

Even though more recent versions of Ultralytics were explored under a small grid
of hyper-parameters, one can never be sure that the optimal values for the hyper-
parameters have been found.

Future work should involve:

Obtaining more data;

Improve annotations/ensuring a correct ground truth;

Experiments with severe compression;

Training of a Deep Learning-Based Compression Model like JPEG Al

Design custom methods to evaluate the impact of Gaussian noise in images as
well as the confidence threshold and IoU threshold;

Better hyper-parameter tuning to find the optimal training conditions.
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Annex A - Teledyne Dalsa’s Sherlock Usage
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Figure 7.1: Example of working Sherlock for ROI information extraction
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Annex B - Compression Results for Base operation point
and tools off - GPU-LH mode

Table 7.1: Average values of metrics for Base operation point on tools off - GPU-LH
compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR

Bit SSIM | SSIM | Y U Vv SSIM HVS
Rate Torch | IQA
75 099 1099 |3151 |5444 |56,19 |050 | 1,00 |0,13 0,99 | 88,07 | 3549

50 099 099 |3085 |57,09 |56,77 |[048 1,00 |0,16 099 |8571 |3317
25 097 1097 |2892 |57,16 | 57,98 |040 0,99 |0,21 097 |7512 |29,34
12 096 |09 |27,92 |56,01 |5688 |035|099 |0,25 095 | 6645 |27,03
6 093 092 |2655 |56,65 |57,35 |0,28|097 |0,32 091 |4643 | 23,83
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Figure 7.2: Reconstructed image of Base operation point on tools off - GPU LH com-
pression at 6% bit rate

Figure 7.3: Reconstructed image of Base operation point on tools off - GPU LH com-
pression at 75% bit rate
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Annex C - Compression Results for Base operation point

and only ResVarScale mode

Table 7.2: Average values of metrics for Base operation point on only ResVarScale com-
pression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rate Torch | IQA
75 098 098 |2939 |57,14 |56,78 | 043|100 |0,17 098 |8238 |3191
50 099 1099 |3093 |57,09 |56,77 |048 |1,00 |0,15 099 |87,11 |33,79
25 097 1097 |2896 |57,09 |58,02 |040 099 |0,20 097 | 7742 | 29,66
12 09 096 |2796 |56,00 |5686 |036/|099 |0,24 096 |6928 |27,20
6 091 091 |26,10 |56,86 |57,74 |0,26 |096 |0,35 0,89 |4298 |2288
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Figure 7.4: Reconstructed image of Base operation point on only ResVarScale compres-
sion at 6% bit rate

Figure 7.5: Reconstructed image of Base operation point on only ResVarScale compres-
sion at 75% bit rate
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Annex D - Compression Results for Base operation point
and only ICCI mode

Table 7.3: Average values of metrics for Base operation point on only ICCI compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR

Bit SSIM | SSIM | Y U Vv SSIM HVS
Rate Torch | IQA
75 099 1099 |3155 |54,26 |5734 |051 (1,00 |0,13 0,99 |89,66 | 3556

50 099 |099 |3085 |57,13 |57,86 |048 1,00 |0,16 099 |8575 |3317
25 097 1097 |2891 |57,17 | 57,99 [040 099 |0,21 097 | 7542 |2934
12 096 |09 |2792 |56,60 |57,03 035|099 |0,25 095 | 66,63 |27,02
6 093 092 |2652 |57,64 | 5695 028|097 |0,33 091 | 47,60 |2375
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Figure 7.6: Reconstructed image of Base operation point on only ICCI compression at
6% bit rate

Figure 7.7: Reconstructed image of Base operation point on only ICCI compression at
75% bit rate
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Annex E - Compression Results for Base operation point
and only LSBS mode

Table 7.4: Average values of metrics for Base operation point on only LSBS compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR

Bit SSIM | SSIM | Y U Vv SSIM HVS
Rate Torch | IQA
75 098 098 |2938 |57,13 56,81 | 043 |1,00 |0,17 098 |83,78 |31,84

50 099 |099 |3082 |57,09 | 56,80 (048 1,00 |0,16 098 | 86,99 | 33,06
25 097 1097 |2888 |57,08 | 58,07 |040099 |0,21 097 |7625 |2921
12 09 |09 |27,87 |5593 |5688 |035|099 |0,25 095 | 67,13 |26,88
6 091 |09 |26,03 |56,75 |57,44 |0,26|0,96 |0,36 0,89 |41,13 |22,77
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Figure 7.8: Reconstructed image of Base operation point on only LSBS compression at
6% bit rate

Figure 7.9: Reconstructed image of Base operation point on only LSBS compression at
75% bit rate

86



Cell Segmentation in FIB-SEM Microscopy Images

Annex F - Compression Results for Base operation point
and only ECThread8 mode

Table 7.5: Average values of metrics for Base operation point on only ECThread8 com-
pression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rate Torch | IQA
75 099 (099 |3151 |5444 |56,19 | 050|100 |0,13 0,99 | 88,07 | 3549
50 099 1099 |3085 |57,09 |56,77 |048|1,00 |0,16 099 |8571 |33,17
25 097 1097 |2892 |57,16 5798 |040|099 |0,21 097 |7512 |2934
12 09 096 |2792 |56,01 |[56,88 |035|099 |0,25 095 | 6645 |27,03
6 093 1092 |2655 |5665 |5735 |0,28 (097 |0,32 091 |4643 |23,83
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Figure 7.10: Reconstructed image of Base operation point on only ECThread8 compres-
sion at 6% bit rate

Figure 7.11: Reconstructed image of Base operation point on only ECThread8 compres-
sion at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex G - Compression Results for High operation point
and tools of - GPU mode

Table 7.6: Average values of metrics for High operation point on tools off - GPU com-
pression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U \Y SSIM HVS

Rate Torch | IQA
75 09 1099 |3145 |61,28 [5959 |050/|1,00 |0,13 0,99 |88,83 |35,77
50 099 099 |3080 |6128 [5956 |048|1,00 |0,15 0,99 |8599 | 33,38
25 098 |097 2892 |60,74 |6155 [040]099 |0,21 097 |76,76 | 29,46
12 096 |09 |2793 |60,84 6050 |036]099 |0,24 0,96 | 68,61 27,08
6 093 092 |2647 |49,92 |60,18 |0,28|0,97 |0,32 091 |4944 | 23,71
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Figure 7.12: Reconstructed image of High operation point on tools off - GPU compres-
sion at 6% bit rate

Figure 7.13: Reconstructed image of Base operation point on tools off - GPU compres-
sion at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex H - Compression Results for High operation point
and tools of - GPU-LH mode

Table 7.7: Average values of metrics for High operation point on tools off - GPU-LH
compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U \Y SSIM HVS

Rate Torch | IQA
75 09 1099 |3145 |61,28 [5959 |050/|1,00 |0,13 0,99 |88,83 |35,77
50 099 099 |3080 |6128 [5956 |048|1,00 |0,15 0,99 |8599 | 33,38
25 098 |097 2892 |60,74 |6155 [040]099 |0,21 097 |76,76 | 29,46
12 096 |09 |2793 |60,84 6050 |036]099 |0,24 0,96 | 68,61 27,08
6 093 092 |2647 |49,92 |60,18 |0,28|0,97 |0,32 091 |4944 | 23,71
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Figure 7.14: Reconstructed image of High operation point on tools off - GPU LH com-
pression at 6% bit rate

Figure 7.15: Reconstructed image of High operation point on tools off - GPU LH com-
pression at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex I - Compression Results for High operation point

and only ResVarScale mode

Table 7.8: Average values of metrics for High operation point on only ResVarScale com-
pression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rate Torch | IQA
75 099 1099 |3153 |61,28 [5959 |050 (1,00 |0,13 099 |8938 |36,21
50 099 1099 |3097 |6128 [5956 |048 |1,00 |0,15 099 |8749 |34,19
25 098 1098 |2897 |6234 |6143 041|099 |0,20 097 |78,88 |2981
12 09 096 |28,01 |6086 |6054 |036|099 |0,.23 09 | 7130 |27,35
6 093 1093 |2654 |4993 |60,26 | 028|098 |0,31 091 |5225 |2385
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Figure 7.16: Reconstructed image of High operation point on only ResVarScale com-
pression at 6% bit rate

Figure 7.17: Reconstructed image of High operation point on only ResVarScale com-
pression at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex J - Compression Results for High operation point
and only ICCI mode

Table 7.9: Average values of metrics for High operation point on only ICCI compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR

Bit SSIM | SSIM | Y U Vv SSIM HVS
Rate Torch | IQA
75 099 1099 |31,44 |61,32 |61,33 |050 (1,00 |0,13 0,99 |90,22 | 35,69

50 099 1099 |3080 |6136 |6131 |048 1,00 |0,15 099 |8599 |3338
25 098 097 |2892 |6161 |6156 |040 0,99 |0,21 097 |76,77 | 2946
12 096 |09 |2795 |6037 |5959 (036|099 |0,24 09 |6842 |27,10
6 093 092 |2644 |5645 |5951 (028|097 |0,32 091 |50,26 | 23,66
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Figure 7.18: Reconstructed image of High operation point on only ICCI compression
at 6% bit rate

Figure 7.19: Reconstructed image of High operation point on only ICCI compression
at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex K - Compression Results for High operation point
and only LSBS mode

Table 7.10: Average values of metrics for High operation point on only LSBS compres-
sion

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rate Torch | IQA
75 099 1099 |3145 |61,32 [5968 |050 (1,00 |0,13 099 |9064 |3573
50 099 1099 |30,79 |61,33 [5965 |048|1,00 |0,16 099 |8744 | 33,31
25 098 1097 |2892 |6235 [61,36 | 040|099 |0,21 097 |7822 |2943
12 09 096 |2793 |60,77 |6054 |036|099 |0.24 096 | 69,84 |27,06
6 093 1092 |2646 |49,69 |60,20 |0,28 097 |0,32 091 |5025 |23,70
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Figure 7.20: Reconstructed image of High operation point on only LSBS compression
at 6% bit rate

Figure 7.21: Reconstructed image of High operation point on only LSBS compression
at 75% bit rate
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Cell Segmentation in FIB-SEM Microscopy Images

Annex L - Compression Results for High operation point
and only ECThread8 mode

Table 7.11: Average values of metrics for High operation point on only ECThread8
compression

Target | MS- | MS- | PSNR | PSNR | PSNR | VIF | FSIM | NLPD | IW- | VMAF | PSNR
Bit SSIM | SSIM | Y U Vv SSIM HVS

Rate Torch | IQA
75 099 1099 |3145 |61,28 [5959 |050 (1,00 |0,13 0,99 |88,83 |3577
50 099 1099 |30,80 |6128 [5956 |048 1,00 |0,15 099 |8599 |33,38
25 098 1097 |2892 |60,74 |61,55 |040|099 |0,21 097 |76,76 |2946
12 09 096 |2793 |6084 |6050 |036]099 |0.24 096 | 6861 |27,08
6 093 1092 |2647 |4992 |60,18 |0,28 0,97 |0,32 091 |49,44 |23,71
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Figure 7.22: Reconstructed image of High operation point on only ECThread8 com-
pression at 6% bit rate

Figure 7.23: Reconstructed image of High operation point on only ECThread8 com-
pression at 75% bit rate
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