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RESUMO

Este trabalho apresenta uma abordagem inovadora para a detecdo de objetos no
dominio comprimido, eliminando a necessidade de descompressao completa da
imagem enquanto mantém alta precisdo na detecdo. O sistema proposto, Processa-
mento de Imagens de Microscopia no Dominio Comprimido (ProMIC), integra uma
arquitetura de Tradutor de Dominio, permitindo que redes de detecao de objetos
processem diretamente representacoes no dominio comprimido. Esta abordagem
reduz significativamente os custos computacionais enquanto preserva informagoes
visuais essenciais para tarefas de detecao. O estudo também incluiu uma analise
preliminar da eficiéncia de compressao do JPEG-AI em comparac¢ido com codecs
classicos (HEVC/H.265 e VVC/H.266) em varios conjuntos de dados.

O método proposto baseia-se num modelo fundamental inspirado numa abordagem
anterior de detecdo de objetos no dominio comprimido. As principais inovagoes
neste trabalho incluem: a utilizagdo de um Bloco Residual Leve (LRB) que melhora
a extracdo de caracteristicas de representagoes do dominio comprimido, melhorando
a robustez da detecdo em diferentes taxas de compressao; um processo de Afinacéo
a partir do Dominio de Pixels (PD-FT) que melhora a adaptagdo do modelo para
processar representagoes no dominio comprimido; e uma estratégia de Treino Guiado
do Tradutor de Dominio (GDTT) que refina o Tradutor de Dominio para extrair
informacoes significativas diretamente das representagoes comprimidas, minimizando
a diferenca entre modelos de detecao de objetos nos dominios comprimido e de

pixels.

Foram conduzidas varias experiéncias para comparar o desempenho tanto do
modelo Base quanto da arquitetura proposta em relacdo a um modelo de referéncia
de detegdo de objetos que opera em imagens reconstruidas. Os resultados no conjunto
de dados Lucchi++ mostram que o ProMIC supera significativamente o modelo Base.
Notavelmente, a arquitetura proposta excede o modelo de referéncia em precisao
média média, alcangando uma melhoria de 2,31 pontos percentuais na maior taxa de
bits. Isto destaca o potencial do processamento de imagens no dominio comprimido
para capturar caracteristicas significativas que podem ser perdidas em imagens
totalmente reconstruidas. Além disso, a aplicagdo do método ProMIC reduziu a
complexidade do sistema de dete¢ao de objetos em 42,34% em comparagao com o

modelo de referéncia.

Estes resultados validam a viabilidade da detecao direta de objetos em repre-

sentacoes comprimidas, oferecendo uma alternativa computacionalmente eficiente
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as abordagens tradicionais no dominio de pixels. O sistema proposto tem aplicagoes
promissoras em processamento em tempo real, sistemas embebidos e andlise de
imagens em grande escala baseada em IA, abrindo caminho para modelos de visao

mais eficientes e escalaveis que operam diretamente no dominio comprimido.
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ABSTRACT

This work presents a novel approach to the detection of mitochondria in microscopy
images within the compressed domain, eliminating the need for full image decom-
pression while maintaining high detection accuracy. The proposed architecture,
Processing of Microscopy Images in the Compressed Domain (ProMIC), integrates
a Domain Translator architecture, enabling object detection networks to operate
directly on images’ latent representations. This approach significantly reduces com-
putational costs while preserving essential visual information for detection tasks.
The study also included a preliminary analysis of JPEG-AI compression efficiency
against classical codecs (HEVC/H.265 and VVC/H.266) across multiple datasets.

The proposed method builds upon a Base model inspired by a previous compressed-
domain object detection approach. Key innovations in this work include: the use
of a Lightweight Residual Block that enhances feature extraction from latent
representations, improving detection robustness across different compression rates;
a Pixel Domain Fine-Tuning process that enhances the Domain Adaptation of the
model; and a Guided Domain Translator Training strategy that refines the Domain
Translator to extract meaningful information directly from latent codes, minimising

the gap between compressed and pixel-domain object detection models.

Extensive experiments were conducted to compare the performance of both the
Base model and the proposed architecture against a reference object detection
model that operates on reconstructed images. Results on the Lucchi++ dataset
show that ProMIC significantly outperforms the Base model. Notably, the proposed
architecture exceeds the reference model in mean average precision, achieving a 2.31
percentage point improvement at the highest bitrate. This highlights the potential
of compressed-domain image processing to capture meaningful features that may
be lost in fully reconstructed images. Additionally, applying the ProMIC method
reduced the complexity of the object detection system by 42.34% compared to the

reference model.

These findings validate the feasibility of direct object detection in latent codes, of-
fering a computationally efficient alternative to traditional pixel-domain approaches.
The proposed framework has promising applications in real-time processing, em-
bedded systems, and large-scale Al-driven image analysis, paving the way for more

efficient and scalable vision models that operate directly in the compressed domain.
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INTRODUCTION

Image compression is the process of reducing the size of an image file, preferably
without significantly degrading its visual quality. The primary goal is to minimize the
amount of data required to represent an image, making it easier to store, transmit,
and process. Image coding is essential in various applications, including digital
photography [1], video streaming [2], medical imaging [3], and remote sensing [4]. The
growing demand for higher image resolution and quality has led to a corresponding
increase in uncompressed image sizes, leading to the need for more efficient image

coding solutions to facilitate storage and transmission [5].

Recently, learning-based image coding has emerged as a powerful alternative
to traditional image compression techniques, leveraging deep learning to achieve
superior efficiency and perceptual quality [6]. Classical image coding approaches, such
as JPEG and HEVC-based methods, rely on hand-crafted designs and modular codec
architectures. In contrast, modern learned compression models rely on autoencoders
to create approximately invertible mappings between pixel data and a quantized
latent representation. These models incorporate entropy coding, using a probabilistic
prior on the latent representation to generate a compressed bitstream compatible

with standard arithmetic coding algorithms [7].

Machine Learning (ML) algorithms have shown great effectiveness in performing
tasks in which pattern recognition plays an important role [8]. That is the case in
medicine, for example in areas such as hematology [9], [10], dermatology [11], [12],
oncology [13]-[15], ophthalmology [16], radiography [17], [18], and neurology [19], [20].
Regarding image processing, Deep Neural Network (DNN), a widely used ML type of
model, currently represent the state of the art in numerous computer vision tasks,
including high-level image understanding, such as image classification [21], semantic
segmentation [22], and face recognition [23], as well as low-level image processing
tasks, such as image denoising [24], super-resolution [25], enhancement [26], and

inpainting [27].

Given that compact representations are widely employed in state-of-the-art vision
and processing tasks, learning-based image coding offers the potential to create, for
the first time, an efficient compressed representation suitable for both human and
machine visual consumption. This concept forms the basis of the JPEG-AI standard
(ISO/IEC 6048-1, ITU-T T.840), the first international standard for image coding
based on an end-to-end learning-based approach. By leveraging DNNs, JPEG-AIT
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achieves superior rate-distortion performance and enhanced perceptual visual quality.
The primary motivation behind this new standard is to address the growing need
for efficient image compression solutions, particularly in applications where images

must be interpreted by both humans and machines [5].

Building upon the aforementioned motivation, this work proposes an object
detection framework that operates directly on the compressed domain representation
of images generated by a learning-based encoder, specifically JPEG-ATI VM 6.1.
Processing images in the compressed domain differs significantly from traditional
methods, which usually require full decompression and pixel-domain analysis to
extract content. By eliminating this step, the proposed method reduces resource

consumption, including energy, memory, and computational time.

The remainder of this document is structured as follows: Chapter 2 provides an
overview of the key concepts and technologies underlying the approach proposed
in this work, including learning-based image coding, multi-task learning, and com-
pressed domain image processing. Chapter 3 details the proposed framework for
object detection using compressed domain representations and describes the design
of the Domain Translator block, a critical component that enables the interpretation
of compressed domain information by a modified object detector. Chapter 4 presents
a comparative study of the compression efficiency of the new JPEG-AI standard
versus commonly used classical codecs, such as HEVC and VVC, in three different
microscopy image datasets. This chapter also includes an experimental evaluation
of object detection performance using the proposed methods. Finally, Chapter 5
presents the conclusions of this work and suggests directions for future research in

this domain.
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This chapter provides a detailed overview of the foundational concepts underlying
the approach proposed in this work. The content is organized into three main topics:
(1) Learning-based image coding, (2) Multi-Task Learning, and (3) Compressed

Domain Image Processing.

Section 2.1 presents an overview of significant developments in Learning-based
Image Coding and introduces the new JPEG-AI standard, which plays a central
role in this work. Section 2.2 examines Multi-Task Learning strategies in Deep
Neural Networks, which are fundamental to both the object detection algorithms
and the proposed pipeline for compressed domain-based object detection. Section 2.3
explores Compressed-Domain Image Processing, an emerging field in Deep Learning
that enables direct image analysis on compressed representations without requiring

full decompression.

Each section examines state-of-the-art methodologies, key innovations, and recent
advancements in their respective fields. Section 2.5 presents the metrics used to
evaluate both the compression efficiency and object detection performance of the
proposed models. Finally, Section 2.6 describes the datasets used in the experimental

work and details the data splits employed for training the ML models.

2.1 LEARNING-BASED IMAGE CODING

Traditional image compression techniques, such as JPEG and HEVC-based methods,
rely on predefined transform coding approaches. In contrast, learning-based tech-
niques jointly optimize the transformation and quantization processes in a unified
framework, achieving superior rate-distortion efficiency. Recent breakthroughs in
deep learning, particularly in variational autoencoders (VAEs), generative adversar-
ial networks (GANSs), and attention mechanisms, have accelerated advancements in
this area [28], [29].
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2.1.1  End-to-End Optimization of Nonlinear Transform Codes

Traditional image compression schemes rely on hand-crafted transforms, such as the
discrete cosine transform (DCT) or the wavelet transform, followed by quantization
and entropy coding. These methods, while effective, are limited in their ability to
adapt to complex image structures. In contrast, end-to-end optimization frameworks
employ deep neural networks to learn highly efficient nonlinear transformations that

better capture image features.

Early works in this area explored autoencoder-based architectures, where an
encoder network maps images to a compact latent space, followed by quantization
and entropy modeling to ensure efficient coding. The decoder then reconstructs
the image from the compressed representation, with the entire system trained to
minimize a rate-distortion objective. One notable approach is nonlinear transform
coding, introduced by Ballé et al., which employs differentiable transforms and
learned entropy models to optimize compression performance in an end-to-end

manner [30].

2.1.2  Variational Image Compression

A key innovation in learning-based image coding is variational image compression,
which employs VAEs to model the probability distribution of the latent representa-
tion. Unlike traditional coding schemes, which assume independent distributions
for transformed coefficients, VAEs leverage probabilistic models to learn complex

dependencies in image data.

Variational models introduce a prior distribution on the latent space and use
Bayesian inference to optimize compression efficiency. These models achieve state-
of-the-art rate-distortion performance by effectively capturing interdependencies
within the data. Recent works have enhanced variational compression frameworks
with hyperpriors that model spatial dependencies, improving the accuracy of entropy
estimation and reducing bits-per-pixel requirements while maintaining high visual
quality. Hyperpriors function as an additional latent representation that refines the
compression model, leading to more accurate probability estimation and improved

coding performance [7].
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2.1.3 Attention-Based and Generative Models for Image Compression

Attention mechanisms and generative models have been explored to further enhance
learned image compression. Transformer-based architectures and self-attention
mechanisms enable improved spatial adaptation, allowing networks to allocate bits
more efficiently based on image content. These models analyse global dependencies
within an image, rather than relying solely on local feature extraction, improving

compression efficiency and reconstruction quality [31].

Moreover, generative adversarial networks (GANs) have been employed to refine
the perceptual quality of reconstructed images by leveraging adversarial loss func-
tions. GAN-based approaches enhance realism in reconstructed images by minimizing
perceptual distortion, making them particularly valuable for low-bitrate applications.
Studies have shown [32] that incorporating discretized Gaussian mixture likelihoods
and attention layers in learned compression pipelines leads to superior performance
in both objective and subjective evaluations. This integration allows compression
models to better account for variations in texture, color, and structural details,

ensuring more natural-looking reconstruction [32].

2.1.4 JPEG-AI: First Learning-based Image Coding Standard

The JPEG-AT standard represents a significant milestone in the evolution of image
compression technologies. Developed by the Joint Photographic Experts Group
(JPEG) committee, JPEG-AI, ISO/IEC 6048-1 (ITU-T T.840), is the first interna-
tional standard for image coding based on an end-to-end learning-based approach.
This innovative standard leverages DNNs to achieve superior rate-distortion perfor-
mance offering enhanced perceptual visual quality. The primary motivation behind
JPEG-AI is to address the growing demand for efficient image compression solu-
tions, particularly in applications where images are consumed by both humans and

machines [5].

2.1.4.1 Key Features and Design Elements

JPEG-AI introduces several features that make it different from conventional image
coding standards. One of the most notable aspects of JPEG-AI is its ability to
generate a single-stream, compact compressed domain representation that targets
both human visualization and machine-driven tasks. This multi-task optimization
is achieved through a learning-based image coding algorithm that transforms an
image into a latent tensor, which is then compressed and transmitted. The decoder

is intended to either reconstruct the image or perform other compressed domain
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operations using the latent tensor, making JPEG-AI highly versatile. This multi-task

pipeline is illustrated in Figure 1.

The standard supports different color formats, including YUV and RGB, and
employs conditional color separation to reduce peak memory usage. This approach
allows the primary luminance component to be coded independently with a more
powerful neural network, while chrominance components leverage information from

luminance as an auxiliary input [33].

JPEG-ALI also features a multi-branch coder architecture, where neural-network-
based analysis and synthesis transforms are used to compute latent information at
the encoder and to reconstruct the image at the decoder. The standard specifies
multiple decoders with varying levels of complexity, allowing devices to choose the
decoder that best fits their computational capabilities. This flexibility ensures that
JPEG-AT can be deployed across a wide range of devices, from low-end mobile phones
to high-performance computing systems. In Figure 2, the JPEG-AI architecture for
image reconstruction with encoding and decoding options with different complexity

levels is presented.
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2.1.4.2  Progressive and Partial Decoding

One of the key functionalities of JPEG-AI is its support for progressive decoding.
The latent tensor channels are ordered such that the most important channels come
first, allowing devices with low computational capabilities to decode only a subset
of the channels for faster, lower-quality previews. This feature is particularly useful
for applications where low-latency image transmission is required, such as in social

media or live streaming [5].

Additionally, JPEG-AI supports partial picture decoding, where specific regions
of an image can be decoded independently. This is achieved through the use of
residual tiles, which correspond to rectangular portions of the image. By parsing
only the relevant residual tiles, the decoder can reconstruct specific regions of
interest without processing the entire image. This capability is especially beneficial
for applications such as virtual reality, where only a portion of the image may be

visible to the user at any given time.

2.1.4.3 Performance and Future Developments

JPEG-AT has demonstrated significant performance improvements over traditional
codecs. In terms of compression efficiency, JPEG-AI achieves up to 27% bit savings
compared to VVC/H.266, while offering much faster encoding and decoding times,
when run on GPUs [33]. The standard’s ability to maintain high perceptual quality
at low bitrates makes it particularly suitable for applications such as social media,

where images are often transmitted at low resolutions.

Looking ahead, the JPEG committee plans to extend the capabilities of JPEG-AT
to support additional computer vision and image processing tasks. Future versions
of the standard are expected to focus on enhancing the latent domain representation,
enabling tasks such as image classification and super-resolution to be performed
directly from the compressed domain. This will further reduce the computational

load typically associated with full image decoding and low-level feature extraction.

2.2 MULTI-TASK LEARNING IN DEEP NEURAL NETWORKS

Much of the research in Artificial Intelligence (AI) has focused on developing models
that solve different tasks independently, i.e. one network per task. However, much
like the human brain, which is capable of performing multiple tasks, learn with
minimal supervision, and generalise acquired skills, MTL aims to perform multiple

related tasks together, so that the knowledge gained from one task can be used to
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improve performance in other tasks, thereby increasing generalisation across all the
tasks involved [34].

Inherent relationships and correlations between different tasks can be exploited
to improve the performance of models when trained together [34]. When related
tasks share complementary information, they can improve performance and act
as regularisers for each other. MTL aims to address multiple related tasks by

simultaneously optimising the loss functions of these tasks.

MTL has several advantages over single-task approaches. First, it avoids redundant
learning of common features across tasks, significantly reducing overall resources
consumption such as energy and memory. Second, MTL can learn more general
features by averaging the inherent noisy patterns across tasks. Thirdly, it can
prioritise critical features that may be difficult to distinguish within a single task
framework. Finally, it introduces inductive biases that help mitigate the problem of

over-fitting [35].

2.2.1 Parameter Sharing Strategies

Various attempts have been carried by different authors to establish MTL tax-
onomies based on the different strategies to share resources when designing network
architectures capable to solve multiple problems. Among the most common classi-
fications are the parameter sharing techniques described by [36] and the encoder-
and decoder-focused architecture classification used by [37]. This section details
these two taxonomies, highlighting the relationships between them and presenting

some recent works that fit on these categories.

2.2.1.1  Parameter Sharing Techniques

Historically, MTL approaches using DNNs were first classified according to the
strategy used to share information within multitask challenges [38]. The methods

were then divided into two categories: hard and soft parameter sharing techniques.

HARD PARAMETER SHARING  This technique typically involves sharing some
hidden layers between all tasks, with only a few output layers dedicated to each task.
Network architectures designed using this technique typically consist of a shared

encoder that branches into task-specific heads, as illustrated in Figure 3a.

Among the most notable examples of MTL models using the hard parameter
sharing technique are UberNet and Multi-linear Relationship Networks. UberNet, a
DNN proposed by [39], simultaneously handles low-, mid-, and high-level vision tasks
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Figure 3: Hard and Soft Parameter sharing techniques [37].

by introducing techniques that facilitate the training process while using different
training sets and handling multiple tasks with a limited memory capacity. This

model features a multi-head design across different network layers.

Multi-linear relationship networks, introduced by [40], extend the concept of a
shared encoder with task-specific decoders by incorporating tensor priors that model
task-specific parameters to learn multi-linear relationships between features, classes
and tasks. This approach can mitigate the problems of negative and insufficient
knowledge transfer between tasks. However, it has the limitation that it is only

suitable for specific task sets due to its predefined architecture [41].

SOFT PARAMETER SHARING In this case, each task is assigned to its own
network with a specific architecture and settings, much like in single-task learning.
However, a feature sharing mechanism is used to manage cross-talk, where informa-
tion is transferred via skip connections between the architectures for each task [42].
This technique is illustrated in Figure 3b. Some of the most notable MTL models
that use the soft parameter sharing technique include cross-stitch networks [43],

gated multi-task networks [44], and sluice networks [45].

Cross-stitch networks, proposed in [43], manage feature sharing by introducing a
novel unit designated “cross-stitch unit”. These units learn a linear combination of
activation maps from multiple networks and propagate this combined information
to subsequent layers. This approach allows the network to generalise across multiple
tasks, mitigating overfitting and improving the performance of each task. However,
this method has two main limitations. First, the performance of the model is
significantly influenced by the relationship between the tasks chosen for joint
learning. Secondly, the optimal placement of the sharing units within the network

to maximise performance is not a simple issue. If the information required to solve
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each task is not correlated, or if it is transferred in the wrong place, this can lead
to under-sharing or even negative sharing, resulting in performance degradation for

each task compared to a single-task approach.

To address the first limitation of cross-stitch networks, [44] proposed a gating
mechanism that allows selective feature and evidence sharing across task-specific
layers. This is achieved by adding a scalar weight between each pair of tasks.
The method allows the selection of the most appropriate tasks for information
sharing and regulates the influence of each task, thus preventing negative sharing
and enhancing the contribution of beneficial tasks. Networks that implement this

mechanism are called gated multi-task networks.

To overcome the second limitation of cross-stitch networks, [45] introduced a
framework for learning multi-task architectures known as the “Sluice Network”.
This model facilitates the sharing of parameters, sub-spaces, and skip connections
between multiple neural networks, allowing specific parts of layers to be used for
different tasks. By learning to share only the most relevant components, the Sluice
Network effectively addresses the challenge of determining the optimal positions
for feature sharing within the network, and therefore improves performance across

tasks.

2.2.1.2  Parameter Sharing Focuses

With the evolution of MTL models, it became debatable whether they can be classified
solely based on the parameter-sharing technique adopted. In this context, [37]
proposed a novel taxonomy for classifying MTL approaches according to the locus
of task interactions. Based on this criterion, MTL models are categorised into either
encoder or decoder-focused architectures. These two categories will be described

upon in the next sections.

ENCODER-FOCUSED MODELS  Similar to the underlying concepts of traditional
hard parameter sharing models, encoder-focused architectures share information
only within the encoder, leaving task-specific processing to independent decoders.
Various works have adopted an ad hoc strategy by integrating an off-the-shelf
backbone network with small task-specific heads. Information sharing within the
encoder can be achieved by either hard or soft parameter sharing mechanisms. This

sharing scheme is illustrated in Figure 4a.

A notable example of this type of architecture is the 2C-Net proposed by [46].
The 2C-Net is a collaborative compression and classification network based on a
deep neural network (DNN)-based image compression model introduced by [7]. This

model exploits the information present in the compressed image representation

10
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Figure 4: Encoder and Decoder-focused architectures [37].

generated by the encoder to perform classification tasks. To achieve this goal,
a feature-analytic classifier is used to exploit the shared latent representations

generated by the standard compression model.

The compression and classification models are trained using a three-stage strategy.
First, the compression model is trained individually until it is close to convergence.
Then, the parameters of the common encoder and compression decoder modules are
fixed and the classification decoder is trained for the classification task. Finally, when
the feature-analytic classifier is close to convergence, the entire 2C-Net architecture
is jointly trained, with different weights assigned to each task to balance overall

performance.

DECODER-FOCUSED MODELS  The encoder-focused models described in the
previous section have a significant limitation: they often fail to capture multi-modal
information and task-specific differences that could be beneficial to one another. To
address this problem, recent research has explored the use of multi-task networks
to perform preliminary tasks and feed their results into a multi-modal network,
which then combines them to improve performance on another task [37]. Network
architectures that share inter-task information at the task-specific heads are referred

to as decoder-focused models. The concept of this category is illustrated in Figure 4b.

A notable example of this type of architecture is the PAD-Net proposed by [47].
As shown in Figure 5, in the PAD-Net framework, general features are extracted
by a backbone encoder and then passed through task-specific heads to generate
initial task predictions. These predictions are then combined using a multi-modal
distillation unit to produce the final predictions. It is worth noting that all the

initial auxiliary tasks are closely related to the final desired tasks, ensuring that

11
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Figure 5: PAD-Net architecture [47].

the information from them is useful for the final predictions. However, this type
of architecture only works well if the selected tasks are related, as discussed in
Section 2.2.1.1, highlighting the importance of optimal task selection when designing

multi-task systems.

2.2.2  Task Relationship-Oriented Network Architectures

The architecture design of MTL models is intricately linked with the relationships
between the selected tasks. Consequently, [35] proposed a new taxonomy that focuses
on four popular MTL embodiments and their relation to the task relationships. These
architecture categories are cascaded, parallel, interacted, and hybrid. This section
explains each one of these categories as well as how they can guide the design of

MTL networks to efficiently address a specific set of tasks.

2.2.2.1 Cascaded Networks

In the cascaded architecture, all tasks are performed sequentially, with the output of
a preceding task feeding into the sub-network of subsequent tasks. In these networks,
there is no parameter sharing between the task-specific networks. These networks
are closer to single-task approaches than other MTL models, with the key difference
being that each subsequent task is strongly dependent on the results of the previous

ones, as illustrated in Figure 6(a).

Cascaded architectures can be trained end-to-end to optimise all tasks simultane-
ously, or they can be trained in multiple stages to handle computational limitations

such as limited memory. This concept was applied by [48] to address the biomarker

12
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localisation problem by combining a Convolutional Neural Network (CNN) classifier
with a Generative Adversarial Network (GAN). In this case, the classifier and dis-
criminator process images generated by the encoder-decoder module to effectively

remove biomarkers from the input images.

2.2.2.2 Parallel Networks

In the parallel architecture, there are independent task-specific layers that learn
particular features for each one of the different tasks in parallel. It has been observed
that DNN tend to learn hierarchical image representations [49], starting with low-level
features in the early layers and progressing to high-level task-specific information
in the deeper layers. Following this trend, parallel architectures use a backbone
network to learn hierarchical encoding structures that are common to the selected

tasks, as illustrated in Figure 6(b).

It is important to note that in parallel architectures, parameter sharing occurs
only within the backbone network. This type of network is particularly suitable for
task sets that share essential knowledge relationships but differ in complexity, such
as segmentation and classification tasks. An example of this type of architecture is
the 2C-Net model described in Section 2.2.1.2.

2.2.2.3 Interacted Networks

As shown in Figure 6(c), in interacted network architectures, the task-specific sub-
networks described in Section 2.2.2.2 have a parameter-sharing mechanism that
allows information exchange between them. This type of architecture is particularly
suitable for task combinations that are are closely related, so that deep features
remain useful for improving the performance of other tasks. Typically, well-suited

task combinations include those with similar levels of complexity.

An illustrative example of interacted architectures is the multi-task segmentation
network for prostate Computed Tomography (CT) images presented by [50]. The
backbone U-Net network delineates the bladder and rectum, which are more easily

distinguishable structures in prostate CT images. At the same time, an attention

13
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sub-network is constructed to hierarchically transfer the backbone features and
adaptively learn discriminative representations for prostate bed segmentation, a
more difficult structure to identify [35]. In this case, both tasks involve segmentation,
illustrating the degree of task relatedness required to efficiently exploit the potential

of this architecture.

2.2.2.4 Hybrid Networks

This category includes all MTL models that do not fit into the three categories
described above. Hybrid architectures use at least two of the Cascaded, Parallel, or
Interacting architectural design strategies, exploiting the strengths of each. This type
of architecture may be suitable for more complex task combinations than the other
three categories. Figure 6(d) shows an example of a hybrid network architecture
using both parallel and cascaded schemes. In this example, both tasks share the
feature extractor layers while maintaining independent task specific heads, similar
to parallel networks. However, while task A depends only on the network input,

task B also depends on the result of task A, similar to cascaded networks.

An example of this architecture is proposed by [51]. This work presents a joint deep
learning model for 3D lesion segmentation and classification for interpretable COVID-
19 diagnosis. The framework consists of three sub-networks: a cross-talk feature
extractor, a 3D lesion segmentation head, and a disease diagnosis classification head.
The interaction between these three modules corresponds to the three categories
described in this section. The presence of a feature extractor and multiple heads
exemplifies a parallel interaction between tasks. At the end of the tasks, there
is a regulariser connection, which implies interactive behaviour. In addition, the
classification task not only depends on the information provided by the feature
extractor, but also requires the result of the lesion segmentation, demonstrating a

cascaded task relationship.

2.2.3  Summary

An overview of MTL models, taxonomies and classification strategies has been
presented. In order to present a global perspective, the different parameter sharing
techniques, parameter sharing focuses, and network architectures are now sum-

marised.

Parameter Sharing Techniques:

14
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e Hard Parameter Sharing: shares hidden layers across all tasks while main-

taining separate output layers for each task. Examples include UberNet and
Multi-linear Relationship Networks. This method is memory efficient but may

suffer from insufficient knowledge transfer between tasks.

e Soft Parameter Sharing: Assigns to each task a dedicated network, with in-

formation shared via connections between them. Notable models include
cross-stitch networks, gated multi-task networks, and sluice networks. This
method provides flexibility but requires careful management to avoid negative

task interactions.

Parameter Sharing Focuses:

e Encoder-Focused Models: Information is shared only within the encoder, with

separate decoders for each task. An example is the 2C-Net, which combines

compression and classification tasks using a shared encoder.

e Decoder-Focused Models: Task-specific information is shared at the decoding

stage, allowing for multi-modal integration. PAD-Net is an example that
combines predictions from multiple tasks for final output, requiring related

tasks for optimal performance.

Task Relationship-Oriented Network Architectures:

o Cascaded Networks: Tasks are processed sequentially, with each task’s output

feeding into the next. This architecture does not share parameters and is

closer to single-task approaches but with dependencies between tasks.

o Parallel Networks: Independent task-specific layers work in parallel, with

parameter sharing in the common backbone. Suitable for tasks with shared low-

level features but different complexities, like segmentation and classification.

o Interacted Networks: Task-specific networks share parameters and information

to improve performance on related tasks. This architecture is effective for
tasks with similar levels of complexity, such as a segmentation network that

uses shared features to improve results for closely related tasks.

e Hybrid Networks: Combines elements of cascaded, parallel, and interacted

architectures to handle complex task combinations. An example is a model
for COVID-19 diagnosis that integrates feature extraction, lesion segmen-
tation, and classification tasks, showing parallel, interacted, and cascaded

characteristics.
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Table 1: Literature MTL models classified into the three primary taxonomies described,
parameter sharing techniques and focus and network architectures.

Covered Tasks Parameter Sharing Nerork
Technique  Focus Architecture
SLO image generation and image classification. [52]. - - Cascaded
FNC generation and disease classification. [53]. - - Cascaded
L 1 li lassificati le f
ung nodule malignancy classification and nodule features ) ) Cascaded
characterisation. [54].
Segmentations of left atrium and atrial scars. [55] - - Cascaded
CT-volumes segmentation and synthetisation. Aortic dissection
- - Cascaded
detection. [56]
Subcutaneous and visceral fat maps prediction. [57]. Hard Encoder Parallel
Pancreas segmentation and its skeleton extraction. [58] Hard Encoder Parallel
Skin lesion detection, classification, and segmentation. [59] Hard Encoder Parallel
Classify sperm’s head, vacuole, and acrosome as either normal Hard Encoder Parallel
or abnormal. [60].
Semantic segmentation, depth estimation, and surface normal Soft Encoder Parallel
estimation on indoor images. [61].
Vertebral segmentation and landmark localization. [62]. Soft Decoder Interacted
hr S joint detecti hr S t d polarit;
Chromosome joint detection, chromosome type and polarity Soft Decoder Interacted
classification. [63].
Infarction area segmentation and quantification. [64]. Soft Decoder Interacted
L lesion s tati d ID-19 infected infected
ung lesion segmentation and COV. 9 infected or uninfecte Soft Decoder Interacted
classification. [65].
Semantic Segmentation And Change Detection. [66]. Soft Decoder Interacted

Breast Ultrasound Image Classification and Hybrid (Parallel,

Hard Encoder

Segmentation. [67]. Cascaded)
Disease Grading, lesion segmentation, and image Soft Hybrid (Cascaded,
super-resolution. [68]. Interacted)

LV cavity and Myo segmentation, full LV quantification, and Hybrid (Cascaded,

Hard Encoder

phase classification. [69] Parallel)
Vertebral localization, identification, and segmentation. [70]. Hard Encoder Hybrid (Parallel,
Cascaded)

Hepatocellular carcinoma segmentation and Hard Decoder Hybrid (Cascaded,

classification. [71]. Parallel, Interlaced)

This section elaborates on how different MTL architectures can be tailored to
specific task sets, enhancing performance and resource efficiency. In Table 1, some

recent MTL works are present and classified in terms of the discussed taxonomies.

In summary, MTL represents a compelling paradigm that exploits shared knowl-
edge across related tasks to improve the generalisation and performance of deep
neural networks. Through various architectures such as cascaded, parallel, interact-
ing, and hybrid networks, MTL optimises the learning process by exploiting shared
features and relationships inherent in different tasks. The use of parameter sharing
techniques, both hard and soft, underlines MTL’s ability to effectively manage
and distribute computational resources, resulting in reduced memory consumption
and improved learning efficiency. Encoder- and decoder-focused models, in partic-
ular, highlight the flexibility of MTL frameworks in accommodating different task

requirements and promoting cross-task synergy. Despite these advantages, MTL
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faces challenges such as negative transfer, task interference, and the complexity of
balancing shared and task-specific components, which require ongoing research and

refinement of MTL strategies.

The exploration of MTL methods reveals significant potential for advancing Al
applications, particularly in domains requiring simultaneous task processing, such as
computer vision, natural language processing, and multi-modal data analysis. Future
research directions include improving the scalability of MTL frameworks, improving
the modelling of task relationships, and developing adaptive mechanisms for dynamic
task allocation. By addressing these challenges, MTL can evolve to support more
complex and interdependent task scenarios, paving the way for more robust and
efficient AI systems capable of handling a wide range of applications with minimal
resource consumption. Overall, the integration of MTL into deep neural networks
is a promising way to achieve more intelligent, adaptive and resource-efficient Al

solutions.

2.3 COMPRESSED-DOMAIN IMAGE PROCESSING

Compressed domain image processing refers to the ability to perform image analysis
and understanding tasks directly on their compressed representations, without
the need for full decompression into the pixel domain. This approach has gained
significant attention in recent years, particularly with the advent of deep learning-
based image compression methods. Traditional image compression techniques, such
as JPEG and JPEG2000, were primarily designed for human visual perception, and
their compressed domains were not optimized for machine vision tasks. However, with
the rise of DNNs, new opportunities have emerged to integrate image compression

and computer vision tasks within a unified framework.

2.3.1 Leveraging Deep Learning for Compressed Domain Processing

The paper [72] marks a significant milestone in the exploration of compressed domain
processing. The authors propose a method where the compressed representation
of an image, generated by a DNN-based encoder, is directly fed into a modified
version of image understanding networks, such as ResNet [73] for classification
and DeepLab [74] for segmentation. The key insight is that the compressed rep-
resentation, which is typically a lower-dimensional feature map, already contains
relevant information for machine vision tasks. By avoiding the decompression step,
the method reduces both the computational complexity and the memory footprint

of the image processing pipeline.
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In [72] it is shown that image classification and segmentation from compressed
representations can be performed with comparable accuracy to traditional methods
that operate on fully decompressed images, while significantly reducing the number
of operations required. For example, their experiments show that classification
from compressed representations can achieve similar accuracy to case decompressed
images had been used, but with 1.5x to 2x fewer operations. Furthermore, the
results show that semantic segmentation from compressed representations can be
more accurate than segmentation from decompressed images, especially at aggressive
compression rates. In resume, evidence is presented for this underlying idea that
the compressed representations may capture semantic features that are beneficial

for certain vision tasks.

2.3.2  Joint Training for Compression and Vision Tasks

The concept of joint training for compression and vision tasks is also explored in [72].
This approach allows the compression network to learn features that are not only
useful for reconstructing the image but also for performing machine vision tasks.
This methodology leads to synergistic improvements in both compression quality
and task performance. For instance, [72] show that joint training can lead to better
compression quality (as measured by SSIM and MS-SSIM), as well as improved

classification and segmentation accuracy.

2.3.3 Unified Frameworks for Compression and Understanding

The authors of [75] take the idea of joint training a step further by proposing
a unified framework called CodedVision. This approach uses an eight-layer deep
residual network (ResNet) to extract compact feature maps (fMaps) from images,
which are then used for both image compression and understanding tasks, such as

classification.

The CodedVision framework consists of two main components: a Compression
Engine (CE) and a Vision Task Engine (VTE). The CE compresses the fMaps
using a scalar quantizer and entropy coding, while the VTE performs vision tasks,
such as classification, directly on the compressed fMaps. The authors demonstrate
that this approach achieves a visible improvement in compression efficiency, with
a 7.8% BD-Rate gain over the state-of-the-art HEVC intra-based image compres-
sion. Additionally, the framework allows for image classification directly on the
compressed domain, achieving reasonable accuracy without the need for full image

reconstruction.
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The CodedVision framework highlights the potential of using deep learning to
create a unified system that can simultaneously optimize for both compression and
understanding tasks. By sharing the feature extraction process between compression

and vision tasks, the system reduces redundancy and improves efficiency.

2.3.4 Shared Latent Representations for Compression and Classification

Building on the ideas presented by [72] and [75], the paper [76] further explores the
use of compressed domain representations for specific computer vision tasks, partic-
ularly material and texture recognition. The authors use the HyperMS-SSIM model,
a variant of the variational image compression with a scale hyperprior available
in [77], to generate compressed representations of images. These representations are
then fed into a modified ResNet-50 classifier, referred to as cResNet-39, which is

specifically designed to operate on the compressed domain.

The authors compare the performance of compressed domain classification with
traditional methods that operate on fully decoded images. Their results show that
the compressed domain classification achieves competitive performance in terms
of Top-1 and Top-5 accuracy, while using a smaller and less complex classification
model. This demonstrates the potential of compressed domain processing for efficient

and effective machine vision tasks.

In [46], it is introduced a versatile framework called 2C-Net, which integrates
image compression and classification within a shared deep neural network. The key
idea behind 2C-Net is to extract a shared latent representation that can be used for

both tasks, thereby reducing computational costs and improving efficiency.

The 2C-Net framework consists of four main modules:

o General Feature Extractor (GF-Extr): This module extracts a compact and
generalized latent representation that is shared between compression and

classification tasks.

» Rate Reduction (R-Red): This module reduces the bitrate of the latent repre-

sentation using a hyperprior model for efficient entropy coding.

o General Feature Application (GF-App): This module contains two branches—one
for image reconstruction and another for image classification using a feature-

analytic classifier.

o Rate-multi-Distortion Optimization (RmD-Opt): This module optimizes the
trade-off between compression ratio, reconstruction quality, and classification

accuracy.
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Figure 7: General compressed domain face detection framework [78]. The pixel domain
detector can process faces through two pathways: directly in the pixel domain
using the original image (blue block) or using a fully decoded image (green block).
The proposed compressed domain architecture [78] operates in the latent space
(red block), utilizing a bridge network that replaces the initial layers of the face
detector before applying the synthesis transform for image decoding.

The authors demonstrate that 2C-Net outperforms conventional codecs like BPG
and JPEG2000 in compression efficiency while achieving acceptable accuracy on
image classification tasks without the need for full image reconstruction. For example,
2C-Net achieves 80.4% top-1 accuracy on the Caltech101 dataset and 75.1% mAP
on the Pascal VOC 2012 dataset, which is close to the accuracy achieved in the pixel
domain. The framework also shows strong generalization capabilities, achieving

62.8% top-1 accuracy on the large-scale ImageNet dataset.

The 2C-Net framework represents a significant step forward in the integration of
image compression and classification, demonstrating that it is possible to achieve
competitive performance in both tasks within a single unified framework. By sharing
the latent representation between compression and classification, 2C-Net reduces
redundancy and improves efficiency, making it a promising approach for real-world

applications.

2.3.5 JPEG-AI Compressed Domain Face Detection

The authors of [78] present an innovative approach to perform face detection directly
in the compressed domain, leveraging the latent representation generated by the
JPEG-AI architecture. This methodology capitalises on the fact that deep learning-
based image compression inherently extracts meaningful visual features, making it
possible to conduct high-level computer vision tasks without requiring full image

reconstruction.

Traditionally, face detection models, operate in the pixel domain, requiring
computationally expensive decoding of compressed images before applying detection
algorithms. The compressed domain face detection model proposed in [78] adapts the
face detection model RetinaFace to work with JPEG-AT’s latent features. Instead of

processing decoded images, the model receives as input the feature maps produced by
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the JPEG-AI encoder’s analysis transform. A key component of this approach is the
introduction of a “bridge” network, which aligns the JPEG Al latent representation
with the feature maps expected by the RetinaFace model. By pruning the initial
convolutional layers of RetinaFace, responsible for low-level feature extraction, the
model efficiently processes compressed-domain representations without significant
loss of accuracy. The general pipeline of the compressed domain face detection

framework proposed by the authors is presented in Figure 7.

The proposed method ensures that only the essential high-level visual features
extracted during the compression process are used for face detection. This optimizes
both computational efficiency and detection accuracy, demonstrating that a well-
designed compressed domain approach can rival conventional methods without the

overhead of reconstructing the image.

Experimental evaluations demonstrate that the compressed domain RetinaFace-
based detector achieves comparable accuracy to its pixel-domain counterpart while
significantly reducing computational costs. The model is tested across various
bitrates, showing robust performance in detecting faces without the need for full

image decoding.

The evaluation consists of running the detection model on both uncompressed
and compressed domain inputs and comparing the results in terms of detection
accuracy, processing speed, and computational efficiency. The findings reveal that
while there is a slight drop in performance at extremely low bitrates, the overall
detection accuracy remains highly competitive. More importantly, the computational
savings achieved by bypassing the decoding step make the method highly suitable
for real-time and resource-constrained applications such as surveillance, mobile

vision, and cloud-based analytics.

These results highlight the potential of learning-based compression standards,
such as JPEG Al, in facilitating efficient and accurate computer vision tasks within
the compressed domain. The success of this method underscores the feasibility of
extending compressed domain processing beyond face detection to other object

detection and recognition tasks.

2.4 OBJECT DETECTION

Object detection is a fundamental task in computer vision that involves identifying
the presence and location of multiple objects of various categories within an image
or video [79]. Unlike image classification, which focuses on determining the dominant
object category in an image, object detection provides a more detailed understanding

of a scene by localizing each object instance, typically using bounding boxes [79].
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This capability is crucial for a wide range of applications, including autonomous

driving [80], surveillance [81], robotics [82], and medical imaging [83].

The field has seen significant progress, evolving from traditional methods relying
on handcrafted features to modern approaches leveraging the power of deep learn-
ing [79]. Deep learning, particularly Convolutional Neural Networks (CNNs), has
revolutionized object detection by enabling the automatic learning of complex and
hierarchical features directly from image data, leading to substantial improvements
in accuracy and efficiency [84]. This section will explore the foundational principles
of object detection and delve into the recent advancements driven by deep learning

techniques in the last years.

2.4.1 Principles of Object Detection

Object detection fundamentally involves two key sub-tasks: object localization and
object classification [79]. Object localization aims to determine the spatial extent of
each object in an image, usually by predicting bounding boxes that tightly enclose
the objects. Object classification, on the other hand, involves assigning a specific
category label to each of these localized objects. Together, these tasks provide a
comprehensive understanding of what objects are present in an image and where

they are located.

Early approaches to object detection often employed the sliding window tech-
nique [84]. This method involves systematically scanning an image with a window
of a fixed size at various locations and scales. For each window, a classifier is used
to determine if it contains an object of interest. While this method is intuitive,
it is computationally expensive due to the large number of windows that need to
be evaluated. Furthermore, selecting an appropriate window size to accommodate

objects of different scales can be challenging.

In conjunction with the sliding window approach, traditional object detection
systems relied on handcrafted feature extraction techniques to represent the visual
characteristics of objects. Two prominent examples include the Histogram of Oriented

Gradients and the Scale-Invariant Feature Transform.

The Histogram of Oriented Gradients (HOG) descriptor, introduced by Dalal
and Triggs in [85], focuses on capturing the shape and appearance of objects by
analysing the distribution of local gradient orientations. The image is divided into
small regions called cells, and for each cell, a histogram of gradient directions is
computed. These histograms are then normalized over larger spatial regions called

blocks to account for variations in illumination and contrast. The resulting HOG
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features, often used with a Support Vector Machine (SVM) classifier, proved effective
for tasks like pedestrian detection [86].

The Scale-Invariant Feature Transform (SIFT), presented by Lowe in [87], is
another influential feature extraction technique designed to detect and describe
local image features that are invariant to scale, rotation, and partially invariant to
changes in illumination and viewpoint. The SIFT algorithm identifies keypoints in
an image by finding local extrema in a scale-space representation. For each keypoint,
a descriptor is computed based on the magnitudes and orientations of gradients in
its neighbourhood. SIFT features are highly distinctive and have been widely used
for object recognition [88] and matching [89].

2.4.2  Deep Learning in Object Detection

The advent of deep learning, particularly CNNs, has brought about a paradigm
shift in object detection, leading to significant breakthroughs in accuracy and
performance [79]. CNNs have the ability to automatically learn complex features
from raw image data through their hierarchical structure, surpassing the limitations
of handcrafted features [84].

Recent advancements in deep learning-based object detection over the last five
years have largely focused on refining and developing both two-stage and one-stage

detectors, as well as exploring novel architectures [79].

Two-stage detectors, such as the R-CNN family (R-CNN, Fast R-CNN, Faster
R-CNN, and Mask R-CNN), first generate a set of region proposals and then
classify these proposals [90]. Faster R-CNN, which integrates a Region Proposal
Network (RPN) to efficiently generate candidate regions, has become a foundational
architecture for high-accuracy object detection [91]. Mask R-CNN extends Faster
R-CNN by adding a branch for instance segmentation, enabling pixel-level object
detection [92].

One-stage detectors, including YOLO (You Only Look Once) and SSD (Single
Shot Multibox Detector), aim for faster detection by performing localization and
classification in a single forward pass [90]. The YOLO family has seen continuous
improvements, with versions like YOLOv5 [93] and YOLOvS8 [94] focusing on
enhancing both speed and accuracy. SSD utilizes a set of default anchor boxes across

different feature maps to detect objects at various scales [95].

These advancements have collectively led to more accurate, faster, and more
robust object detection systems capable of handling various challenges such as

occlusions, small objects, and diverse environmental conditions [79].
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2.4.3 Object Detection in Biomedical Images

Object detection techniques have found increasing applications in the field of biomed-
ical image analysis, aiding in tasks such as disease diagnosis and the study of cellular
structures [96]. Deep learning-based object detection models are being utilized
across various medical imaging modalities, including MRI, CT scans, pathology
images, and microscopy [96], [97]. These methods help in identifying and localizing
regions of interest [98], such as lesions [99], tumors [100], and other clinically relevant

objects [101].

One specific area of focus is the detection of subcellular organelles, such as mito-
chondria, in microscopy images [83]. Mitochondria, dynamic organelles crucial for
cellular function, are often studied to understand various diseases [102]. Automated
detection and segmentation of mitochondria in microscopy images, particularly elec-
tron microscopy (EM) and fluorescence microscopy, is a challenging but important

task due to the complex shapes and dense arrangements of these organelles [103].

Several deep learning architectures have been employed for mitochondria de-
tection. Faster R-CNN has been used for detecting cellular organelles, including
mitochondria, in microscopy images [83]. However, some studies have focused on
segmentation rather than pure object detection, using architectures like U-Net
with different backbones (e.g., ResNet18) to accurately identify mitochondrial net-
works [104]. MitoSegNet, a pre-trained deep learning segmentation model, has shown
superior performance compared to traditional feature-based methods for quantifying
mitochondrial morphology in fluorescence microscopy images [102]. These advance-
ments in object detection and segmentation techniques are significantly enhancing
our ability to analyse mitochondrial morphology and function, providing valuable

insights into various biological and pathological processes [105].

2.5 METRICS

To assess the performance of the models presented in this work, metrics are needed
to evaluate both object detection performance and image compression efficiency.
The following sections present established metrics from the literature that are used

in this work to evaluate these aspects.
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Figure 8: Precision and Recall metrics defined using the Confusion Matrix values.

2.5.1 Object Detection Metrics

The assessment and benchmarking of models used in this work follow standard
practices in the field of object detection. As described by [106], the Average Precision
(AP) score is the predominant metric for measuring detection accuracy in object
detection algorithms. To understand this metric, it is essential to first establish

several fundamental object detection concepts.

2.5.1.1 Classification Metrics

To evaluate detection quality, model outputs must be classified as either correct
or incorrect using three key metrics: True Positives (TP), False Positives (FP),
and False Negatives (FN). True Positives represent the number of existing objects
correctly detected by the model. False Positives indicate the number of detections
that do not correspond to any object of interest. False Negatives count the number
of objects of interest present in the image that the model failed to detect. While
True Negatives (TN) are commonly used in classification problems, they are not
considered in object detection since there are infinite positions in an image where

objects of interest are not present.

As noted by [106], because TN is not considered in object detection evaluation,
metrics that incorporate this indicator (such as the True Positive Rate, the False
Positive Rate, and the Receiver-operating characteristic curve) are not utilized.
Instead, model classification is evaluated using Precision and Recall. As illustrated

in Figure 8, Precision represents the ratio between correctly detected objects and
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Figure 9: Image patch took from the Lucchi++ dataset [107] with three mitochondria
detection prediction examples.

all detections made by the model, effectively measuring detection accuracy. Recall,
conversely, represents the proportion of correct detections among all objects of
interest present in the image. The mathematical definitions of Precision (p) and
Recall (r) in terms of TP, FP, and FN are presented in Equations (1) and (2),

respectively.

TP
__Tr 1
P=TpiFp (1)
TP
re=—— (2)
TP + FN

2.5.1.2 Intersection Over Union

While the previous section defined metrics for assessing detection classification, it
is crucial to establish how detections are categorized as correct or incorrect. In
Figure 9, three mitochondria detection predictions are represented by bounding
boxes P1, P2, and P3, with the actual mitochondria location represented by the GT
(Ground Truth). This example raises an important question: How do we determine

which detections are correct?

The case of prediction P3 is straightforward, as it is completely removed from the
mitochondria position. However, P1 and P2 require more nuanced analysis. While
P1 almost perfectly aligns with GT, P2 partially overlaps with the mitochondria. To
objectively determine which detections should be considered correct, the Intersection

Over Unit (ToU) metric is employed.
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Figure 10: Visual representation of IoU metric.

The ToU metric quantifies the overlap between two bounding boxes relative to
their total combined area. As illustrated in Figure 10, the IoU metric is calculated
as the ratio between the overlapping area of two bounding boxes and their union
area. Mathematically IoU can be presented as in Equation (3), where D4 and Dp

represent the areas of bounding boxes A and B, respectively.

Danbe D,y Dg+0
[oU = | DauDs> AT (3)

0, DjysuDp =0

To classify detections, each prediction is compared with the GT using the IoU
metric. Detections achieving an IoU value above a predetermined threshold 7,y are
classified as correct detections and contribute to the TP count, while others are
deemed incorrect and count as FP. Any GT detections not matched with correct
predictions are counted as FN. In the example from Figure 9, the approximate IoU
values when compared with GT are: loUP1 »~ 0.75, IoUP2 ~ 0.3, and [oUP3 = 0.
The conventional 7IoU value is 0.5. Consequently, P1 is classified as a TP, while
P2 and P3 are classified as FP. For each object detection problem, users can select
the appropriate 7IoU threshold to define the confidence level required for correct

detection classification.
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Figure 11: Precision-Recall example curve of an object detection model using different class
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2.5.1.3 Awerage Precision Score

With the concepts of classification metrics and IoU established, we can now introduce
the AP score. Precision-Recall curves are one of the most common methods for assess-
ing object detection model performance, as they combine both Precision and Recall
metrics. Figure 11a presents example Precision-Recall points from a hypothetical
object detection model. Each point represents Precision and Recall values obtained
at a specific class threshold 7¢p.ss. This threshold determines which detections are
considered valid based on the model’s confidence that the detected object belongs
to the target class. In this case, Tclass establishes the required confidence level for

classifying an image patch within a bounding box as a mitochondria.

Figure 11b shows the Precision-Recall curve created from the points in Figure 11a.
The curve exhibits a zig-zag pattern that complicates analysis. To address this, the
curve is smoothed using the 11-point interpolation technique described by [106].
The first step involves filtering and interpolating the Precision-Recall curve using

the following expression:

pFiltered(r) = %a;}: {p(f‘\)} ) (4)

where p(r) represents the original Precision value at Recall value r, prigered(7)
corresponds to the filtered and interpolated Precision value at the same Recall value
r, and 7 represents any Recall value greater than r. In Figure 12a, a curve created

with the values of pgijtereq(7) is presented.

The second step samples 11 equally spaced points from the filtered curve and
creates a step curve by maintaining each value until the next point. The resulting

filtered and sampled curve is shown in Figure 12b.

The AP score is defined as the weighted average of Precision values in the Precision-

Recall curve. Following [106], this work calculates the AP score by considering
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Figure 12: Filtered and sampled Precision-Recall example curves of an object detection
model using different class thresholds 7.5 used to calculated the AP score.

the maximum precision value ppiitered () Whose Recall value exceeds r, using the
precision values from the filtered and sampled curve. These values are illustrated in

Figure 12c. Mathematically, the AP score can be defined by

AP = 2 pFiltered(TL (5)

1

NS res
where S corresponds the recall points at which ppijtereq(r) is sampled and ng
corresponds to the number of elements in S. Following [106], in this work S =
{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1}.

Since the AP score depends directly on the model’s Precision and Recall values,
which vary according to the chosen IoU threshold 7.y, different AP scores can be
obtained for different 77,y values. This work evaluates model performance using the

following AP score variations:

e AP50: Computes the AP score using a 7oy = 0.50.
e APT5: Computes the AP score using a 7oy = 0.75.

o AP: Also known as mean AP (mAP). Calculated using multiple 1,y val-
ues. Following the COCO evaluation methodology [108], this work uses 10
thresholds from 0.5 to 0.95 with 0.05 intervals.
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« APs: Computes the AP score for objects with an area lower than 322 pixels.

« APm: Computes the AP score for objects with an area greater than 322 and

lower than 962 pixels.

« API: Computes the AP score for objects with an area greater than 962 pixels.

2.5.1.4 Bjontegaard Delta-based Metrics

When comparing different compression algorithms over Bits per Pixel (bpp) ranges,
Rate-Distortion (RD) curves serve as a valuable tool [109]. These representations
illustrate the trade-off between bitrate and distortion, offering insight into the

overall performance of different encoding settings.

Two commonly used metrics for assessing the efficiency of compression algorithms
through RD curves are introduced in [110]. These metrics condense rate-distortion
performance into a single, interpretable value: the Bjontegaard Delta (BD)-Rate and
the BD-PSNR. The BD-Rate, depicted in Figure 13a, quantifies the average bitrate
difference between two encoders while maintaining the same level of distortion.

Mathematically, it is expressed as:

1 Dmax
BD-Rate = ——— f 8) - Rp(8)]ds,
Hate Diax = Dmin Y Dmin [RA( ) RB( )] (6)

where R4(6) and Rp(0) denote the bitrates of encoders A and B at a given distortion
level §. The overlap of the two RD curves is illustrated by the dashed lines in
Figure 13a, with D, and Dy, indicating the upper and lower bounds of distortion,
respectively. These values are determined as Dy, = max(min D4, min Dg) and
Dinax = min(max D4, max Dpg), with 0 acting as the integration variable. A negative
BD-Rate value signifies that encoder B is more efficient than encoder A, as it requires

a lower bitrate to achieve the same quality.

Similarly, BD-PSNR, shown in Figure 13b, measures the average difference in
quality, expressed in Peak Signal-to-Noise Ratio (PSNR), between two RD curves at

the same bitrate. It is defined as:

1 Rmax
BD-PSNR = ————— fR [Da(r) - Dp(r)]dr, (7)

where D 4(r) and Dp(r) represent the distortion values of encoders A and B at
a given bitrate r. A positive BD-PSNR value indicates that encoder A delivers

superior quality compared to encoder B for the same bitrate, whereas a negative

value suggests the opposite.

Beyond BD-Rate and BD-PSNR, additional BD-based metrics have been intro-
duced. In [111], the BD-Top-1 metric was proposed to evaluate model efficiency

using Rate-Performance curves. Likewise, [112] introduced BD-based metrics to
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Figure 13: Rate-distortion comparison of two codecs using (a) BD-Rate and (b) BD-PSNR.

The curves depict the distortion, D, in PSNR as a function of bitrate, R, where
the reference codec is in blue and the evaluated codec in red.

assess bitrate savings for different quality indicators, including PSNR, VMAF,
and MOS. Building on these methodologies, this work introduces new BD-based
metrics specifically tailored for evaluating detection algorithms under various image

compression scenarios.

Following the same rationale, for object detection models, the BD-AP metric
and its variants—BD-AP50, BD-AP75, BD-APs, BD-APm, and BD-API are herein
introduced to quantify the average difference in AP score across different bitrates.

BD-AP is formulated as:

BD-AP = m fmm i APA(T) —APB(T‘)]dT, (8)

where APA and APB denote the AP scores achieved by detection models when
processing images compressed by algorithms A and B, respectively. Similarly, the

BD-based metrics for different AP variations are defined as:

Rmax
BD-AP50:;R [ [AP504(r) -~ APSOR (1) Jdr, )
ax — {lmin min

BD-APT5 = ————— f [AP754(r) - APT55(r)]dr, (10)
R

BD-APs = ———— — R f [APsa(r) - APsg(r)]dr (11)
Rm

BD—APm— APmA(r) APmp(r)]dr (12)

max len Rmm

R
BD-API — Rmm f [APL4(r) - APly(r)]dr (13)
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where the notation follows that of the standard AP metric variations. These BD-
based metrics provide a more comprehensive evaluation of detection models’ perfor-

mance on given operational range (compression level/condition, in the case).

2.5.2  Visual Quality Metrics

To evaluate compression efficiency, objective quality assessment metrics are necessary
for comparing compressed images with their original versions at specific target
bitrates. This work primarily utilizes the learning-based image codec JPEG-AT VM
6.1, which compresses input images at five default target bitrates: 0.12 bpp, 0.25 bpp,
0.50 bpp, 0.75 bpp, and 1.00 bpp. To benchmark JPEG-AT’s compression efficiency
against other codecs, VVC and HEVC were also employed using quantization

parameters (QPs) that achieve comparable target bitrates.

The “JPEG Al Common Training and Test Conditions” document [113] spec-
ifies seven objective quality evaluation metrics for assessing compression per-
formance: 0.12 bpp, 0.25 bpp, 0.50 bpp, 0.75 bpp, and 1.00 bpp. The refer-
ence implementation for all objective quality assessment metrics is available at:
https://gitlab.com/wgl/jpeg-ai/jpeg-ai-qaf. The following sections introduce each

of these metrics in detail.

2.5.2.1 Multi-Scale Structural Similarity

Multi-Scale Structural SIMilarity (MS-SSIM) [114] is a leading image quality evalu-
ation algorithm that computes relative quality scores by comparing details across
multiple resolutions, making it particularly effective for learning-based image codecs.
Compared to single-scale metrics such as SSIM, MS-SSIM offers greater flexibility
by accounting for variations in image resolution and viewing conditions. The metric
employs an image synthesis-based approach to calibrate parameters that weight
the relative importance of different scales. Higher MS-SSIM scores indicate better

image quality.

Mathematically, the MS-SSIM index extends the single-scale SSIM by incorporat-
ing multiple levels of image resolution. Given two image signals X and Y, MS-SSIM

is computed as:

MS-SSIM(X,Y) = [1y (X, Y)]* lMI [ (X P [s5(X )], (14)

J=1
where:

o [y (X,Y) is the luminance comparison function at the coarsest scale M,
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e ¢j(X,Y) and s;(X,Y) are the contrast and structure comparison functions

at scale j,

e ayr, B, and 7, are parameters that control the relative importance of lumi-

nance, contrast, and structure across different scales.

The individual comparison functions are defined as:

2uxpy +Ch

ZX,Y = )
( ) M§<+M§/+Cl

20‘Xo'y + 02

2

X,Y)=—F—7Z7—"7F——
o(X,Y) 0%+l +Cy’

(16)

ny+03

s(X,Y) = (17)

oxoy + Cg ’
where ux and py are the mean intensities, ag( and 052, are the variances, and
oxy is the covariance of images X and Y. The constants C7,Cs, and C5 are small

stabilizing factors.

To compute MS-SSIM, the input images undergo successive low-pass filtering
and downsampling by a factor of 2 at each iteration, producing multiple resolution
levels. The final quality score is obtained by aggregating the SSIM components

across these scales, providing a more comprehensive assessment of image fidelity.

2.5.2.2  Information Content Weighted Structural Similarity Measure

Information Content Weighted Structural Similarity Measure (IW-SSIM) [115]
enhances the structural similarity index through information content weighted
pooling. This metric operates on the principle that natural image viewing should
employ perceptual weights proportional to local information content. It utilizes
advanced statistical models of natural images to derive optimal weights, which
are then combined with multi-scale structural similarity measures. This approach
achieves superior correlation performance with subjective scores from established

databases.

Mathematically, the IW-SSIM measure is defined as follows. Given two correspond-
ing i*" local image patches at the j' scale from the reference and distorted images,
denoted as X;; and Y; ;, the 4 scale Information Content Weighted multiscale

structural similarity index (IW-SSIM;) is computed as:

> wi (X g, Yij)s(Xij,Yi )

20 Wij

TW-SSIM; (X;,Y;) =
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forj=1,...,M -1, and

1
IW-SSIM; (X 5, Yi;) = N Y U(Xij,Yig)e(Xig, Yig)s(Xij, Yig) (19)
J 1

where [(X; ;,Y: ), ¢(X; 5,Yi;), and s(X, ;,Y; ;) are defined in Equations (15) to (17),

respectively.

The local information content weight at a spatial location ¢ and scale j is defined

as:

2 2 2
wm:10g(1+U—§)+log(1+a—§)—log(1+UX2Y) (20)
o o o

n n n

where U?L represents the variance of the perceptual noise model. The final overall

IW-SSIM measure is computed as:

TW-SSIM(X,Y) = ﬁ (IW-SSIM; (X, Y;))™ (21)

7j=1
where (3; values were obtained through psychovisual experiments, and M represents

the number of scales used in the multi-scale SSIM framework.

This formulation ensures that regions with higher information content contribute
more significantly to the overall image quality assessment, aligning the metric more

closely with human visual perception.

2.5.2.3  Video Multimethod Assessment Fusion

Video Multimethod Assessment Fusion (VMAF) [116], developed by Netflix, specifi-
cally targets artifacts created by compression and rescaling. The metric estimates
quality scores by combining multiple quality assessment algorithms using a support
vector machine (SVM). Although primarily designed for video assessment, VMAF
version 2.2.1 has demonstrated effective performance in evaluating single images,
particularly with learning-based image codecs. The metric requires input images
in YUV colour space format; consequently, PNG images (RGB colour space) are
converted to YUV 4:4:4 10-bit format using FFMPEG (BT.709 primaries). Higher

VMAF scores indicate superior image quality.

Mathematically, the VMAF score is computed as follows. Let X denote a reference
video and Y denote a distorted video. VMAF employs a set of n elementary quality
metrics, denoted as M;(X,Y") for i = 1,2,...,n, where each metric captures different

aspects of perceptual quality. These include:

o Visual Information Fidelity (VIF)

o Detail Loss Metric (DLM)
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o Motion feature (temporal difference between adjacent frames)

The final VMAF score S(X,Y') is obtained by applying a trained Support Vector
Machine (SVM) regression model:

S(X,Y)=wIM(X,Y)+b, (22)

where M(X,Y) = [My(X,Y), Ma(X,Y),..., M,(X,Y)]? is the feature vector of
elementary metrics, w = [wy,wa, ..., wy,]’ represents the learned weights assigned

to each metric, and b is the bias term.

The weights w and bias b are optimized by training on subjective quality scores
obtained from human opinion studies, such as those conducted on the NFLX Video
Dataset. The optimization follows the standard formulation of SVM regression, min-
imizing the error between predicted scores and subjective scores while maintaining

generalization.

By leveraging multiple quality metrics and fusing them intelligently using machine
learning, VMAF aims to provide a more robust and accurate assessment of video

quality, closely aligning with human perception.

2.5.2.4  Visual Information Fidelity

Visual Information Fidelity (VIF) [117] quantifies the loss of human-perceived
information during degradation processes such as image compression. Operating in
the wavelet domain, VIF leverages natural scene statistics to evaluate information
fidelity and relates to the Shannon mutual information between the degraded
and original pristine images. Experimental results demonstrate strong correlation
between VIF metric values and human perception, including for learning-based

image codecs. Higher VIF scores indicate better image quality.

Mathematically, VIF is defined as the ratio of mutual information retained in the
distorted image relative to the reference image. Given a reference image modeled
as a stochastic source, let I(C;E) denote the mutual information between the
reference image signal C and the output of the human visual system (HVS) channel
E. Similarly, let I(C;F) represent the mutual information between C and the
corresponding degraded image F processed through the HVS channel. The VIF

metric is then given by:

_ X 1(Cji Fy)
X, 1(Cj Ej)

where the summation is performed over different wavelet subbands j. Higher VIF

VIF (23)

values indicate better image quality, as more information from the reference image
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is retained in the distorted version. Experimental results demonstrate a strong

correlation between VIF metric values and human perception.

2.5.2.5 PSNR-HVS-M

PSNR-HVS-M [118] is an efficient quality model based on the human visual system
(HVS) that utilizes Discrete Cosine Transform (DCT) basis functions. The model
processes images in 8x8 pixel blocks, incorporating both the contrast sensitivity

function (CSF) [119] and between-coefficient contrast masking.

For an image block, the weighted energy of DCT coefficients is computed as:

7 7
Ey(X) =% CyX;, (24)
i=0j=0

where Xj; is the DCT coefficient at position (4,5), and Cj; is a correcting factor
derived from the CSF.

The masking effect for an image block D is then given by:

E,(D)-4(D)

En(D) = 16 ’

(25)
where 0(D) accounts for local variance adjustment based on surrounding blocks.

To incorporate contrast masking into PSNR computation, the visible difference
between DCT coefficients of the original and distorted image blocks, X, and Xy, is

determined as:

0, ifi=7=0,
L — . Ci 'Emax
AXij =1 Xeij = Xauj, if [Xeij = Xaijl < =57, (26)
Ci 'Emax .
KXejij—Xajij——4g;— otherwise,

where Eyax = max(E,,(X.), Emn(Xg)) represents the maximum masking effect.

Finally, PSNR-HVS-M is computed similarly to PSNR but using a modified Mean
Squared Error (MSE) that accounts for contrast masking and CSF:

MSEg
where MSEg is the MSE adjusted for HVS characteristics.

2552
PSNR-HVS-M = 10log;, , (27)

This modification improves correlation with human perception by more accurately

modeling perceptual distortions in image quality assessment.
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2.5.2.6 Normalized Laplacian Pyramid

The Normalized Laplacian Pyramid (NLPD) [120] metric addresses two key aspects
of the human visual system: local luminance subtraction and local contrast gain
control. The metric employs Laplacian pyramid decomposition, where each image x

is subjected to local mean removal, followed by local gain control.

First, at each scale k, a local mean estimate fr () is subtracted from each pixel

x;, yielding the intermediate representation:

zi =~ frL(zn) (28)

where x denotes the local neighborhood of x;.

Next, a contrast normalization step is performed by dividing each coefficient by a

local amplitude estimate fo(zn):

2

Yi= 7~ 29
fe(zn) 29)
where the local amplitude is computed as:
k k), _(k
FE(zn) = oW+ 3 pP ) (30)

JeN

where pgk) are scale-dependent weights optimized for statistical independence, and

o(%) ensures numerical stability by preventing division by zero.
The quality assessment is then performed in this transformed domain by comput-
ing the root mean squared error (RMSE) between the distorted (gj(k)) and reference

(y™*)) images:

=2

1 .
ly™ = 5™z (31)

D(z,%) =
1 Ns(k)

1
Nk

ﬁ

where N, S(k) is the number of coeflicients at scale k. This formulation ensures that
lower NLPD scores correspond to better image quality, as it measures the perceptual

distortion in the normalized Laplacian domain.

2.5.2.7 Feature Similarity

The Feature Similarity (FSIM) metric [121] evaluates image quality by analyzing
two complementary low-level features that reflect distinct aspects of the human

visual system:

1. Phase Congruency (PC): A dimensionless feature that captures the significance

of local structure;
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2. Gradient Magnitude (GM): A feature that accounts for contrast information.

Phase congruency is a contrast-invariant measure of local structure. It is based
on the principle that perceptually significant image features occur at points where
different frequency components of an image are maximally in phase. The phase

congruency at a pixel x is computed as:

PO =g h@) e

(32)
where:

o E,(z) is the local energy at scale n,

o A,(x) is the amplitude at scale n,

e ¢ is a small constant to avoid division by zero.

The local energy is given by:

En(x) = VFj(2) + Hi () (33)

where F,,(z) and H,(x) are the responses of even-symmetric (cosine) and odd-
symmetric (sine) wavelets (such as log-Gabor filters) at scale n. The amplitude

A, (x) is computed as:

An(z) =V F}(z) + Hi () (34)
To ensure accurate feature localization, the 2D phase congruency map is computed

by applying filters at multiple orientations and combining the results.

Gradient magnitude is used to capture contrast variations in an image. It is

computed as:

OIN®  (0I)?
= (27 +(2) .
(2) J =) G, (3)
where % and % are the horizontal and vertical gradients, respectively. These
z Y

gradients can be obtained using Sobel, Prewitt, or Scharr operators.

Given a reference image I, and a distorted image I, let PC,(x) and PCy(x)
represent their respective phase congruency maps at pixel z, and GM,(z) and
G M (x) their gradient magnitude maps. The similarity functions for PC and GM

are defined as:

2PC,(z)PCy(x) +Th
PC2(x)+ PC3(x)+Th

Spo(z) =
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QGMT(.ZE)GMd(LU) + T2
S, = 37
av(®) = Gar(n) + GM3(x) + T (37)
where 77 and T» are small positive constants to improve numerical stability.
The overall similarity at each pixel is computed as:
S(x) = Spc(x)* - Sau(2)” (38)

where o and 3 control the relative importance of the two features, often set to 1

for simplicity.

To obtain the final FSIM score, a weighted pooling approach is used, employing

PC as a weighting function:

>, S(x) -max(PC,(z), PCy(x))

FSIM = Y, max(PC,(z), PCy(z))

(39)

This work employs the color version of FSIM (FSIM ), which extends FSIM by
incorporating chromatic information. Higher FSIM values indicate better perceptual

image quality.

2.6 DATASETS

This study utilized three distinct electron microscopy image datasets. The first
dataset, Lucchi++, introduced in [107], is derived from the EPFL Hippocampus
dataset, as described in [122]. This dataset consist of images that were taken from
a 5 x b x5 um section of the hippocampus of mouse brain using a focused ion beam
scanning electron microscopy (FIB-SEM) technique. The Lucchi++ dataset consists
of two stacks from the EPFL Hippocampus dataset, each comprising 165 images
with a resolution of 1024 x 768 pixels. These stacks are commonly employed as
separate training and testing sets for evaluating mitochondria detection algorithms.
In this study, 24.25% of the training stack was employed as validation set. The
detailed dataset split is shown in Table 9 of Appendix A. To enhance the consistency
of mitochondria membrane annotations and address any misclassifications in the

ground truth labels, the dataset underwent a rigorous re-annotation process.

Initially, a senior biologist manually corrected mitochondria membrane anno-
tations using in-house annotation software. Subsequently, two neuroscientists in-
dependently reviewed the corrected annotations to assess membrane consistency.

Discrepancies between the reviewers were resolved by the biologist, who refined the
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Table 2: Dataset bounding box size distribution for each image set of the Lucchi++ dataset.

ot Bounding Box Size Distribution

Small Medium Large

Training 190 (9.11%) 1649 (79.01%) 248 (11.88%)
Validation 60 (8.70%) 545 (78.98%) 85 (12.32%)
Test 175 (6.44%) 2186 (80.52%) 354 (13.04%)

annotations until consensus was achieved. The biologist’s annotations were highly

precise, requiring only minimal adjustments after the neuroscientists’ review.

To address misclassifications, the biologist meticulously examined each image slice
within the two Hippocampus stacks for missing or incorrectly labeled mitochondria.
These corrections were again reviewed by the neuroscientists, ensuring agreement.
In certain instances, identifying structures as partial mitochondria necessitated
examining adjacent sections within the image stacks. Figure 14 shows examples of

the images taken from this dataset with the annotated mitochondria.

In order to perform object detection, it is necessary to have bounding boxes
around each of the objects of interest. For the Lucchi++ dataset, the annotations
consist of binary masks indicating mitochondria presence. To adapt them to the
detection task, it is necessary to create bounding boxes around the objects in the
mask. However, in [123], the author noticed that the masks of some mitochondria
were connected by a few pixels, creating a single object that generates a single
bounding box for two different mitochondria. This issue was addressed by the author,
who increased the number of annotated mitochondria by 2.9% for the Lucchi++
dataset. These corrected annotations were used in this work for training the object

detection models.

In this study, as a proof of concept, the proposed method was applied only
to the Lucchi++ dataset. This dataset was chosen due to its smaller image size
compared to others, which reduces memory requirements for training, enables
parallelization, and shortens training time. To analyse the performance the object
detection models presented in this study in terms of the object detection metrics
presented in Section 2.5, it is necessary to classify the bounding boxes by its size. In
Table 2 the classification of the bounding boxes of each set in the Lucchi++ dataset

is presented.

The second dataset used in this study is referred to as Kasthuri++ [107], which
comprises two adjacent volumes designated for training and testing. The training
stack images were randomly split in 85% and 15% to create the training and

validation sets. The training stack consists of 85 images, each with dimensions of
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Figure 15: Random samples taken from the Kasthuri++ Dataset [107] with annotated
mitochondria.

1463 x 1613, while the test stack includes 75 images with dimensions of 1334 x 1553

pixels. Both stacks have a resolution of 3 x 3 x 30 nm per voxel.

The Kasthuri++ dataset was derived from the 3-cylinder mouse cortex volume
described in [124]. It represents dense mammalian neuropil from layers 4 and 5
of the S1 primary somatosensory cortex, imaged using serial section electron mi-
croscopy (ssEM). As with the Lucchi++ dataset, inconsistencies in the mitochondria
segmentation masks, particularly in membrane annotations, were identified. To
address these issues, the authors engaged experts to re-annotate two neighboring
sub-volumes following the same methodology employed for the Lucchi++ dataset.
Figure 15 shows examples of the images taken from this dataset with the annotated

mitochondria.

The Fast-EM dataset [125], hereafter referred to as Delmic, was provided by
Delmic company through a collaborative research initiative with the Multimedia
Signal Processing Group at Instituto de Telecomunicagoes - Leiria Branch. This

collection consists of 21 high-resolution images, each measuring 6400 x 6400 pix-
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Figure 16: Random samples taken from the Delmic Dataset [125] with annotated mitochon-
dria using a different colour for each class.

els, complemented by manually generated segmentation masks that identify two
categories of mitochondria: healthy and swollen. The images were captured using
the Fast-EM technique, which employs parallel scanning with 64 electron beams
to enable high-throughput imaging of larger electron microscopy samples than

conventional methods would allow.

Despite its efficiency in acquisition speed, the Fast-EM approach produces a
distinctive grid pattern in the resultant images, with each square corresponding to
a different beam or lens in the system. The technical specifications of the Fast-EM
implementation include a square 8 x 8 multiprobe arrangement totalling 64 beams,
4 nm pixel size, 3.2 ym beamlet pitch, a field of view measuring 25.6 pm x 25.6 ym
across all 64 beams, and a typical substrate dimension of 14 mm x 14 mm. Figure
16 illustrates a sample image from the dataset with various mitochondria segmented

and colour-coded according to their classification.
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REPRESENTATION IN THE COMPRESSED DOMAIN

This chapter proposes the Processing of Microscopy Images in the Compressed
Domain (ProMIC) architecture, an object detection system that operates on the
compressed domain representation of images generated by a learning-based encoder.
Processing these representations differs significantly from processing those obtained
through classical approaches, from which, extracting information about image
content almost always requires decompressing the image and analysing it in the pixel
domain. This process decreases resource consumption, including energy, memory,

and time.

In the following sections, a detailed explanation of the proposed architecture is
provided. This chapter also discusses the design process of the Domain Translator
block, an essential part of the proposed framework that enables the translation of
information contained in the compressed domain representation to be used by a
modified object detector. This chapter is structured as follows: Section 3.1 presents
the proposed architecture in detail, including the learning-based image codec used
to obtain the compressed domain representations, as well as the object detector
adopted and its modifications to process the latent code. Section 3.2 discusses the
design process of the Domain Translator block, including the rationale behind each
layer’s selection. Finally, Section 3.3 presents the adopted training strategy for

model fitting.

3.1 PROPOSED ARCHITECTURE

The architecture of the proposed object detection model that operates on compressed
domain representations is presented in Figure 17. This model is built upon a generic
learning-based image codec, as described in Section 2.1. The choice of a learning-
based codec is motivated by its representation format, which projects the image
into a feature space that contains all essential information about the image and
from which it is possible to directly extract all the information needed by the object

detector to localise the objects of interest.

This work proposes feeding the image representation from the learning-based

image codec’s feature space directly into a learning-based object detector. This
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Figure 17: Proposed compressed-domain object detection architecture.

approach aims to perform detection directly on the latent representation of the
image, bypassing the decompression process and thereby conserving resources such

as memory, energy, and time.

However, the object detection model cannot directly process the latent represen-
tation generated by the learning-based image codec. This limitation arises from the
fact that the feature space created by the codec differs fundamentally from that
used by the object detection model, both in dimensions and in the semantic meaning
of its component values. To address this challenge, inspired by the work of [78], we
propose using a Domain Translator block that projects the codec-generated latent

representation into the feature space used by the learning-based object detector.

3.1.1 Learning-based Image Codec

The proposed object detection pipeline requires selecting a learning-based image
codec to obtain the latent representations of images. This work uses the ISO/IEC
6048-1 (ITU-T T.840) standard for a learning-based image coding system known
as JPEG-AI [126]. This system was chosen due to these organizations’ and related
researchers’ efforts to develop a single representation suitable for both human
visualization (image reconstruction) and machine consumption (image processing,
object detection, classification, etc.) [5], as well as its state-of-the-art performance

in terms of perception metrics, such as MS-SSIM.

Figure 18 shows the general architecture of the JPEG-AI learning-based image
codec. The quantized latent image representation () from the Latent Prediction
block is not directly included in the JPEG-AT bitstream. Instead, the bitstream
contains two elements encoded by the Arithmetic Encoder (AE): the quantized
entropy information (£) and the quantized prediction residue (7). To recover §, the
decoder first uses £ to generate a prediction of §j, then applies the residue 7 to

complete the reconstruction without loss.
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Figure 18: General JPEG-AI architecture. y: latent image representation; 2: quantized
entropy information of y; 7: quantized residue of y prediction; o: # entropy
information; §: quantized latent image representation; AE: Arithmetic Encoder;
AD: Arithmetic Decoder; stream-z: bitstream of encoded 2, which is transmitted
by the JPEG-AI codec; stream-r: bitstream of encoded #, which is transmitted
by the JPEG-AI codec; [33].
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This process is important for understanding why compressed domain object
detection cannot operate directly on the JPEG-AI bitstream. As Figure 17 illustrates,
the object detection head requires the latent representation {j, not the encoded
entropy information or residue found in the bitstream. Therefore, before object
detection can occur, components of the JPEG-AI decoder (specifically the entropy
decoder and latent predictor) must first process the bitstream to reconstruct the

compressed domain representation .

Although not explicitly shown in Figure 18, §j contains two latent representations:
one for the luminance component (7y) and another for the corresponding chromi-
nances (guv). Both representations are necessary for proper image reconstruction.
The JPEG-AI codec employs distinct networks for luminance and chrominance
components. Figure 19 illustrates the synthesis transformation separation between
these components. Notably, the luminance branch depends solely on the luminance
component’s latent representation 7y, while the chrominance branch requires both

luminance and chrominance latent representations.

Since microscopy images are mono-channel, all image information is contained

within the luminance component. This allows discarding the chrominance compo-
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nents and processing only the luminance component’s latent representation, 7y,

thereby simplifying the Domain Translator block and reducing memory consumption.

3.1.2  Learning-based Object Detector

Various learning-based object detection models exist, each designed for specific tasks
and operating conditions. However, most state-of-the-art object detection models
share a common architectural strategy: analyzing input images using a feature
extraction network (commonly called a backbone) and processing the extracted
features through specific modules to determine object locations. This architecture
type integrates seamlessly with the proposed architecture presented in Figure 17,
requiring only minimal modifications to the backbone to extract information from

the latent representation rather than the original image.

This work employs the Detectron?2 framework [127] as its object detector model, an
upgraded version of the Detectron [128] model released by Facebook AI Research in
October 2019. Detectron2 supports both object detection and instance segmentation

tasks and comprises four main components [129]:
1. the backbone, which extracts features from the input image;

2. the neck, which combines features at different scales from the backbone to
create a Multiscale Feature Pyramid, useful for detecting objects at various

scales;

3. the Region Proposal Network (RPN), which generates 1000 bounding box

proposals indicating potential object locations with different confidence scores;

4. the Box Head, which processes, improves, and filters the RPN-generated
proposals, outputting up to 100 high-confidence bounding boxes.

Figure 20 presents the general architecture of Detectron2, with the input path for

images represented by a dashed line.

The choice of Detectron2 as the object detection model was influenced by the
study in [78], which examined modifications to RetinaNet’s ResNet-50 backbone
for compressed domain processing. Detectron?2 also uses ResNet-50 as its back-
bone network and shares a similar architecture with RetinaNet, facilitating result

comparison.

To enable processing compressed domain image representations, certain backbone
blocks designed for pixel domain processing must be removed and replaced with a
Domain Translator. While this modification can be implemented at different points
in the backbone, it must ensure that all outputs required by the Neck to create the

Multiscale Feature Pyramid are preserved. Following the approach described in [78],
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Figure 20: General Detectron2 Architecture with modifications for latent representation
processing. Solid line: Inference path; Dashed line: Image input path.

which showed that the optimal cutting point in ResNet-50 is at the end of Stage 2,
the architecture herein proposed involves removing stages 1 and 2 of Detectron2’s
backbone, replacing them with a Domain Translator. Figure 20 illustrates the

modified Detectron2 Architecture adapted for latent representation processing.

3.2 DOMAIN TRANSLATOR

In the proposed architecture, the latent representation of the input image must be
projected onto the feature space of the pruned detector to extract all features needed
by the specific modules, as explained in Section 3.1.2. To accomplish this, the use of
a Domain Translator block is proposed, which translates the latent representation
from the learning-based codec’s compressed domain to the pruned detector’s feature

domain.

The design of an ideal Domain Translator must satisfy a single primary constraint:
providing the pruned detector with the same input it would receive when processing

an original image. This constraint can be divided into two sub-constraints:

1. The pruned detector’s input must maintain identical dimensions whether

processing the latent representation or the original image.

2. The information present in the pruned detector’s input must be equivalent

whether extracted from the image or the latent representation.

Addressing the first sub-constraint requires designing the Domain Translator

specifically for each learning-based image codec and object detector pair. This
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Figure 21: Architecture of the proposed Domain Translator. LRB: Lightweight Residual
Block; BN: Batch Normalisation layer; TConv: Transposed Convolutional layer;
ReLU: Rectified Linear Unit layer; H: Original Image height; W: Original Image
width; Purple colour block: Upsampling block.

specificity is necessary because the Domain Translator must handle the unique
requirements of each codec and detector to make their feature space dimensions
compatible. For the specific pair used in this work—JPEG-AI and Detectron2—the
dimensions of each feature space are indicated in Figure 20 at the Domain Translator
input and Stage 3. The compressed domain representations have dimensions of
H/16 x W /16 x 160, where H and W represent the original image height and width,
respectively, while the Detectron2’s feature space dimensions are H /4 x W [4 x 256.

The JPEG-AI analysis transform spatially downscales images by a factor of
16, while Stages 1 and 2 downscale by a factor of 4. Therefore, to equalize the
spatial dimensions between the Domain Translator and Stage 2 outputs, the Domain
Translator must upscale the latent representations’ spatial dimensions by a factor
of 4. In the channel (third) dimension, while Stages 1 and 2 increase the number of
channels from 3 to 256, the Domain Translator must transform the input from 160

channels to achieve the same 256-channel output.

In Figure 21, the architecture of the proposed Domain Translator that fulfills the
requirements of both sub-constraints is presented. Inspired by the design proposed
in [78], the Domain Translator comprises three stages, a pre-processing stage that
employs a Lightweight Residual Block (LRB) to enhance the feature extraction and
two up-sampling stages that use transposed convolutional layers for up-sampling

and Rectified Linear Unit (ReLU) as the activation function. To mitigate overfitting
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Figure 22: Lightweight Residual Block (LRB) architecture.

effects, Batch Normalization (BN) layers are included at the beginning of the first
up-sampling stage and after each transposed convolutional layer. The first up-
sampling stage doubles the spatial resolution and increases the number of channels
from 160 to 256, while the second stage further doubles the spatial resolution while

maintaining the channel count.

The Domain Translator architecture incorporates a pre-processing block to en-
hance feature extraction from the latent representation. Figure 22 presents the
architecture of this pre-processing block, named Lightweight Residual Block (LRB).
The LRB consists of a convolutional layer with a ReLU activation function, whose
output combines with the block’s input through a residual connection. The convolu-
tional layer preserves the number of input channels, maintaining the same channel
dimensionality throughout the block. While inspired by the LRB block used in the
JPEG-AI decoder’s synthesis transform network for the luminance component, this
implementation uses a 1 x 1 kernel in the convolutional layer instead of the original
3 x 3 kernel to reduce computational complexity. This modification achieves both

improved efficiency and enhanced performance in the Domain Translator.

3.3 MIRROR TRAINING STRATEGY

Theoretically, the maximum performance of an object detection model processing
latent representations should equal that of a pixel domain processing model using
reconstructed images, since all information contained in the compressed represen-
tation should be present in the reconstructed image. Therefore, the pixel domain
processing detection model can serve as a reference model to guide the training

process of the latent representation processing model. This section explains tech-
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Figure 23: Mirror Training Strategy framework. The strategy comprises three sequential
training stages (denoted by orange gear icons): (1) Retraining of a Pixel Domain
Object Detector on the target dataset; (2) Training of a Domain Translator
to extract equivalent information from latent representations as obtained from
images, utilizing the image processing layers from stage 1; (3) Integration and
fine-tuning of the Domain Translator with the Pixel Domain Object Detector
(excluding image processing layers) to create the final Compressed Domain Object
Detector.

niques for leveraging the knowledge learned by the reference model to enhance the

performance of the latent representation processing object detection system.

The core idea behind the Mirror Training strategy is to create a model that
performs as closely as possible to its pixel domain processing counterpart. To
achieve this objective, a procedure is proposed to develop a “Mirror” model that
matches the performance of the pixel domain processing model while making the

fewest possible modifications to adapt it for latent representation processing.

The general intuition behind the Mirror Training strategy is illustrated in Fig-
ure 23. This process comprises three distinct training stages. First, a pre-trained
pixel domain object detector (Pixel Domain Object Detector (PD-OD)) is retrained
on the dataset of interest. Second, the retrained model’s image processing layers
(Pixel Domain processing Layers (PD-L)) are used to train the Domain Translator
to extract useful features from the latent representation. This training process is
referred as Guided Domain Translator Training (GDTT), Finally, the PD-L in the
retrained PD-OD are replaced with the Domain Translator, and the entire model
is fine-tuned to properly integrate the Domain Translator with the Pruned PD-OD.
Ideally, the remaining model components continue to function as if processing a

pixel domain image. This training process culminates in a compressed domain
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object detector (Compressed Domain Object Detector (CD-OD)) that, in optimal

conditions, achieves performance comparable to its pixel domain counterpart.

3.3.1 Pizel Domain Transfer Learning

Transfer Learning (TL) is a common technique in ML used to accelerate training and
reduce the amount of data needed to train models. This technique involves initially
training a model on a large, rich dataset to learn general and useful features, then
retraining it on the dataset of interest. The final model’s performance is strongly
influenced by the similarity between the final and original tasks, as this determines

the utility of features learned from the first dataset.

Domain Adaptation (DA) is a subfield of Transfer Learning that specifically
addresses the challenge of adapting a model trained on a source domain to perform
well on a target domain, where the two domains may have different data distributions.
The goal of DA is to minimize the distribution discrepancy between the source and
target domains, enabling the model to generalize effectively. This is particularly
useful in scenarios where labelled data in the target domain is scarce or unavailable,
but abundant labelled data exists in the source domain. Techniques in DA often
involve aligning the feature spaces of the two domains, either through feature
transformation, adversarial training, or other methods that encourage domain-

invariant representations [130], [131].

In microscopy image processing, datasets typically contain hundreds or thousands
of images—relatively small compared to the millions of natural images available in
datasets commonly used to train detection models. For the Detectron2 detector,
pre-trained weights are available from models trained on the train2017 COCO
dataset [108], which contains more than 200,000 images. While these weights served
as the starting point for models that process the pixel domain images, it was
observed that initialising the latent representation processing detector using weights
from the model trained on the pixel domain produced better results than using
the pre-trained COCO dataset weights alone. This approach of configuring the
compressed domain object detector model with the weights from the pixel domain

trained model is termed Pixel Domain Transfer Learning (PD-TL).

3.3.2  Guided Domain Translator Training (GDTT)

In order to reduce the detection performance gap between pixel domain and latent
representation processing object detection architectures, the GDTT strategy is

proposed. The core idea of GDTT is to apply a knowledge distillation approach,
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Figure 24: Guided Domain Translator Training architecture. The Domain Translator is
trained to generate outputs from latent representations that match those pro-
duced by the image processing layers of the retrained Pixel Domain Object
Detector, where these layers have been removed and serve as a reference for
training.

transferring the knowledge acquired by the pixel domain processing object detection
model (the teacher) to its latent representation counterpart (the student). In the
proposed architecture, the knowledge distillation process involves approximating
the activations of the pruned layers from the pixel domain model and the Domain

Translator block.

The GDTT process, involves training the Domain Translator block using the
outputs of the pruned layers from the pixel domain object detector model. This
optimization is achieved by minimizing the Mean Squared Error (MSE) loss function,
LysE, between the outputs of the pruned layers and the Domain Translator. The
MSE for this application is mathematically defined as:

Zf/‘l Z;VM Y20 (zi k- yi,j,k)2

Lyse(z,y) = i

ZX%X%G

; (40)

where z; ; 1., and y; ;  correspond to the values of the output features maps of the
Domain Translator and the pruned layers, respectively, at the position {i,j} in the
k™ feature map and H and W represent the height and width of the original image.
The goal of this process is to train the Domain Translator to effectively replace
the pruned layers, providing the model with the same information from the latent
representation as it would receive from processing the pixel domain image. The

architecture of this training process is illustrated in Figure 24.
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3.3.3 Pizel Domain Fine Tuning

Bulding upon the idea behind the PD-TL process, which states that retaining features
learned from training the model on pixel domain images enables the model to
extract more meaningful information from the compressed domain representations,
we decided to go even further and introduced the Pixel Domain Fine Tuning
(PD-FT) process. This process aims to fit a Domain Translator and a pruned pixel
domain object detector to work together and reduce the performance gap in object
detection between models trained on pixel domain images and those trained on

latent representations.

The PD-FT process applies the PD-TL technique and then freezes the backbone
stages not replaced by the Domain Translator (Stages 3, 4, and 5) to preserve
the features learned during pixel domain training. With the pruned backbone
frozen, the remaining components (Domain Translator, neck, and context modules)
are trained to improve object detection performance. When the training process
approaches convergence, the pruned backbone stages are unfrozen, and the entire
model undergoes training to properly integrate the Domain Translator with all

other modules.

To support the use of the PD-FT process, evaluations were conducted at two key
points: (1) at the final stage, by measuring object detection performance using AP,
and (2) at intermediate stages, by analysing the correlation between backbone stage
inputs in the reference pixel-domain processing model and the latent representation
processing models, with and without stage freezing. In Figures 25a and 25b, the
correlation of feature input maps for Stages 3 and 4 is presented, comparing pixel
domain and latent representation processing. For clarity, the feature maps in each
experiment are sorted from minimum to maximum correlation value, highlighting

the overall correlation differences between experiments.

In Figure 25a, the correlation of Stage 3 backbone feature map inputs is shown,
comparing pixel domain and latent representation processing. The blue line rep-
resents the correlation between reference features (pixel domain processing) and
latent representation features when the full model is trained from reference weights.
The red line corresponds to the correlation between reference features and latent
representation features when only the Domain Translator is trained, initialized
from reference model weights. Both correlations are similar and close to zero for
a significant portion of the feature maps, indicating weak similarity between the
outputs of the Domain Translator (when processing latent representations) and
Stage 2 (when processing pixel domain images). However, this behaviour changes

when analysing the inputs of Stage 4.
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Figure 25: Correlation of backbone Stages 3 and 4 input feature maps: Pixel domain vs.
latent representation processing. Blue line: Full model training from reference

weights. Red line: Domain Translator training, initialized from reference model
weights.

In Figure 25b, the correlation of Stage 4 backbone feature map inputs is presented.
Unlike Stage 3, there is a clear difference in correlation between the fully retrained
model (blue line) and the model with frozen stages (red line). This evaluation
supports the use of the PD-FT process by demonstrating that freezing Stages 3, 4,
and 5 enhances feature map consistency with the reference model. When these stages
are frozen, the feature maps at the input of Stage 4 show a higher correlation with
those of the reference pixel-domain processing model compared to when the entire
model is trained. This trend continues in later stages, leading to improved detection
performance and reducing the gap in AP between latent representation processing
and the reference model. Notably, this approach results in a 6.39% increase in AP75
and a 15.8% increase in APl. This improvement is particularly relevant for detecting
large objects (area > 962 pixels), as Stages 4 and 5 contribute significantly to the APl
metric. It is possible to notice that the blue line ends earlier than the red one, this
is due to 10 of the feature maps at the input of the stage 4 for the fully retrained
model have a constant value in the whole map, thus have a variance value of zero
and the correlation coefficient is undefined. Additionally, the blue line ends earlier
than the red one because, in the fully retrained model, 10 feature maps at the input
of Stage 4 contain constant values across the entire map, resulting in a variance of

zero and an undefined correlation coefficient.
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Figure 26: Backbone stages feature inputs for the original image and its latent representa-
tions. (Top) Original input image. (Rows) Feature inputs to (15* row) Stage 3
and (2" row) Stage 4 of the backbone model. (Columns) Left: Reference features
from original image processing (Stages 1 and 2); Middle: Latent representation
features with full model training from reference weights; Right: Latent represen-
tation features with Domain Translator training only, initialized from reference
model weights.

To further clarify the comparison of feature inputs for Stages 3 and 4, Figure 26
provides a visual representation of the backbone stage feature inputs for the original
image and its latent representations. The multi-channel feature maps were averaged
to produce a single-channel representation of each feature input. The top row shows
the original input image, while the subsequent rows display the feature inputs
for (15 row) Stage 3 and (2"¢ row) Stage 4 of the backbone model. The columns
represent distinct experimental conditions: (Left) Features extracted from the
original image processing pipeline (Stages 1 and 2); (Middle) Latent representation
features obtained by training the entire model using reference weights; (Right)
Latent representation features generated by training only the Domain Translator,
while the rest of the model is initialized with reference weights. The Stage 3 feature
inputs for latent representation experiments show weak correlation with the reference
experiment features, indicating that the same information could not be properly
extracted from latent representations as from pixel domain images. In contrast,
the Stage 4 feature inputs exhibit stronger similarity to the reference features,
particularly when Stages 3, 4, and 5 are frozen. This increased similarity with the

reference features leads to improved detection performance.
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EXPERIMENTAL ASSESSMENT

This chapter presents and discusses the results of the experimental assessment in
terms of both the compression efficiency and the object detection performance
of the proposed approach. For compression evaluation, the four main settings of
the JPEG-AI codec are compared against the HEVC and VVC codecs using the
datasets described in Section 2.6. For object detection evaluation, the impact of

each component of the proposed method is analyzed through an ablation study.

4.1 EXPERIMENTAL CONDITIONS

In this work, the implementation of the object detection model Detectron? available
in [128] was used. To meet the requirements of JPEG-AI and the object detector,
the images were first converted from grayscale to RGB as a pre-processing step. For

all datasets, the images were then compressed and processed as 3-channel images.

To train compressed-domain object detection models, it is essential to obtain
the latent representations of the input images. However, integrating the compres-
sion process directly into the model’s input loading pipeline would significantly
increase computational cost and training time, making the process infeasible. To
overcome this limitation, all images were first encoded using JPEG-AI VM 6.1
at five bitrate levels: 0.12 bpp, 0.25 bpp, 0.50 bpp, 0.75 bpp, and 1.00 bpp. For
each rate, the proposed compressed domain object detector was trained using the
same settings and hyper parameters, as those specifided in the configuration file
COCO-Detection/faster_renn_R_50_FPN_3z.yaml available in the GitHub repository
of the Detectron2 [127] with the modifications presented in Table 3. Parameters
marked as “Optimized” were fine-tuned using the Optuna framework, as described

in Section 4.1.1.

The experiments were conducted on an NVIDIA GeForce RTX 3090 GPU and
a CPU Xeon Gold 6336Y CPU @ 2.40GHz. In each training stage, the model
was trained for up to 50000 epochs using the Stochastic Gradient Descent (SGD)
optimiser. Additionally, early stopping was implemented with a relative threshold
of -1 and a patience of 1000 iterations. For the GDTT process, a reduce-on-plateau

mechanism was applied to adjust the learning rate, using a factor of 0.5 with a

57



EXPERIMENTAL ASSESSMENT

Table 3: List of Detectron2 parameters modified or modified for mitochondria detection on

the Lucchi++ dataset.

Parameter Value
SOLVER.BASE_ LR Optimised
SOLVER.IMS_PER_BATCH Optimised
SOLVER.MAX_ITER 50000
SOLVER.STEPS Optimised
SOLVER.GAMMA Optimised
SOLVER.MOMENTUM 0.949
SOLVER.WEIGHT DECAY -05
SOLVER.AMP.ENABLED TRUE
INPUT.CROP.ENABLED TRUE
INPUT.CROP.TYPE relative_range
INPUT.CROP.SIZE [0,5]
INPUT.RANDOM_FLIP horizontal
INPUT.MIN_SIZE_TRAIN [416, 512, 640, 768]
INPUT.MAX SIZE_TRAIN 999999
TEST.AUG.FLIP FALSE
TEST.AUG.MIN_SIZES [416, 618, 768]
TEST.MAX SIZE 999999
TEST.EVAL_PERIOD 100

MODEL.ANCHOR_GENERATOR.SIZES 32, 64, 128, 256, 512

MODEL.ANCHOR_GENERATOR.ASPECT_RATIOS (0.5, 1.0, 2.0]]
MODEL.ROI.HEADS.BATCH_SIZE_PER_IMAGE 128
MODEL.ROI.HEADS.NUM_CLASSES 1
MODEL.ROI.LHEADS.SCORE_THRESH_TEST 0.5
MODEL.ROI_LHEADS.NMS_THRESH_TEST 0.5

MODEL.RPN.IN_FEATURES
MODEL.Detectron2_config_file_path COCO-Detection/faster_renn R_50_FPN_3x.yaml
MODEL.Detectron2_checkpoint_url COCO-Detection/faster renn R_50_ FPN _3x.yaml
DATALOADER.NUM_WORKERS 2

[77p277, -,7p3777 77p4777 np5777 77p67’]

relative threshold of -01 and a patience of 10 epochs. The minimum learning rate

was set to 10710,

4.1.1  Parameter Optimisation

In order to find the best configurations for training the models, the parameters
marked as “Optimized” in Table 3 were fine-tuned for each rate using the Optuna

framework [132] and running around 100 trials for each rate value considered.

In Table 4, the parameters search limits are presented. For the parameters
SOLVER.BASE_LR and Final Learning Rate, the values are sampled from the
logarithm domain during the optimisation process, while the rest of the parameters
are sampled from the linear domain. The optimised parameter values for all models in
this study are provided in Appendix B. The description of the optimised parameters

is presented as follows:
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Table 4: Parameters optimised using the Optuna framework and its corresponding search

limits.
Limit
Parameter

Minimum Maximum
SOLVER.BASE_LR 1x1074 1
SOLVER.IMS_PER_BATCH 4 12
Delta Learning Rate 1x1076 1x1071
Initial Iteration 100 5000
Number of Steps 0 100
Iteration Step 100 1000

e« SOLVER.BASE_LR: Base learning rate from which it is decreased;

e« SOLVER.IMS_PER_BATCH: Actual number of inputs processed in par-
allel per batch;

e Delta Learning Rate: Amount of learning rated decreased at the end of

the decay process;
o Initial Iteration: Iteration at which the learning rate decay process begin;

o Number of Steps: Number of times (decay steps) that the learning rate is

decreased to decay Delta Learning Rate;

e Iteration Step: Number of iteration between each decay step.

4.2 COMPRESSION EFFICIENCY

To evaluate the compression performance of different configurations of the JPEG-AI
image coding standard and determine the optimal configuration for applying the
proposed method, all the datasets introduced in Section 2.6 were compressed using
the two JPEG-AI operation points (with and without tools enabled), HEVC/H.265,
and VVC/H.266 coding standards. The compression efficiency between datasets was
compared using the PSNR-HVS-M and MS-SSIM metrics, both objective quality
evaluation metrics specified in the “JPEG AI Common Training and Test Conditions”

document [113].

Figure 27 presents the mean PSNR-HVS-M versus rate (bpp) for the Lucchi++,
Kasthuri++, and Delmic datasets for the different codecs. The datasets are distin-
guished by color: red for Kasthuri++, green for Lucchi++, and blue for Delmic.
The results show distinct compression efficiency patterns across datasets. The
Kasthuri++ dataset achieves the highest PSNR-HSV-M values, particularly at
higher rates, followed by Lucchi++ and Delmic. Kasthuri++ also exhibits the
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Figure 27: PSNR-HVS-M vs. bits per pixel (bpp) for the Lucchi++, Kasthuri++, and Delmic
datasets using different codecs. Each dataset is represented by a distinct color
shade: red for Kasthuri++, green for Lucchi++, and blue for Delmic. Different
codecs are indicated by unique marker symbols: VVC: Pentagon; HEVC: Cross;
JPEG-AI Base Operation Point Tools Off: Circle; JPEG-AI Base Operation
Point Tools On: Square; JPEG-AI High Operation Point Tools Off: Diamond,;
JPEG-AI High Operation Point Tools On: Triangle.

largest quality variation, spanning approximately 35 dB PSNR-HVS-M from around
20 dB to nearly 55dB, over the range 0.04 — 2.49 bpp (with the VVC and HEVC
codecs). In contrast, the Delmic dataset exhibits a more limited performance, both

in terms of quality range and highest performance figures attained.

A similar benchmark was carried out, but involving the MS-SSIM metric, with
results shown in Figure 28. The perceptual quality trends mirror those observed in
the PSNR-HSV-M analysis. The Kasthuri++ dataset maintains the highest quality
across all rates, likely due to the presence of black regions that aid the compression
process. The Lucchi++ dataset follows closely in compression performance. In
general, the performance of the three codecs converges as the bitrate increases.
Notably, the most significant differences occur at lower bitrates, where a clear
gap in performance is observed between the Delmic dataset and the Kasthuri++
and Lucchi++ datasets. The Delmic dataset shows the lowest quality, particularly
at lower rates, achieving an MS-SSIM value of approximately 0.50 with HEVC
and VVC codecs. This performance is significantly lower compared to Lucchi++
and Kasthuri++ datasets, which achieve MS-SSIM values of around 0.80 and 0.90,

respectively, using the same codecs.

To refine the previous analysis for codec-specific compression efficiency, each
dataset was analysed individually. Since the proposed method will be applied
only to the Lucchi++ dataset as a proof-of-concept, the remainder of this section
addresses compression efficiency solely for the this dataset. The results for the
Kasthuri++ and Delmic datasets are presented in Appendix C. Figure 29 shows the
PSNR-HVS-M metric versus bits per pixel for the Lucchi++ dataset. At lower rates,
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Figure 28: Multi-Scale Structural Similarity (MS-SIM) vs. bits per pixel (bpp) for the
Lucchi++, Kasthuri++, and Delmic datasets using different codecs. Each dataset
is represented by a distinct color shade: red for Kasthuri++, green for Lucchi++,
and blue for Delmic. Different codecs are indicated by unique marker symbols:
VVC: Pentagon; HEVC: Cross; JPEG-AI Base Operation Point Tools Off: Circle;
JPEG-AI Base Operation Point Tools On: Square; JPEG-AI High Operation
Point Tools Off: Diamond; JPEG-AI High Operation Point Tools On: Triangle.

JPEG-AI configurations perform similarly to HEVC and VVC codecs. However,
the performance gap between classical and learning-based codecs is more notable
at higher rates. Conversely, Figure 30 shows that for MS-SSIM metrics, JPEG-AI
configurations more closely match classical codecs’ performance at higher rates,
with minimal differences at lower rates. This pattern is also evident in Figure 31,
which presents the Information Content Weighted Structural Similarity Measure
(IW-SSIM) versus bits per pixel.

In Figure 32, we present the Video Multimethod Assessment Fusion (VMAF)
versus bits per pixel (bpp) for the Lucchi++ dataset across different codecs. At
intermediate rates, JPEG-AI codec demonstrates superior compression performance
in terms of VMAF compared to HEVC and VVC, particularly in configurations with
tools enabled (purple and red lines). The JPEG-AI high operation point with tools
enabled achieves approximately 8% improvement over the VVC codec at equivalent
rates. At higher rates, the performance gap between codecs narrows. In contrast,
Figure 33 shows that when comparing codecs using the Visual Information Fidelity
(VIF) metric, while the performance trends are similar, the difference between
classical and learning-based codecs increases at higher rates. The classical codecs
(HEVC and VVC) demonstrate markedly superior VIF performance at higher rates,

achieving approximately 20% improvement at equivalent rates.

Figure 34 shows the Normalized Laplacian Pyramid (NLPD) versus bits per pixel
(bpp) for the Lucchi++ dataset. At lower rates, JPEG-AI configurations perform
similarly to HEVC and VVC. However, at higher rates, HEVC and VVC demonstrate

clear superiority as their NLPD values continue to decrease, while JPEG-AT appears
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Figure 29: PSNR-HVS-M vs. bits per pixel (bpp) for the Lucchi++ dataset using different

codecs. Different codecs are indicated by unique marker symbols and colours:
VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools
Off: Green Circle; JPEG-AI Base Operation Point Tools On: Green Square;
JPEG-AI High Operation Point Tools Off: Green Diamond; JPEG-AI High
Operation Point Tools On: Green Triangle.

to plateau around 0.12. Conversely, when evaluating codec performance using FSIM

(shown in Figure 35), the performance gap is more pronounced at lower rates, similar

to MS-SSIM and IW-SSIM patterns. At higher rates, the performance across all

codecs becomes more uniform.
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Figure 30: Multi-Scale Structural Similarity (MS-SIM) vs. bits per pixel (bpp) for the

IW-SSIM

Lucchi++ dataset using different codecs. Different codecs are indicated by unique

marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI
Base Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point
Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-ATI High Operation Point Tools On: Green Triangle.
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Figure 31: Information Content Weighted Structural Similarity Measure (IW-SSIM) vs. bits

per pixel (bpp) for the Lucchi++ dataset using different codecs. Different codecs
are indicated by unique marker symbols and colours: VVC: Blue Triangle; HEVC:
Red Cross; JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-AI
Base Operation Point Tools On: Green Square; JPEG-AI High Operation Point
Tools Off: Green Diamond; JPEG-AI High Operation Point Tools On: Green

Triangle.
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Figure 32: Video Multimethod Assessment Fusion (VMAF) vs. bits per pixel (bpp) for the
Lucchi++ dataset using different codecs. Different codecs are indicated by unique
marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AT
Base Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point
Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 33: Visual Information Fidelity (VIF) vs. bits per pixel (bpp) for the Lucchi++
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On: Green Square; JPEG-AI High Operation Point Tools Off: Green Diamond;
JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 34: Normalized Laplacian Pyramid (NLPD) vs. bits per pixel (bpp) for the Lucchi++

dataset using different codecs. Different codecs are indicated by unique marker
symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base
Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point Tools
On: Green Square; JPEG-AI High Operation Point Tools Off: Green Diamond;

JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 35: Feature Similarity (FSIM) for the Lucchi++ dataset using different codecs.
Different codecs are indicated by unique marker symbols and colours: VVC: Blue

Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools Off: Green
Circle; JPEG-AI Base Operation Point Tools On: Green Square; JPEG-AI High
Operation Point Tools Off: Green Diamond; JPEG-AI High Operation Point

Tools On: Green Triangle.
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Table 5: Comparison of the results, in terms of Bjontegaard Delta levels of the object
detection metrics, obtained on test (“unseen”) images of the Lucchi++ dataset
between the Base model, inspired on [78], and the proposed ProMIC method.

Bjontegaard Delta

Model AP50 (pp) APT75 (pp) APs (pp) APm (pp) APl (pp) AP (pp)
Reconstructed Images (Ref.) 0,00 0,00 0,00 0,00 0,00 0,00
Base [78] -15,41 -26,94 -21,74 -19,95 -44.84 -23,44
ProMIC -0,50 -0,78 -1,27 0,08 0,57 0,21

As mentioned before, the proposed method was applied to the Lucchi++ dataset.
To enable fair comparison, we followed the methodology described in [78]. Through-
out this document, this baseline model is referred as the “Base” (B) model, and the

proposed method as ProMIC.

As shown in Table 5, the performance of the Base model and ProMIC is compared
using BD levels for the object detection metrics outlined in Section 2.5. All values in
the table use the performance of the original object detector on decoded images as
a reference. The BD levels for each model represent the average metric gain across
all evaluation rates when using that model instead of the reference. Consequently, a

negative BD value indicates a performance loss for that particular metric.

Table 5 shows that the proposed method improves object detection performance
in the JPEG-ATI compressed domain across all metrics when compared to the Base
model. The method achieves a BD-AP50 of —0.50pp, representing an average perfor-
mance loss of 0.50pp in AP50, but still this represents a 14.91pp BD improvement
over the Base model. Similar improvements are observed across other object detec-
tion metrics: AP75 improves by 26.16pp, APs by 20.47pp, APm by 20.03pp, API by
45.41pp, and AP by 23.65pp.

Notably, when using the ProMIC model instead of the Base model, the per-
formance gap between AP50 and AP75 significantly decreases from 11.53pp to
just 0.28pp. This dramatic reduction indicates that the detection model achieves
higher confidence, maintaining consistent performance even under stricter detection
criteria (i.e., increasing the IoU threshold from 0.5 to 0.75). Notably, the model
excels in APm, API, and overall AP metrics, outperforming the reference model.
This suggests that valuable object detection features exist in the compressed domain,

which may not be immediately apparent in reconstructed images.

As detailed in Section 2.5, APm represent the AP metric calculated exclusively for
medium-sized bounding boxes, which constitute 80.52% of the Lucchi++ dataset’s
test images. This predominance of medium-sized boxes underscores the significance

of APm metric in assessing overall model performance for this dataset. The AP
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Table 6: Ablation Study: Comparing the impact of individual components in the proposed
method on Bjontegaard Delta levels of the object detection metrics on test (“un-
seen”) images of the Lucchi++ dataset.

Architecture Training Process Bjontegaard Delta
Model  COMPTESedypp ppET GDTT AP0 (pp) APT5 (5p) APs (sp) APm (pp) API(pp) AP (pp)
Domain
A (Ref.) - - - - - -
B [78] v -15.41 -26.94 -21.74 -19.95 -44.84 -23.44
C v v -9.15 -14.75 -20.25 -13.62 -18.95 -14.83
D v v -1.96 -1.89 -3.83 -1.84 -1.10 -1.85
E v v v -0.72 -0.83 -1.00 -0.97 -0.24 -0.98
F v v -10.47 -19.22 -22.85 -15.59 -33.37 -18.34
G v v v -6.17 -9.68 -19.45 -9.74 -14.08 -10.78
H v v v -1.18 -1.33 -2.19 -1.53 -0.70 -1.39
ProMIC v v v v -0.50 -0.78 -1.27 0.08 0.57 0.21

metric averages precision values across 10 equally spaced IoU thresholds from 0.5
to 0.95. Achieving a positive BD-AP value indicates that the proposed method
outperforms the reference model at certain IoU thresholds above 0.50, further

demonstrating its superior confidence compared to the Base model.

4.3.1 Ablation Study

The ProMIC method consists of multiple components and processes that refine the
Base model into the final model shown in Table 5. The impact of each component
and process on the model’s performance is assessed through an ablation study,
whose results are summarised in Table 6. This study compares model performance
based on BD levels for the metrics presented in Section 2.5. The models are identified

as follows:

e A: Reference model used for calculating BD metrics;
» B: Base model built following the method proposed in [78];
e C - H: Intermediate models in the ablation studys;

e ProMIC: Complete proposed model.

The following sections analyse in detail the individual contribution of each
component and process to the model’s performance. Additionally, they compare
these contributions with the two primary pixel-domain reference models: the PD-
OB! (PD-0B!), which operates on both uncompressed images and reconstructed
images at all target rates. All models in this study were optimized to maximize the
AP50 metric; therefore, the ablation study results are primarily discussed in terms
of AP50, with AP75 serving as an auxiliary metric. The results for all the metrics

are presented in Appendix D.
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Figure 36: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
Translator architecture with integrated LRB stage (Model F).

4.3.1.1 Lightweight Residual Block

To evaluate the impact of the Lightweight Residual Block (LRB) on model perfor-
mance, two configurations are compared: Model B (the Base model) and Model
F (the Base model incorporating the LRB block), using the performance of the
PD-OD over the original (Original Images) and reconstructed images (Model A) as
reference. Figures 36 and 37 present performance comparisons across different image
compression settings, measuring Average Precision at 0.50 IoU threshold (AP50)
and 0.75 IoU threshold (AP75), respectively. The graphs plot these metrics against

bits per pixel (bpp) for the four models aforementioned.

The results demonstrate that incorporating the LRB block improves object de-
tection performance across all compression rates, achieving AP50 improvements
of 6.93pp at 0.35 bpp and AP75 improvements of 17.92pp at 0.09 bpp. Both met-
rics show a consistent pattern where improvements are more pronounced at lower

bitrates and gradually decrease at medium bitrates.

Model F outperforms Model B across all rates and exhibits remarkable stability
across different compression rates. This stability is particularly evident in AP50,
where the maximum performance variation is only 2.38pp across all scales. At a higher
confidence level, AP75, Model F maintains consistent performance, whereas Model
B (without the LRB block) shows a clear trend of improved detection performance

at higher bitrates.
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Figure 37: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
Translator architecture with integrated LRB stage (Model F).

4.3.1.2  Pizel Domain Fine Tuning

To assess the effectiveness of the PD-FT process on model performance, two compar-
isons were conducted: first, evaluating its impact on the base Domain Translator
architecture, and second, examining its effect on the final Domain Translator ar-
chitecture incorporating the LRB block. This approach enables evaluation of the

PD-FT process under comparable conditions.

Figures 38 and 39 present AP50 and AP75 values plotted against bits per pixel
for models using the base Domain Translator architecture. The comparison includes
the Base model (Model B), trained through a full training process, and Model
C, which incorporates the PD-FT process. For reference, the PD-OD performance
on original images (Original Images) and reconstructed images (Model A) is also
included. The results demonstrate that fine-tuning features learned by Model A
through the PD-FT process improves detection performance in both AP50 and AP75
metrics. This training process enhances CD-OD performance across all rates for
AP50, achieving a 7.81pp improvement at 1.34 bpp. For AP75, the improvement
reaches 19.87pp at 0.09 bpp.

Notably, similar to the LRB impact analysis, the PD-FT process yields greater
performance improvements at lower rates compared to higher ones. This pattern is
evident in both metrics, particularly at the highest rate where the performance gap
between full training and PD-FT approaches is minimal. For the AP75 metric, the
model trained through the PD-FT process actually performs slightly worse than the
conventional full training process at the highest rate of 2.52 bpp.
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Figure 38: Performance comparison of object detection models across different image com-
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pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 39: Performance comparison of object detection models across different image com-
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pression settings in terms of AP75. The graph shows APT75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 40: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).

The behavior of Model C at the highest rate presents an interesting case. While
lower rates demonstrate a clear trend of improved detection performance with
increasing rates, the model’s performance degrades when processing the highest rate
compressed representations (especially in AP75). Analysis of the hyperparameters
optimized by the Optuna framework [132] reveals that the initial learning rate
(SOLVER.BASE_LR) has the most significant impact on model performance. Exper-
iments show that increasing the initial learning rate improves model performance
up to a certain threshold, beyond which further increases lead to model divergence,

preventing continued learning.

It is crucial to note that each rate corresponds to a distinct model (set of
weights) within the JPEG-AI codec. Consequently, the compressed representations at
different rates exist in rather independent domains or latent spaces, with no inherent
relationships between them. This independence was verified by attempting to process
compressed representations from one rate using a model trained on a different one.
The result was a complete absence of detections when processing compressed
representations from rates other than the one used for training. This empirical
evidence confirms the absence of relationships between compressed domains at
different rates. Therefore, it is possible that the Base Domain Translator architecture,
when using the PD-FT training process, was insufficient to effectively handle the

compressed representations at the highest rate.

The performance instability observed in Models B and C, which incorporate the
Base Domain Translator architecture, is overcome when using the LRB preprocessing
block. As shown in Figures 40 and 41, implementing the PD-FT training process

in conjunction with the LRB block (Model G) enhances detection performance
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Figure 41: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the final Domain Translator architecture with integrated LRB block and full
training (Model F), and (4) detection using the final compressed domain pro-
cessing architecture with integrated LRB block and trained following the Pixel
Domain Fine Tuning (PD-FT) process (Model G).

while maintaining stability across all stages. Notably, unlike the Base Domain
Translator architecture, models using the LRB block do not experience significant
performance degradation at higher rates. Instead, the performance remains stable,
showing only a slight decrease of 1.1pp from the immediate lower rate (1.61 bpp)
- approximately six times less than the decrease observed with the Base Domain
Translator architecture. This stability demonstrates the LRB block’s effectiveness
in extracting useful information from compressed domain representations, even at

higher rates.

For the AP50 metric, the most significant performance improvement occurs at
lower rates, achieving a 5.62pp improvement at 0.35 bpp. The AP75 metric shows
a different pattern, with the performance improvements from the PD-FT training
process concentrated in the medium rates, reaching an 11.72pp improvement at
1.34 bpp. These results demonstrate the effectiveness of preserving and adapting

features learned from the pixel domain to the compressed domain context.

4.3.1.3 Guided Domain Translator Training

Similarly to the approach adopted in the Section 4.3.1.2, to assess the effectiveness
of the GDTT process on model performance, two comparisons were conducted:
first, evaluating its impact on the base Domain Translator architecture, and second,
examining its effect on the final Domain Translator architecture incorporating the
LRB block. This approach enables evaluation of the PD-FT process under comparable

conditions.
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Figure 42: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
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Figure 43: Performance comparison of object detection models across different image com-
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Domain Translator Training (GDTT) process (Model D).
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pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Tmages), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 44: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).

Figures 42 and 43 present a performance comparison between the Base model
using full training (Model B) and the Base model trained through the GDTT process
(Model D), measured in terms of AP50 and AP75, respectively. The adoption of the
GDTT process significantly enhances model performance, bringing it remarkably
close to the reference model (Model A), which guided the training of the Domain
Translator in Model D.

For the AP50 metric, implementing the GDTT process achieved a maximum
improvement of 15.97pp at 0.35 bpp, representing the highest performance gain
for the AP50 metric using the Base Domain Translator Architecture. The AP75
metric showed even more dramatic improvement, peaking at 32.70pp at 0.09 bpp.
The performance gap between Model D (trained with GDTT) and Model A (the
reference model) averages only 1.96pp for AP50 and 1.89pp for AP75, as detailed
in Table 6. The GDTT process proves to be a breakthrough technique, reducing
performance loss by 13.45pp for AP50 and 25.05pp for AP75. These reductions
substantially exceed the improvements achieved by individual applications of other

ProMIC method components.

One of Model D’s most notable characteristics is its consistent performance
across all rates. The implementation of the GDTT process reduced the performance
standard deviation for AP50 from 1.66pp to 0.45pp, representing nearly a fourfold
improvement in stability. This effect is even more pronounced for the AP75 metric,
where the standard deviation decreased from 4.38pp to 0.61pp, representing more

than a sevenfold reduction.
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Figure 45: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).

When analysing the impact of the GDTT process in conjunction with the LRB
block in the Domain Translator architecture, similar patterns emerge as those
observed with the Base architecture. As shown in Figures 44 and 45, both AP50 and
APT5 metrics demonstrate significant improvement across all rates when applying
the GDTT process (Model H), achieving performance levels comparable to the
reference model (Model A) when compared to the full training approach (Model
F). Although the performance improvements are more modest than those observed
with the base Domain Translator architecture, they still reach notable peaks: 10.4pp
for AP50 at 1.61 bpp and 21.68pp for AP75 at 1.34 bpp.

Similar to the base architecture case, implementing the GDTT process reduces
the standard deviation in detection performance. For AP50, the standard deviation
decreases from 0.77 to 0.75pp, while for AP75, it drops from 2.49 to 0.68pp. The
relatively small reduction in AP50 standard deviation, compared to that observed
with the base Domain Translator architecture, can be attributed to Model F’s
(Domain Translator with LRB block) inherently stable performance across rates.
Compared to the base Domain Translator architecture, the model incorporating
the LRB block demonstrates significantly better stability, with standard deviations
approximately half as large: 2.16 times lower for AP50 and 1.76 times lower for
AP75. This pattern underscores the enhanced stability provided by the LRB block

in the Domain Translator.

In order to evaluate the combined effectiveness of the PD-FT and GDTT training
processes, the models using only the Domain Translator trained through the GDTT
process are compared against those that additionally employ PD-FT process for

full model fine-tuning. This comparison encompasses both Domain Translator
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Figure 46: Performance comparison of object detection models across different image com-
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pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 47: Performance comparison of object detection models across different image com-
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pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 48: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
final Domain Translator architecture with integrated LRB block trained through
the Guided Domain Translator Training (GDTT) process (Model H), and (4)
detection using the proposed method that uses the final Domain Translator
architecture with integrated LRB block trained through the GDTT process and
fine tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model
ProMIC).

architectures: the base architecture and the one integrating the LRB block, with the

latter configuration representing the complete proposed ProMIC method.

Figures 46 and 47 present the AP50 and AP75 performance comparison between
Model D (base Domain Translator architecture trained through GDTT) and Model
E (including additional PD-FT process). The results demonstrate that applying the
PD-FT process enhances model performance across all rates. The performance gap
between Model E and the reference model diminishes at higher rates, with Model E
actually surpassing the reference by 0.59pp at 1.34 bpp. This finding indicates that
the combination of GDTT and PD-FT processes enables more effective information
extraction from compressed domain representations compared to decoded images.
Two potential explanations for this behavior are: (1) minor information loss during
the decoding process, or (2) the compressed domain representation emphasizes
certain useful features that are less apparent in the decoded image, making them

more challenging to extract through pixel domain processing layers.

For the Domain Translator architecture incorporating the LRB block, the combined
impact of PD-FT and GDTT mirrors the patterns observed in Figures 46 and 47. As
shown in Figures 48 and 49, implementing both GDT'T and PD-FT (Model ProMIC)
improves detection performance across all rates for both AP50 and AP75 metrics,
with the sole exception of the lowest rate (0.09 bpp), where the ProMIC model

shows a slight performance decrease.

Similar to the base Domain Translator architecture case, the ProMIC model

surpasses the reference model in both AP50 and AP75 metrics, achieving improve-
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Figure 49: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
final Domain Translator architecture with integrated LRB block trained through
the Guided Domain Translator Training (GDTT) process (Model H), and (4)
detection using the proposed method that uses the final Domain Translator
architecture with integrated LRB block trained through the GDTT process and
fine tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model
ProMIC).

ments of 0.72pp for AP50 and 0.76pp for AP75 at 2.52 bpp. As shown in Table 6,
the ProMIC model achieves, on average, a performance loss that is 0.22pp lower
than Model E for AP50 and 0.05pp lower for AP75. These results demonstrate the
effectiveness of the proposed method in detecting objects from compressed domain

representations.

4.3.2  Summary

The ablation study systematically evaluated the contributions of different compo-
nents and training strategies to the object detection performance of the proposed

ProMIC method. The key findings can be summarized as follows:

1. Lightweight Residual Block (LRB): The incorporation of the LRB block
improved object detection performance across all compression rates. The
hightest enhancements were observed at lower bitrates, where AP50 increased
by 6.93pp at 0.35 bpp (Figure 36), and AP75 improved by 17.92pp at 0.09
bpp (Figure 37). The LRB block also contributed to performance stability,
particularly in AP50, where the standard deviation was only 0.77pp across all
tested bitrates.

2. Pixel Domain Fine-Tuning (PD-FT): The PD-FT process demonstrated
effectiveness in preserving and adapting features from the pixel domain to the

compressed domain. It significantly improved object detection performance
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across various rates, achieving an AP50 improvement of 7.81pp at 1.34 bpp
(Figure 38) and an AP75 improvement of 19.87pp at 0.09 bpp (Figure 39).
However, when using the base Domain Translator architecture (which do
not incorporate the LRB block) at the highest compression rate (2.52 bpp),
the benefits diminished, suggesting that additional adjustments might be
necessary to optimize learning in high-rate scenarios when using the base

Domain Translator architecture.

. Guided Domain Translator Training (GDTT): The GDTT process led to
substantial improvements in model performance by reducing the performance
gap between compressed domain detection and reference models. For AP50,
while using the base Domain Translator architecture, the process yielded
a maximum gain of 15.97pp at 0.35 bpp (Figure 42), while for AP75, the
highest improvement was 32.70pp at 0.09 bpp (Figure 43). This technique
significantly reduced the performance loss observed in baseline models trained

with conventional full-training approaches.

. Combined Impact and ProMIC Performance: The integration of all
components—LRB, PD-FT, and GDTT—resulted in the ProMIC model
achieving the best overall performance. Compared to the baseline model,
ProMIC demonstrated substantial improvements across all object detection
metrics, reducing the average performance loss significantly. At the highest
tested bitrate (2.52 bpp), ProMIC even surpassed the reference model in
both AP50 and AP75 metrics (Figures 48 and 49), confirming its capability
to effectively extract object detection features directly from the compressed

domain.

Overall, the results validate the effectiveness of the proposed approach, demon-

strating that object detection in the JPEG-AI compressed domain can achieve

performance levels comparable to pixel-domain detection while maintaining effi-

ciency across various compression rates.

4.4 COMPLEXITY ASSESSMENT

In order to evaluate the computational efficiency of the proposed method, a method-

ology similar to that in [78] was adopted, measuring the number of operations

required for execution and comparing it with the number of operations needed for

the reference model (Model A), which performs detection on the reconstructed

images. The number of operations is expressed in terms of Giga Multiplication and

Accumulation (GMAC) operations.
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Table 7 presents the complexity of both the reference model (Model A), which
includes both image reconstruction and detection processes, and the proposed
method (ProMIC), which considers only the processing of the Domain Translator and
the pruned object detector. Notably, while the complexity of image reconstruction
varies with the selected quality, it has a low standard deviation of just 1.35 GMAC.
Therefore, these variations are not considered in the analysis. The Delta column
indicates the complexity change relative to the reference model, where a negative
value represents a reduction in complexity. The results demonstrate that the proposed
method significantly reduces system complexity, decreasing from 315.52 GMAC to
181.93 GMAC. This corresponds to a 42.34% reduction compared to the reference
model, underscoring the efficiency of the proposed method in achieving highly
competitive, and even superior, results while drastically reducing computational

complexity.

Table 7: Computational complexity comparison between the reference model (detection on
reconstructed images) and the proposed ProMIC method (detection in compressed
domain). Values are presented in Giga Multiplication and Accumulation (GMAC)
operations. Delta value indicates computational complexity reduction achieved by
the ProMIC method relative to the reference model.

Model Complexity (GMAC) Delta (%)

A (Ref.) 315.52 -
ProMIC 181.93 -42.34

Table 8: Computational complexity comparison between the base Domain Translator archi-
tecture and the final Domain Translator architecture that integrates the Lightweight
Residual Block (LRB). The values are expressed in Giga Multiplication and Ac-
cumulation (GMAC) operations. The Delta value represents the reduction in
computational complexity achieved by the final Domain Translator architecture
compared to the base architecture.

Domain Translator Complexity (GMAC) Delta (%)

Base 33.52 -
Base + LRB 33.60 2.39x1073

To analyze the impact of the proposed Domain Translator module on the system, it
was measured the computational complexity of the two proposed Domain Translator
architectures: the base architecture and the version that integrates the LRB block

for preprocessing compressed representations.

Table 8 presents the complexity of both Domain Translator architectures consid-
ered in this study. The complexity is expressed in GMAC, and the Delta column
indicates the complexity change relative to the base architecture. The results show
that the complexity difference between the two architectures is minimal, not even
reaching 1 GMAC: 0.08 GMAC, corresponding to a negligible 2.39x1073% increase.
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However, as discussed in Section 4.3.1, it should be emphasized that the proposed
method significantly enhances performance and stabilizes detection accuracy across
different rates by minimizing standard deviation. Therefore, given the substantial
benefits compared to the minimal complexity overhead, integrating the LRB block
into the Domain Translator architecture is justified as an essential component of

the system.
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This work has explored the processing of microscopy images in the compressed
domain. A novel approach is proposed (ProMIC), for object detection in images’
latent representations generated by a learning-based encoder. By eliminating the
need for full decompression, the proposed method enhances computational efficiency
while maintaining or even improving detection accuracy compared to pixel-domain

approaches.

The study also included a preliminary analysis of JPEG-AI compression efficiency
against classical codecs (HEVC/H.265 and VVC/H.266) across multiple datasets.
The results demonstrated that the performance of the JPEG-AI codec remains
similar across different configurations (different operation points and tools employed)
and becomes closer to the classical codecs at higher bitrates, highlighting the
advantages of learning-based compression in preserving image quality for downstream
tasks.

The ProMIC architecture incorporates a Domain Translator to enable object
detection networks to effectively process compressed-domain features. It integrates
key functionalities such as the Lightweight Residual Block, Pixel Domain Fine-
Tuning, and Guided Domain Translator Training, which collectively enhance object
detection performance. These components improve detection accuracy, particu-
larly at lower bitrates, by stabilizing performance and reducing the gap between
compressed-domain and pixel-domain models. The integration of these techniques
led to the highest observed detection accuracy, with ProMIC surpassing both the
reference pixel-domain model and the compressed-domain baseline in various sce-
narios, particularly at high bitrates. Furthermore, ProMIC significantly reduces
computational complexity, achieving a 42.34% reduction in operations compared to

the reference model that operates on reconstructed images.

The results of this research highlight the potential of compressed-domain im-
age processing for computationally constrained environments, such as embedded
systems, real-time processing, and large-scale image analysis. By eliminating full
decompression, this approach not only reduces computational costs but also mini-
mizes energy consumption, leading to more efficient data storage, transmission, and

overall system performance.
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5.1 FUTURE WORK

This work has demonstrated the effectiveness of the proposed ProMIC method,
paving avenues for further research. In terms of the proposed model itself, one of
the most promising directions is the development of an “online” configuration for
the Guided Domain Translator Training (GDTT) process. Indeed, a "real-time”-like
update would allow the domain translator to adapt more flexibly, dynamically
adjusting its parameters as new data is processed. This approach would ensure
that equivalent information is extracted from latent representations, similar to
those obtained from images, while simultaneously optimising the entire model to
enhance detection performance. This multi-task approach could enhance the model’s

robustness to variations in dataset distributions.

Future research could also explore:

o Extension to Other Vision Tasks: Investigating the applicability of
ProMIC for other tasks such as segmentation, tracking, or recognition in

the compressed domain.

e Application to more recent Object Detection and Segmentation
Models: Exploring the integration of the proposed methodology with state-
of-the-art object detection and segmentation models, such as YOLOv12 and
Segment Anything Model (SAM) 2, could enhance its practical applicability.
These models represent the latest advancements in deep learning for vision
tasks, and adapting ProMIC to work with them could further improve detection

accuracy and efficiency in the compressed domain.

¢ Dynamically Selecting the Most Important Channels from the Com-
pressed Representation: By identifying and utilizing only the most rel-
evant channels in the latent representation, the complexity of the Domain
Translator—and consequently, the overall Compressed Domain Object De-
tector—could be significantly reduced. This would lead to more efficient
computation, making the method more suitable for real-time applications and

deployment on resource-limited hardware.

By addressing these challenges, the proposed framework could evolve into a more
versatile and widely applicable solution for compressed-domain image processing,

paving the way for future advancements in Al-driven image analysis.
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APPENDICES

Table 9: Number IDs used for the training and validation sets of the Lucchi++ dataset.

Dataset Instance number ID

Train set Validation set

0,2,3,5,6,8,9,11,12,14,15,16,
17,20,21,22,25,26,28,29,30,32,
33,34,35,36,37,38,39,41,42,43,
45,46,48,49,50,51,53,54,55,56,
57,59,60,61,63,65,66,67,69,70,
40, 44,47,52,58,
72,73,74,75,77,79,80,81,82,84,
62,64,68,71,76,
. 85,86,87,88,89,91,92,93,94,96,
Lucchi++ 78,83, 90,95,98,
97,99,100,102,103,104,105,107,
101,106,108,113,
109,110,111,112,114,115,116,117,
118,123,128,132,
119,120,121,122,124,125,126,127,
139,141,145,150,
129,130,131,133,134,135,136,137, 55 160
138,140,142,143,144,146,147,148, ’
149,151,152,153,154,156,157,158,
159,161,162,163,164

1,4,7,10,13,18,
19,23,24,27,31,
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Table 10: Optimised parameter values for the pixel-domain detection model when applied

to uncompressed images.

Parameter

Value

SOLVER.IMS_PER_BATCH
SOLVER.BASE_LR

Delta Learning Rate

Initial Iteration

Number of Steps

Iteration Step

1
1.88x1073
1.01x1073
1328

38

915
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Table 11: Optimised parameter values for the Model A at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 1 4 2 4 2
SOLVER.BASE_LR 8.30x107™* 3.63x107% 1.12x107% 2.82x107® 6.00x1073
Delta Learning Rate 1.00x107*  1.00x10™* 1.00x107* 1.00x10™* 1.00x10~*
Initial Iteration 825 688 998 577 5000
Number of Steps 65 36 37 63 0
Iteration Step 399 823 480 507 1000

Table 12: Optimised parameter values for the Model B at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 6 5 8 3 9
SOLVER.BASE_LR 7.46x1072  6.47x1072 3.78x1072 2.88x107® 6.26x1073
Delta Learning Rate 7.46x1072  6.47x1072  3.78x1072 1.62x107* 1.12x107*
Initial Tteration 379 1911 1352 585 4000
Number of Steps 2 56 71 59 3
Iteration Step 184 904 887 557 2000

Table 13: Optimised parameter values for the Model C at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 4 7 5 11 7
SOLVER.BASE_LR 3.38x1072  4.53x1072 4.44x107% 6.46x1072 4.66x1072
Delta Learning Rate 3.38x1072  4.53x1072  4.44x107%  6.46x1072 4.66x1072
Initial Iteration 667 289 1881 1687 104
Number of Steps 20 13 2 65 82
Iteration Step 345 116 358 491 809
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Table 14: Optimised parameter values for the Model D at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 1 1 3 3 1
SOLVER.BASE_LR 3.99x1071  1.30x107!  9.69x107'  7.20x107! 1.01x107!
Delta Learning Rate 1.450x107*  1.70x10™* 1.87x10™* 1.56x10™* 1.02x1074
Initial Tteration 5000 5000 5000 5000 5000
Number of Steps 0 0 0 0 0
Iteration Step 1000 1000 1000 1000 1000

Table 15: Optimised parameter values for the Model E at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 12 1 1 1 5
SOLVER.BASE_LR 2.14x107%  9.08x107° 4.81x10™% 1.08x1072 6.83x107*
Delta Learning Rate 2.12x107%  9.07x10™® 4.81x107% 1.08x1072 6.83x107*
Initial Iteration 1891 380 1306 497 140
Number of Steps 17 84 41 95 37
Iteration Step 598 181 945 781 271

Table 16: Optimised parameter values for the Model F at each target rate.

Target Rate (bpp)

Parameter
0.12 0.25 0.50 0.75 1.00

SOLVER.IMS_PER_.BATCH 5 12 4 9 5
SOLVER.BASE_LR 2.47x1072  4.13x1072  6.17x107"2 4.66x1072 6.28x1072
Delta Learning Rate 2.47x1072  4.13x1072  6.17x1072  4.65x1072 6.19x1072
Initial Iteration 1529 1440 1110 343 791
Number of Steps 81 36 6 14 81
Iteration Step 529 608 197 544 109
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Table 17: Optimised parameter values for the Model G at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_.BATCH 7 7 4 11 4
SOLVER.BASE_LR 6.14x1072  2.14x1072 1.70x1072 5.96x1072 9.67x1073
Delta Learning Rate 6.13x1072  2.14x1072 1.67x1072 5.96x1072 9.66x1073
Initial Iteration 448 1681 1458 488 1140
Number of Steps 92 18 4 77 33
Iteration Step 925 724 268 567 665

Table 18: Optimised parameter values for the Model H at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_BATCH 1 5 1 1 1
SOLVER.BASE_LR 4.23x1071  2.37x107%  6.79x1071  1.32x107! 2.83x107!
Delta Learning Rate 1.00x10™*  1.04x107%  1.00x10™* 1.00x10™* 1.00x10~*
Initial Iteration 5000 760 5000 5000 5000
Number of Steps 0 70 0 0 0
Iteration Step 1000 776 1000 1000 1000

Table 19: Optimized parameter values for the ProMIC model at each target rate.

Target Rate (bpp)

Parameter

0.12 0.25 0.50 0.75 1.00
SOLVER.IMS_PER_.BATCH 7 5 4 2 4
SOLVER.BASE_LR 7.87x107°  2.37x107%  1.72x107% 1.85x107% 2.39x1072
Delta Learning Rate 7.43x107°  1.04x107%  1.65x1072 1.84x107® 2.36x1072
Initial Iteration 1617 760 812 1762 1956
Number of Steps 48 70 95 82 35
Iteration Step 204 776 615 378 134
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APPENDIX C

This appendix presents the compression efficiency results for the Kasthuri++ and
Delmic datasets. The results are evaluated using objective quality metrics specified

in the “JPEG AI Common Training and Test Conditions” document [113].

C.1 KASTHURI++ DATASET
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Figure 50: PSNR-HVS-M vs. bits per pixel (bpp) for the Kasthuri++ dataset using different

codecs. Different codecs are indicated by unique marker symbols and colours:
VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools
Off: Green Circle; JPEG-AI Base Operation Point Tools On: Green Square;
JPEG-AI High Operation Point Tools Off: Green Diamond; JPEG-AI High

Operation Point Tools On: Green Triangle.
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Figure 51: Multi-Scale Structural Similarity (MS-SIM) vs. bits per pixel (bpp) for the
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Kasthuri++ dataset using different codecs. Different codecs are indicated by
unique marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross;
JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-AI Base Operation
Point Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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bpp

: Information Content Weighted Structural Similarity Measure (IW-SSIM) vs. bits
per pixel (bpp) for the Kasthuri++ dataset using different codecs. Different codecs
are indicated by unique marker symbols and colours: VVC: Blue Triangle; HEVC:
Red Cross; JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-AI
Base Operation Point Tools On: Green Square; JPEG-AI High Operation Point
Tools Off: Green Diamond; JPEG-AI High Operation Point Tools On: Green
Triangle.
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Figure 53

bpp

: Video Multimethod Assessment Fusion (VMAF) vs. bits per pixel (bpp) for the
Kasthuri++ dataset using different codecs. Different codecs are indicated by
unique marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross;
JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-ATI Base Operation
Point Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 54: Visual Information Fidelity (VIF) vs. bits per pixel (bpp) for the Kasthuri++
dataset using different codecs. Different codecs are indicated by unique marker
symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base
Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point Tools
On: Green Square; JPEG-AI High Operation Point Tools Off: Green Diamond;
JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 55: Normalized Laplacian Pyramid (NLPD) vs. bits per pixel (bpp) for the
Kasthuri++ dataset using different codecs. Different codecs are indicated by
unique marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross;
JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-AI Base Opera-
tion Point Tools On: Green Square; JPEG-AI High Operation Point Tools Off:
Green Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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: Feature Similarity (FSIM) for the Kasthuri++ dataset using different codecs.
Different codecs are indicated by unique marker symbols and colours: VVC: Blue
Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools Off: Green
Circle; JPEG-AI Base Operation Point Tools On: Green Square; JPEG-AI High
Operation Point Tools Off: Green Diamond; JPEG-ATI High Operation Point

Tools On: Green Triangle.

C.2 DELMIC DATASET
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Figure 57: PSNR-HVS-M vs. bits per pixel (bpp) for the Delmic dataset using different

o
o0

MS-SSIM
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codecs. Different codecs are indicated by unique marker symbols and colours:
VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools
Off: Green Circle; JPEG-AI Base Operation Point Tools On: Green Square;
JPEG-AI High Operation Point Tools Off: Green Diamond; JPEG-AI High
Operation Point Tools On: Green Triangle.
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Figure 58: Multi-Scale Structural Similarity (MS-SIM) vs. bits per pixel (bpp) for the
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Delmic dataset using different codecs. Different codecs are indicated by unique
marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI
Base Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point
Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 59: Information Content Weighted Structural Similarity Measure (IW-SSIM) vs. bits

MS-SSIM

per pixel (bpp) for the Delmic dataset using different codecs. Different codecs are
indicated by unique marker symbols and colours: VVC: Blue Triangle; HEVC:
Red Cross; JPEG-AI Base Operation Point Tools Off: Green Circle; JPEG-AI
Base Operation Point Tools On: Green Square; JPEG-AI High Operation Point
Tools Off: Green Diamond; JPEG-AI High Operation Point Tools On: Green
Triangle.
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Figure 60: Video Multimethod Assessment Fusion (VMAF) vs. bits per pixel (bpp) for the

Delmic dataset using different codecs. Different codecs are indicated by unique
marker symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AT
Base Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point
Tools On: Green Square; JPEG-AI High Operation Point Tools Off: Green
Diamond; JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 61: Visual Information Fidelity (VIF) vs. bits per pixel (bpp) for the Delmic dataset
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using different codecs. Different codecs are indicated by unique marker symbols
and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base Operation
Point Tools Off: Green Circle; JPEG-AI Base Operation Point Tools On: Green
Square; JPEG-AI High Operation Point Tools Off: Green Diamond; JPEG-AI
High Operation Point Tools On: Green Triangle.
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Figure 62: Normalized Laplacian Pyramid (NLPD) vs. bits per pixel (bpp) for the Delmic
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dataset using different codecs. Different codecs are indicated by unique marker
symbols and colours: VVC: Blue Triangle; HEVC: Red Cross; JPEG-AI Base
Operation Point Tools Off: Green Circle; JPEG-AI Base Operation Point Tools
On: Green Square; JPEG-AI High Operation Point Tools Off: Green Diamond;
JPEG-AI High Operation Point Tools On: Green Triangle.
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Figure 63: Feature Similarity (FSIM) for the Delmic dataset using different codecs. Dif-
ferent codecs are indicated by unique marker symbols and colours: VVC: Blue
Triangle; HEVC: Red Cross; JPEG-AI Base Operation Point Tools Off: Green
Circle; JPEG-AI Base Operation Point Tools On: Green Square; JPEG-AI High
Operation Point Tools Off: Green Diamond; JPEG-ATI High Operation Point
Tools On: Green Triangle.
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APPENDIX D

This appendix presents the ablation study results for the Lucchi++ dataset using all

object detection metrics described in Section 2.5.1.3. These metrics include AP50,

AP75, APs, APm, APl, and AP.
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AP50

Figure 64: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain

APT5

Figure 65: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
Translator architecture with integrated LRB stage (Model F).
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Figure 66: Performance comparison of object detection models across different image com-

70

APm

60

pression settings in terms of APs. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
Translator architecture with integrated LRB stage (Model F).
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Figure 67: Performance comparison of object detection models across different image com-

pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
Translator architecture with integrated LRB stage (Model F).
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APl

Figure 68: Performance comparison of object detection models across different image com-
pression settings in terms of APl. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain

AP

Figure 69: Performance comparison of object detection models across different image com-
pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture without the Lightweight Residual Block
(LRB) preprocessing stage (Model B), and (4) detection using the final Domain
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Translator architecture with integrated LRB stage (Model F).
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Translator architecture with integrated LRB stage (Model F).
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Figure 70: Performance comparison of object detection models across different image com-

80

APT5

70

60

pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 71: Performance comparison of object detection models across different image com-

pression settings in terms of AP75. The graph shows APT75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 72: Performance comparison of object detection models across different image com-

70

APm

60

Figure

122

pression settings in terms of APs. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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73: Performance comparison of object detection models across different image com-
pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 74: Performance comparison of object detection models across different image com-

pression settings in terms of APIL. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 75: Performance comparison of object detection models across different image com-

pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture and trained following the
Pixel Domain Fine Tuning (PD-FT) process (Model C).
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Figure 76: Performance comparison of object detection models across different image com-

APT5

60

pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).
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Figure 77: Performance comparison of object detection models across different image com-
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pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the final Domain Translator architecture with integrated LRB block and full
training (Model F), and (4) detection using the final compressed domain pro-
cessing architecture with integrated LRB block and trained following the Pixel
Domain Fine Tuning (PD-FT) process (Model G).
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Figure 78: Performance comparison of object detection models across different image com-

pression settings in terms of APs. The graph shows APs versus bits per pixel

(bpp) for four scenarios: (1) detection on original uncompressed images (Original

Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).
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Figure 79: Performance comparison of object detection models across different image com-

pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).

125



APPENDICES

APl

80 -

60

40

- - - Original Images

T o A
N R F
—— G

bpp

Figure 80: Performance comparison of object detection models across different image com-

AP
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pression settings in terms of APIL. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).
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Figure 81: Performance comparison of object detection models across different image com-
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pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using the final Domain Translator architecture
with integrated LRB block and trained following the Pixel Domain Fine Tuning
(PD-FT) process (Model G).



AP50

90

80

APPENDICES

- - - Original Images

— .
—o—

A
B
D

bpp

Figure 82: Performance comparison of object detection models across different image com-
pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
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Domain Translator Training (GDTT) process (Model D).
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Figure 83: Performance comparison of object detection models across different image com-
pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Tmages), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 84: Performance comparison of object detection models across different image com-
pression settings in terms of APs. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 85: Performance comparison of object detection models across different image com-
pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 86: Performance comparison of object detection models across different image com-
pression settings in terms of APIL. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 87: Performance comparison of object detection models across different image com-
pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
the base Domain Translator architecture and full training (Model B), and (4)
detection using base Domain Translator architecture trained through the Guided
Domain Translator Training (GDTT) process (Model D).
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Figure 88: Performance comparison of object detection models across different image com-
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pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).
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Figure 89: Performance comparison of object detection models across different image com-
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pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).
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Figure 90: Performance comparison of object detection models across different image com-

pression settings in terms of APs. The graph shows APs versus bits per pixel

(bpp) for four scenarios: (1) detection on original uncompressed images (Original

Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training

(GDTT) process (Model H).
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Figure 91: Performance comparison of object detection models across different image com-

pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).
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Figure 92: Performance comparison of object detection models across different image com-
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pression settings in terms of APIL. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).

- l/l\\\\\ = - - - Original Images
[ g T S R — W= A

bpp

Figure 93: Performance comparison of object detection models across different image com-
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pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using the
final Domain Translator architecture with integrated LRB block and full training
(Model F), and (4) detection using final Domain Translator architecture with
integrated LRB block trained through the Guided Domain Translator Training
(GDTT) process (Model H).
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Figure 94: Performance comparison of object detection models across different image com-
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pression settings in terms of AP50. The graph shows AP50 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 95: Performance comparison of object detection models across different image com-

pression settings in terms of AP75. The graph shows AP75 versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 96: Performance comparison of object detection models across different image com-
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pression settings in terms of APs. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 97: Performance comparison of object detection models across different image com-
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pression settings in terms of APm. The graph shows APm versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 98: Performance comparison of object detection models across different image com-
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pression settings in terms of APIL. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).
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Figure 99: Performance comparison of object detection models across different image com-

pression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Orig-
inal Images), (2) detection on reconstructed images (Model A), (3) detection
using base Domain Translator architecture trained through the Guided Domain
Translator Training (GDTT) process (Model D), and (4) detection using base
Domain Translator architecture trained through the GDTT process and fine
tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model E).

135



APPENDICES

- - - Original Images
e~ E—t R 3 . A

S o H
ProMIC

T
90 -
[
0
.
<
80 -
|
0
Figure 100:
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Performance comparison of object detection models across different image
compression settings in terms of AP50. The graph shows AP50 versus bits
per pixel (bpp) for four scenarios: (1) detection on original uncompressed
images (Original Images), (2) detection on reconstructed images (Model A),
(3) detection using final Domain Translator architecture with integrated LRB
block trained through the Guided Domain Translator Training (GDTT) process
(Model H), and (4) detection using the proposed method that uses the final
Domain Translator architecture with integrated LRB block trained through the
GDTT process and fine tuned through the Pixel Domain Fine Tuning (PD-FT)
process (Model ProMIC).
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Performance comparison of object detection models across different image
compression settings in terms of AP75. The graph shows APT75 versus bits
per pixel (bpp) for four scenarios: (1) detection on original uncompressed
images (Original Images), (2) detection on reconstructed images (Model A),
(3) detection using final Domain Translator architecture with integrated LRB
block trained through the Guided Domain Translator Training (GDTT) process
(Model H), and (4) detection using the proposed method that uses the final
Domain Translator architecture with integrated LRB block trained through the
GDTT process and fine tuned through the Pixel Domain Fine Tuning (PD-FT)
process (Model ProMIC).



APPENDICES

o I\- —.— A
/ ® ¥ . H
o« ProMIC

77777777777777777777777777777777777777 | - - - Original Images

0.5 1 1.5 2 2.5
bpp

Performance comparison of object detection models across different image
compression settings in terms of APs. The graph shows APs versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
final Domain Translator architecture with integrated LRB block trained through
the Guided Domain Translator Training (GDTT) process (Model H), and (4)
detection using the proposed method that uses the final Domain Translator
architecture with integrated LRB block trained through the GDTT process and
fine tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model
ProMIC).
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Performance comparison of object detection models across different image
compression settings in terms of APm. The graph shows APm versus bits
per pixel (bpp) for four scenarios: (1) detection on original uncompressed
images (Original Images), (2) detection on reconstructed images (Model A),
(3) detection using final Domain Translator architecture with integrated LRB
block trained through the Guided Domain Translator Training (GDTT) process
(Model H), and (4) detection using the proposed method that uses the final
Domain Translator architecture with integrated LRB block trained through the
GDTT process and fine tuned through the Pixel Domain Fine Tuning (PD-FT)
process (Model ProMIC).
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Figure 104: Performance comparison of object detection models across different image

AP
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compression settings in terms of AP1. The graph shows API versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
final Domain Translator architecture with integrated LRB block trained through
the Guided Domain Translator Training (GDTT) process (Model H), and (4)
detection using the proposed method that uses the final Domain Translator
architecture with integrated LRB block trained through the GDTT process and
fine tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model
ProMIC).
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Figure 105: Performance comparison of object detection models across different image

138

compression settings in terms of AP. The graph shows AP versus bits per pixel
(bpp) for four scenarios: (1) detection on original uncompressed images (Original
Images), (2) detection on reconstructed images (Model A), (3) detection using
final Domain Translator architecture with integrated LRB block trained through
the Guided Domain Translator Training (GDTT) process (Model H), and (4)
detection using the proposed method that uses the final Domain Translator
architecture with integrated LRB block trained through the GDTT process and
fine tuned through the Pixel Domain Fine Tuning (PD-FT) process (Model
ProMIC).
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