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Abstract

Feature descriptors in histopathological images pose a significant challenge
for the implementation of Content-Based Image Retrieval (CBIR) systems,
which are essential tools for assisting pathologists. The complexity arises
from the diverse types of tissues and the high dimensionality of Whole
Slide Images. Deep learning models like Convolutional Neural Networks
and Vision Transformers improve the extraction of these feature descrip-
tors. These models typically generate embeddings by leveraging deeper
single-scale linear layers or advanced pooling layers. However, these em-
beddings, by focusing on local spatial details at a single scale, miss out on
the richer spatial context from earlier layers. This gap, pointing towards
the development of methods that incorporate multi-scale information to en-
hance the depth and utility of feature descriptors in histopathological image
analysis. In this work, we propose the Local-Global Feature Fusion Embed-
ding Model, an approach composed of a pre-trained backbone for feature
extraction from multi-scales, a neck branch for local-global feature fusion,
and a Generalized Mean (GeM)-based pooling head for feature descrip-
tors. Based on our experiments, the model’s neck and head were trained
on ImageNet-1k and PanNuke datasets employing the Sub-center ArcFace
loss and compared with the state-of-the-art Kimia Path24C dataset for
histopathological image retrieval, achieving a Recall@1 of 99.40% for test
patches.

Keywords: Histopathological Image, Content-Based Image Retrieval,
Feature Fusion, Feature Embedding, Transfer Learning, Object Detection,
Instance Segmentation, Feature Fusion, Context Feature.
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Chapter 1

Introduction

The increase in the amount of data produced by healthcare institutions,
due to the accessibility and advances in device development, such as whole
slide scanners, poses multiple challenges for medical professionals when
producing accurate and fast diagnostics [53]. In the histopathology do-
main, these challenges can be interpreted as an analysis of various types of
whole slide images (WSI) that can reach up to 100, 000× 100, 000 pixels,
where tumors can be localized in restricted zones of just a few hundred pix-
els [28]. However, with the rise of computer-aided approaches in computer
vision, specialists have utilized multiple techniques to support their tasks.
One such technique is Content-Based Image Retrieval (CBIR), which can
assist in the fast and efficient analysis of medical images when compared
to hand-crafted analysis. Given the large-scale images of WSI, the use of
CBIR techniques in their analysis has become more frequent [38].

In histopathology image analysis, Content-Based Histopathological Im-
age Retrieval (CBHIR) presents a more complex challenge compared to
classical CBIR due to the high variability in the visual appearance com-
ponents of cells in different tissues, including shape, color, or texture [1].
Nevertheless, deep learning models, such as Convolutional Neural Networks
(CNNs) and Vision Transformers (ViTs), have greatly contributed to the
extraction of these components using pre-trained models [58] on a large-
scale dataset like ImageNet [12]. Although these methods can help as a
feature extractor for CBHIR systems, they are not specialised enough to
be used if the histopathological image domain changes due to the single
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modality these pre-trained models have [32]. Because of this, it is often
necessary to retrain these models using the transfer-learning strategy to
specialize them in the domain of histopathological images. This could be
costly in terms of time and computational resources, considering the large
number of parameters these pre-trained models have and the large number
of patches that public datasets usually have. Even if the domain-specific
training is surpassed, the image descriptor is a single-scale embedding that
only leverages the deeper single-scale linear layers or advanced pooling lay-
ers of the model, missing out on the richer spatial context from earlier
layers that a multi-scale perspective of the image can offer.

1.1 Problem Definition

The introduction of Features Pyramid Networks (FPN) in computer vi-
sion has sparked a significant shift towards leveraging comprehensive pre-
trained networks for feature extraction [43]. Central to this evolution is the
increasing adoption of feature fusion within the network’s ’neck’ segment.
This trend capitalizes on the neck’s capability to integrate low-level and
high-level features from the multi-scale backbone network.

This advancement has led to a proliferation of architectural designs
aimed at refining and extending FPN’s foundational principles and mecha-
nisms. Notable examples include PANet [44], NAS-FPN [20], and BiFPN [64],
highlighting the seminal impact of FPN in promoting multi-level feature
fusion.

In the realm of Content-Based Image Retrieval (CBIR), there is a grow-
ing interest in multi-scale feature fusion driven by advancements in CNN
techniques [41, 8, 56, 66]. However, these techniques have not been exten-
sively explored in multi-scale models for histopathological images.

This study aims to meticulously design, implement, and evaluate a
multi-scale feature fusion model using local-global features. The objec-
tive is to enhance complexity and semantic richness beyond current models

2
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within a Content-Based Image Retrieval system tailored specifically for
histopathological images.

To achieve this, our work presents two main studies:

1. The initial design, implementation, and evaluation of a domain-generalized
model to validate the strategy of feature fusion using local-global fea-
tures in classical visual tasks such as Object Detection and Instance
Segmentation.

2. The comprehensive design, implementation, and evaluation of a domain-
specific model for histopathological images. This model utilizes the
local-global feature fusion approach to generate visual embedding vec-
tors for a specialized Content-Based Image Retrieval system.

By addressing these objectives, this research aims to contribute to the
advancement of feature fusion techniques in the domain of histopatholog-
ical image analysis, potentially improving retrieval accuracy and semantic
understanding in medical image applications.

1.2 Hypothesis

Multiple feature vectors can be generated to enhance the robustness
and efficiency of CMBIR systems for histopathological images, lever-
aging a multi-scale local-global feature fusion approach.

1.3 Objectives

1.3.1 General Objective

The general objective of this research is to design, implement, and evaluate
a local-global feature fusion neck architecture to generate visual embed-
ding vectors for a specialized Content-Based Image Retrieval system for
histopathological images.

1.3.2 Specific Objectives

The specific objectives of this research are as follows:

3
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1. Identify an optimal neck architecture with capabilities of efficient
multi-scale feature fusion.

2. Determine an optimal operator block for local and global feature fusion
from different receptive fields.

3. Design a neck architecture integrating the identified operator block.

4. Develop an end-to-end model using a backbone, neck, and the Mask
R-CNN head detector.

5. Evaluate the end-to-end model using the BiFPN-based neck and the
identified neck architecture.

6. Design an end-to-end model for extracting image descriptor embed-
dings from histopathological images using multi-scale local-global fused
features trained with Sub-center ArcFace loss [13].

7. Validate the model on the state-of-the-art CBHIR dataset Kimia Patch24C [55],
demonstrating improved Recall@1 through experiments with the em-
beddings.

1.4 Work Overview

The organization of this document is systematically outlined as follows:

• Introduction: This section introduces the research, elucidates the
underlying motivation, and defines the specific problem under inves-
tigation. It sets the context for the entire study by emphasizing the
research’s significance and its pertinence to contemporary discussions.

• Background: This section delves into the foundational knowledge
that informs the research. It explicates key concepts and principles
associated with Convolutional Neural Networks, provides an overview
of Instance Segmentation, Object Detection tasks, and Content-Based
Image Retrieval system, and sets forth the metrics and explanation
methods employed to assess the proposed architecture.

4
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• Related Work: This section offers a review of prior research and
studies pertinent to the subject matter.

• Proposal: This segment presents the proposed architecture, detailing
its design and implementation.

• Results and Discussion: This section furnishes the research out-
comes, specifically focusing on the metrics and explanation method
results.

• Conclusion: This concluding section encapsulates the principal in-
sights derived from the research, underscores the salience of the find-
ings, and contemplates potential trajectories for future research in this
domain.

5



Chapter 2

Background

2.1 Convolutional Neural Networks

To recap our understanding from Feed Forward Networks, each neuron
unit is represented and connected in a continuous chain-based architecture.
Each layer is described by the following equation:

h = f (Wx+ b) (2.1)

where h denotes the output of the layer, f is the activation function, W
represents the weight vector, b is the bias vector, and x is the input vector
of real values such that x ∈ Rn. In this formulation, the dimensionality Rn

of x confines the input to a one-dimensional vector. Given this constraint,
processing images in computer vision tasks using Feed Forward Networks
leads to substantial computational complexity in matrix multiplication and
results in vectors with high dimensionality of parameters.

Convolutional Neural Networks, as introduced by Kunihiko Fukushima [17],
aim to address the challenge of dimensionality by utilizing a grid-like topol-
ogy [22]. Le Cun et al. further developed and elaborated on CNNs in their
research [39, 40]. They defined a Convolutional Neural Network based on
three pivotal concepts: (I) local receptive fields, (II) shared weights, and
(III) spatial or temporal subsampling [40].

6
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2.1.1 Local Receptive Fields

As mentioned in the previous section, Feed Forward Networks consist of
fully connected layers. The interaction is facilitated through connections
between each neuron in the input layer and the corresponding neuron in
the output layer, as illustrated in Figure 2.1.

Figure 2.1: Fully connected layer. Given an input x ∈ R5 : {xi ∈ x, i = 0, 1, ..., 4}, the
hidden layer h is defined following the equation (2.1).

In CNNs, the connection is often restricted to a small neighborhood
within the layer, as depicted in Figure 2.2. This limited neighborhood is
termed the ’receptive field’ and is employed in the convolution operation
to compute sparse interactions in the input layer.

Figure 2.2: Convolutional Layer using neighborhoods: A variation of Figure 2.1

The standard convolutional operation can be represented as:

S(t) = (x ∗ y)(t)

However, this function, being continuous in t, is not directly applicable
in a discrete setting. To address this, a discrete form of the convolution

7
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operation can be adopted [4]:

S[t] = x[t] ∗ y[t] =
∞∑

k=−∞

x[k] · y[n− k]. (2.2)

Here, Equation (2.2) alludes to a 1D convolutional operation, indicating
that both x and y are 1D. For 2D operations [4], the equation takes the
form:

S[m,n] = x[m,n] ∗ y[m,n] =
∞∑

j=−∞

∞∑
i=−∞

x[i, j] · y[m− i, n− j] (2.3)

Equation (2.3) correlates directly with the receptive field concept: in this
context, x represents the input, y is the kernel, and S denotes the feature
map. Within this framework, connections remain localized within the 2D
space of both the input vector and the kernel, as demonstrated in Figure
2.3.

Figure 2.3: Example of a convolutional operation involving an input x and a kernel y.
Adapted image sourced from [22].

2.1.2 Shared Weights

In CNNs, the convolutional layers use the equation (2.3) to operate over
the two dimension. In this process, the kernel y is shared for more than
one function in a model [22]. This shared kernel is also know as the filter of
the convolution that is convolved with the input. The Figure 2.3, display
the a simple plane as input within which all the units share the same set
of weights [40]. An example of this can see in the Figure 2.4.
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Figure 2.4: Convolving a 3× 3 kernel over a 4× 4 input using unit strides. Image and
caption sourced from [15].

Convolutional Layer

Having defined the concepts of Local Receptive Fields and Shared
Weights, we can express the convolutional layer in terms of equation (2.1)
as:

h = f (K ∗ x+ b) , (2.4)

where the operator * represents the convolution between the kernel vector
K (or the shared weights) and the input vector x.

2.1.3 Spatial or Temporal Subsampling

After applying the convolution operation, the positions of the values in
the input vector become less relevant in the output vector or feature map.
This can be problematic, especially as these positions may vary across
different instances [40]. This issue becomes even more pronounced when
multiple convolutions are applied, as commonly occurs in layers. As a
result, the extraction of distinctive features might shift in the location of
the receptive field. One approach to address this problem is by reducing
the precision with which the positions of distinctive features are encoded
in a feature map. This reduction is akin to subsampling the output layer
and is typically executed after one or more convolutional layers.

Pooling Operation

One operation used to reduce the feature map’s dimensionality is the Pool-
ing operation, typically applied after one or more convolutional layers. This
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operation modifies the layer’s output by summarizing its values. Conse-
quently, the spatial dimension is reduced, yielding a new representation of
the output with fewer parameters and computations.

The two most common pooling operations are:

• Max Pooling [79]: This operation selects the maximum value from
defined patches of a feature map.

• Average Pooling [40]: This operation computes the average value over
specified patches of a feature map.

Both operations result in a downsampled version of the output feature
vector, helping to produce a representation that remains relatively invariant
to minor shifts in the input vector [22].

2.1.4 Computer Vision Tasks: Instance Segmentation and Ob-
ject Detection

Convolutional Neural Networks have been instrumental in the realm of
computer vision, initially applied to image classification tasks [39, 40]. In
these tasks, the network classifies images based on elementary visual fea-
tures extracted, such as corners, edges, and endpoints. These features,
processed across multiple layers of the network, are optimized to best rep-
resent the image in question.

Emerging from this foundational task, the versatility of CNN-based ap-
proaches has expanded to encompass a broader spectrum of tasks like ob-
ject detection, semantic segmentation, instance segmentation, object track-
ing, and more [82, 76]. The purpose of this work focuses on two critical
tasks: Object Detection and Instance Segmentation.

Object Detection

Object detection is an advancement of the primary task of image classifi-
cation. While image classification identifies the main subject of the image,
object detection aims to classify and recognize multiple objects within the
image. These individual objects are referred to as instances. The objec-
tive of object detection is to design a network that detects all of these
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instances annotated in an image. In this process, the network, also known
as a detector, must identify the position of each instance and then assign
a coordinate bounding box around it.

The foundation of the object detection task wasn’t originally built upon
the CNN architecture. It began with the pioneering work of Viola and
Jones [68, 67], who employed various techniques such as Haar-like fea-
tures, integral images, Adaboost, and cascading classifiers [76]. Subse-
quently, Dalal and Triggs [11] introduced the Histogram of Oriented Gra-
dients (HOG) as a feature descriptor. Their detection approach utilized a
grid-based decomposition of the image and created a gradient histogram
for each grid element. These elements were then classified using a linear
SVM.

However, prior models was based in the handcrafted features of the an-
notations. This problem was solved with the usage of the deep learning
models, in more specific, the CNN models, due the ability to extract the
high level features of the image. It’s possible to identify two type of the
CNN-based dectetor: one-stage and two-stage detector. In firs case,
the two-stage detector, the model use a combination of backbone (in some-
times plus a neck) to extract the high level features and then pass it to a
head that do the classify task. In the other hand, the one-stage network
use an entire model to extract the feature and do the classify of the object
in one pass-through stage.

In this work, we will focus on the two-stage model, which will be further
described in Chapter 3.

Instance Segmentation

Much like the previously discussed tasks of classification and object detec-
tion, image segmentation leverages the high-level features of an image to
classify its pixels based on annotations. This overarching task can be fur-
ther subdivided, with the most prominent and those explored in this work
being semantic segmentation and instance segmentation [48, 23]. Semantic
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segmentation classifies each pixel of the image into object categories such
as cars, people, or traffic signs. Conversely, instance segmentation delves
deeper, identifying and segmenting pixels corresponding to individual in-
stances present in the image, distinguishing between each person, each car,
or each traffic sign.

The concept of instance segmentation was pioneered by Hariharan et
al. in their pioneer work titled Simultaneous Detection and Segmenta-
tion [25]. Here, a two-stage network was utilized for both object detection
and instance segmentation. Following this groundbreaking work, several
state-of-the-art instance segmentation architectures emerged, utilizing the
two-stage approach. One such architecture will be elaborated upon in
Chapter 3.

2.1.5 Metrics and CNN Explanation

To evaluated the performance of the models, it is necessary to summarise
the principal metric commonly used for Object Detection and Instance
Segmentation. On the other hand, in addition to performance metric of the
models, we will define a strategy to evaluate the confidence of the proposal
models and their respective variations, using visual and numerical evidence
at the moment to compere these different models with each others.

Metrics for Object Detection and Instance Segmentation

Both Object Detection and Instance Segmentation metrics are based in
the same metric reasoning: where and what a correct or incorrect area or
object the model predicted. The most common way to measure the where
part, is using the Intersection over Union (IoU), or the Jaccard
Index [33, 34], and is define as the measure of the area of intersection
between the predicted segmentation mask A (or the predicted bound box
in the Object Detection) and the ground truth map B (or the ground
truth bound box in the Object Detection), divided by the area of the union
between them, and is defined as:

IoU = J(A,B) =
||A ∩B||
||A ∪B||

, (2.5)
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where || · || detonated the area of the set, and J(A,B) the Jaccard Index,
that is also in the range 0 and 1.

The most common way to measure the what part a correct or incorrect
area or object the model predicted from the beginning above definition,
is using the classical terms True positive (TP ), False positive (FP ) and
False negative (FN). Also, the True Negative (TN) result are not used
in the most command metrics, because indicate anywhere position where
the model do not predict a mask or object and their respective annotation
did not provide a mask or object; then the TN are vast and unnecessary
to calculate. Whit this concepts, it is possible to define for each class, the
Precision and Recall measure as:

Precision =
TP

TP + FP
, (2.6)

Recall =
TP

TP + FN
. (2.7)

Whit this two measure, it is possible to define the Precision-Recall (PR)
curve, where it is show the relationship between Recall on the x-axis and
Precision on the y-axis. In this case, the simple form to define a discrete
definitions of this is using the Intersection over Union as a threshold
for the points in the Precision-Recall (PR) curve:

PR(A,B) =

|A|∑
i=0

|B|∑
j=0

PR(Ai, Bj) · I [IoU(Ai, Bi) > α], (2.8)

where | · | detonated the length of the set, PR(Ai, Bj represent the point
of the Precision-Recall (PR) curve for each element of the set A and B,
I [] the indicator function, and α the IoU threshold. Then, it’s possible
to define the mean Average Precision (AP) as the area under the
Precision-Recall (PR) curve for each N classes as:

mAP =
1

N

N∑
i=1

||PRi||. (2.9)
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CNN Model Explanation

In the realm of designing and implementing Convolutional Neural Net-
works, deeper networks aim to achieve more complex representations of in-
puts compared to their shallower counterparts [6]. Specifically, for tasks in
image processing or computer vision, such intricate representations enable
enhanced hierarchical depictions of images [77]. This is attributable to how
the multiple layers in the network effectively capture pertinent information.
However, these deeper networks often present challenges in interpretability,
as their predictions can be difficult to elucidate due to limited insight into
their internal operations [35].

To address this challenge, it is possible to employ advanced methods
that offer improved interpretability and explanations of model performance.
This facilitates a more robust evaluation when comparing different models.
In this study, we aim to provide clearer insights into the behaviors of the
proposed and tested models by utilizing a visual class-discriminative
location technique and a novel Remove and Debias metric technique.

Explanation model using Ablation CAM

Visual explanations detailing how a model captures features across its lay-
ers can offer valuable insights into the model’s internal behaviors. A novel
avenue in this domain is the suite of Class Activation Mapping (CAM)
based methods [78, 54, 9, 16, 69, 14]. These techniques produce a visual
explanation map by retaining spatial information throughout convolu-
tional layers and underscoring the significance of each neuron for specific
decision regions.

Drawing inspiration from the pioneering work of Bolei Zhou et al. [78],
the visual explanation map, given a model prediction f for a target
class c of an input image x, can be formulated as:

Lc
CAM(A) = ReLU

(
Nl∑
k=1

wc
kAk

)
, (2.10)

where A = f [l](x) denotes the output of the l-th layer, Ak represents the
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k-th activation map of A, and wc
k is the k-th weight corresponding to class

c. The symbol Nl designates the count of activation maps in the l-th layer.
Within the CAM paradigm, the coefficient wc

k indicates the significance of
Ak [78]. Applying the ReLU activation to the linear combination filters
only the positive map values, thereby pinpointing pixels influencing the
target class c.

In this research, we adopt the approach described by Saurabh Desai et
al. in Ablation CAM [14]. This method is favored to avoid the gradient
saturation issues faced by gradient-weighted strategies like Grad-CAM [54].
Gradient saturation in these techniques leads to diminishing backpropaga-
tion gradients, consequently causing visualizations to falter in identifying
pertinent image regions [14, 16].

Ablation CAM introduces a procedure wherein, for a given input im-
age x, a first forward pass through the model yields a non-linear function
termed the class activation score yc for class c, derived from the acti-
vation map Ak of the final convolutional layer. In a subsequent forward
pass with the same input image x, individual activation cell values of the
activation map Ak are set to zero. This leads to the ablation of the k-th
unit, generating a new class activation score yck to serve as a baseline
for the activation map Ak. The slope produced by this unit’s ablation is
defined as:

slope =
yc − yck
∥Ak∥

. (2.11)

Ablation CAM utilizes a modified version of this slope to avoid small
values that arise when the norm ∥Ak∥ is significantly larger than the dif-
ference yc − yck. This modification defines the coefficient wc

k in equation
(2.10) as:

wc
k =

yc − yck
yc

, (2.12)

and this can be interpreted as the relative decrease in class activation score
c upon the removal of activation map Ak [14].
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2.2 Content-Based Image Retrieval

Content-Based Image Retrieval (CBIR) is a technique for retrieving rel-
evant images from a large database based on the content of the images
themselves, rather than relying on metadata such as tags, keywords, or
descriptions. CBIR systems are designed to index and retrieve images by
analyzing their visual content, including features like color, texture, shape,
and spatial relationships.

2.2.1 Architecture of a CBIR

Based in the flow diagram of the Figure 2.5, the architecture of a Content-
Based Image Retrieval system includes several key components and their
interactions. The classical definition of each part as shown in the Figure
are:

• Images/Embeddings: This component represents the database of im-
ages. It can either store the raw images or their embeddings, which
are compact feature representations extracted from the images.

• Feature Extraction: This component is responsible for processing the
input images or embeddings to extract meaningful features. These
features can include color histograms, texture descriptors, shape fea-
tures, or more complex embeddings obtained through deep learning
models.

• Search Index Motor: The search index motor organizes and indexes
the extracted features to facilitate efficient retrieval. It uses index-
ing structures like k-d trees, R-trees, or other advanced methods to
manage the feature space.

• Similarity Measurement: This component measures the similarity be-
tween the query image’s features and the features of the indexed im-
ages. It computes distance metrics like Euclidean distance, cosine
similarity, or other domain-specific measures to rank the retrieved im-
ages based on their relevance to the query.
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• Retrieval Visualization: The retrieval visualization module handles
the presentation of the search results to the user. It visualizes the
images that are most similar to the query, typically in a ranked order,
and provides an interface for user interaction.

Figure 2.5: Architecture of a Content-Based Image Retrieval (CBIR) System. This
diagram illustrates the main components and workflow of a CBIR system. Images
from the database are processed through feature extraction, which are then indexed
by the search index motor. When a user submits a query, its features are extracted
and compared to the indexed features through similarity measurement. The results are
visualized and presented to the user, showing the most relevant images retrieved from
the database. Image modified from [38].

2.2.2 Metrics CBIR

In Content-Based Image Retrieval systems, several metrics are used to eval-
uate the performance of the retrieval process. These metrics help quantify
how well the system retrieves relevant images in response to a query. Below
are some of the common evaluation metrics and the used for this work.
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Precision

Precision is the ratio of the number of relevant images retrieved to the total
number of images retrieved, and is defined as:

Precision =
|{Relevant Images} ∩ {Retrieved Images}|

|{Retrieved Images}|
(2.13)

Recall

Recall is the ratio of the number of relevant images retrieved to the total
number of relevant images in the database. Then, the Recall is defined as:

Recall =
|{Relevant Images} ∩ {Retrieved Images}|

|{Relevant Images}|
(2.14)

Mean Average Precision (mAP)

Mean Average Precision (mAP) is the mean of the Average Precision (AP)
values for a set of queries. AP for a single query is the average of precision
values obtained at different levels of recall, and is defined as:

AP =
1

|{Relevant Images}|

n∑
k=1

P (k) · rel(k) (2.15)

where P (k) is the precision at rank k, rel(k) is a binary function that is
1 if the image at rank k is relevant and 0 otherwise, and n is the total
number of retrieved images. Then given Average Precision definition, the
Mean Average Precision is define as:

mAP =
1

Q

Q∑
q=1

APq (2.16)

where Q is the total number of queries.
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Chapter 3

Related Work

3.1 Feature Fusion Techniques

In this section, we will explore the types of Feature Fusion Techniques
represented by the state-of-the-art neck BiFPN [64] architecture and theirs
precursor architectures FPN [43], PANet [44], and NAS-FPN [20].

3.1.1 FPN

The prior use of featurized image pyramids [2] in object detection was aimed
at leveraging their scale-invariance. This unique property allows a model to
detect objects over a vast scale range by examining in the pyramid levels.
As a result, the detector can generate a multi-scale feature representation
where every level, possesses robust semantic value. However, employing
this multi-scale feature without an appropriate method of feature fusion
can lead to significant semantic discrepancies due to varied depths. To
address this challenge, Tsung-Yi Lin et al. introduced [43] an architecture
that adeptly merges low-resolution features rich in semantics with high-
resolution features that are semantically weaker. This is achieved through
a top-down pathway combined with lateral connections.

3.1.2 PANet

Building upon the architecture of the Feature Pyramid Network (FPN) [43],
Shu Liu et al. extended their research [44] to introduce a more sophisti-
cated architecture termed the Path Aggregation Network (PANet). They
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pinpointed a significant challenge in the foundational FPN design: a length-
ened pathway from the basic structural elements to the most advanced fea-
tures. This elongated route hinders the extraction of detailed localization
information. Notably, accessing features at the foundational levels, which
are crucial for pinpointing larger instances, becomes increasingly difficult.

In tackling the challenge, the Bottom-up Path Augmentation method is
adopted. This method amplifies the entire feature hierarchy’s localization
ability by highlighting the dominant responses of foundational patterns.

3.1.3 NAS-FPN

In the study presented by Golnaz Ghiasi et al., they introduced a novel ar-
chitecture termed NAS-FPN [20]. This architecture leverages an extensive
search space to discern the optimal arrangement of unit merge routes. The
technique they adopted is based on the Neural Architecture Search (NAS)
methodology [80], which was previously proposed by Zoph et al. [81]. A
distinctive feature of this algorithm is its capability to craft modular archi-
tectures. Such modular structures can be efficiently replicated and stacked,
culminating in a scalable design. Inspired by this modular concept, Gol-
naz Ghiasi et al. designed a search space adept at churning out scalable
architectures, especially those generating pyramidal representations.

3.1.4 BiFPN

The imperative nature of devising an architectural framework that offers
scalability in detection, while simultaneously ensuring enhanced accuracy
and superior efficiency across an expansive range of resource constraints,
has driven researchers to seek innovative solutions. In light of this, Mingx-
ing Tan et al. introduced the model termed Bi-Directional Feature Pyra-
mid Network (BiFPN) [64]. This model endeavors to achieve elevated
performance metrics in one-stage detectors. It does so by harnessing the
capabilities of an efficient multi-scale feature fusion coupled with learnable
weights. These weights are strategically employed to discern and adapt to
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the significance of varied input features.

In this study, the researcher critically evaluated the Multi-Scale Fea-
ture Representations as proposed by the NAS-FPN model [20]. It was
observed that the execution of this model necessitates a disproportionately
high consumption of resources, primarily due to the vastness of its search
space. Furthermore, when inspecting architectures such as FPN [43] and
NAS-FPN [20], there seems to be a discrepancy in the manner in which dif-
ferent input features are fused, resulting in an inconsistent output feature
fusion. To address these shortcomings and augment the model’s efficiency,
the BiFPN was introduced, which incorporates cross-scale connections.
These connections are specifically designed to rectify the aforementioned
inefficiencies in the previously discussed architectures. The optimizations
encapsulated within BiFPN include:

1. The elimination of nodes possessing only a singular input edge. This
is orchestrated with the objective of eschewing nodes that do not ac-
tively participate in the fusion of different feature maps, thus ensuring
that only the significant nodes with multiple connections contribute
to feature amalgamation.

2. The integration of an additional edge that extends from the original
input feature maps to the corresponding output node, provided they
reside on the same hierarchical level. This is pursued to facilitate a
more comprehensive feature fusion without necessitating the introduc-
tion of a plethora of operators.

3. The incorporation of a bi-directional pathway (both top-down and
bottom-up) within a singular feature network layer. This layer is
then replicated numerous times to foster an enriched high-level feature
fusion process.

A graphic representation detailing these optimizations, showcasing BiFPN
as the feature network, can be found in Figure 3.1.

In the preceding architectures, there is a discernible uniformity in the
treatment of input features. This homogeneity often overlooks the nuanced
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Figure 3.1: Diagram illustrating of BiFPN as the feature network. Image adapted
from [72].

significance that some features might possess over others. Contrary to this
general approach, BiFPN employs a strategy that allocates a unique weight
to each input. This allocation is not arbitrary; rather, it is meticulously de-
signed to facilitate the network’s learning of the relative importance of each
input feature. This weighting mechanism is encapsulated in the methodol-
ogy termed Fast Normalized Fusion, which is described as:

O =
∑
i

wi

ϵ+
∑

j wj
· Ii, (3.1)

In the above equation, Ii delineates the i-th fused feature map. The term
wi represents the weight of the corresponding feature map, and to ensure
its non-negativity, a Rectified Linear Unit (ReLU) is applied post determi-
nation of each wi. The constant ϵ = 0.0001 is judiciously incorporated to
circumvent potential numerical instabilities that might arise during calcu-
lations.
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3.2 Histopathological Features Representation for Im-
age Retrieval

In this section, we analyzed the most recent works and proposals related
to: (I) Content-Based Histopathological Image Retrieval using deep learn-
ing models as feature extractors and (II) a model that is using a strategy
of multi-scale receptive fields and local-global feature fusion for the image
descriptor in the context of histopathological images.

The actual design of Content-Based Histopathological Image Retrieval
is based on deep learning models for the feature extraction process as image
descriptors embedding, especially Convolutional Neural Networks (CNNs)
and Vision Transformers (ViTs). For example, Hegde et al.[28] propose a
similar image search tool named SMILY, based on a CNN ranking model
which produces the embedding image descriptor from the tissue samples
collection of TCGA. The model used by SMILY was trained with a pair
multi-similarity loss using the distance between the embeddings of natural
images (e.g., trains, animals, persons, etc)[3].

Another proposal that uses CNN models trained with the multi-similarity
loss is proposed by Yang et al.[74], where they used a mixed attention mech-
anism with spatial attention and channel attention. The model was trained
using a self-established histopathological image retrieval dataset and the
public dataset Kimia Path24C[55]. In this project, the author specifies that
the embedding of the image descriptor is extracted using bottleneck oper-
ations composed of Squeeze-and-Excitation blocks [30] and fully-connected
layers.

Another approach with CNNs is proposed by Tabatabaei et al. in their
work [61], where they used a Convolutional Auto-Encoder with unsuper-
vised training. The proposed model reconstructs the input image and ex-
tracts the image descriptor embedding from the bottleneck of the auto-
encoder.
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Alizadeh et al. used a novel siamese CNN hashing model [49] to avoid
imbalanced classes and limited samples in histopathological image datasets.
The siamese model uses two pre-trained models with shared weights as
feature extractors and a hash code generator layer. It was trained using
a pair contrastive loss function and the public datasets Kather [36] and
BreakHis [60].

A similar approach with a siamese CNN as a feature extractor and
trained with a contrastive loss can be found in the work of Tabatabaei et
al.[62], where the embeddings of the image descriptor are extracted from the
deeper layers using global average pooling. The siamese model was trained
for two specific histopathological image domains: skin cancer with a dataset
of spitzoid melanocytic skin cancer provided by the University Clinic Hos-
pital of Valencia, and breast cancer with the dataset BreakHis[60].

In the paradigm of multi-scale and local-global feature descriptors, the
work of Iqbal et al. [32] presents a novel approach for the fusion of textural
features extracted from a Global-Local Pyramid Pattern (GLPP) [31] and
visual features extracted with a CNN trained in multiple medical image
domains like X-ray, breast tumors, and skin lesions.
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Chapter 4

Proposal

In alignment with the objectives delineated in Section 1.3.2, this chap-
ter presents the newly proposed architectural framework termed Local-
Global Feature Fusion Detection Model (LGFFDM) and their re-
spective implementation for the CBIR task, Local-Global Feature Fu-
sion Embedding Model (LGFFEM).

4.1 LGFFDM: Local-Global Feature Fusion Detection
Model

LGFFDM architecture design draws inspiration from the two-stage detec-
tor paradigm, as comprehensively elucidated in Chapter 3. The architec-
ture is strategically segmented into three primary components:

1. Backbone: This component represents the refined network specifi-
cally tailored for feature extraction. Within this segment, we harness
feature maps from diverse stages of the network. The intent is to
meticulously capture feature maps both from advanced (high-level)
stages and foundational (low-level) stages of the network.

2. Neck: The neck merges connections from various stages of the back-
bone. It incorporates the structure of the BiFPN [64]. Within this
framework, we introduced two new components: the Local Aggre-
gator and the Global Aggregator. A deeper exploration of these
components will be provided in Section 4.1.1.
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3. Head Detector: This segment integrates a Mask R-CNN head [27],
equipped with two distinct RoI Pooler operators. While one is ded-
icated to the Object Detection task, the other is tailored for the In-
stance Segmentation task. These poolers subsequently receive inputs
from the varied fused levels extended by the neck.

A comprehensive visualization of the final architecture is presented in Fig-
ure 4.1.

Figure 4.1: Detailed schematic of the LGFFDM architecture.

The subsequent sections will delve into the design intricacies of the Fea-
ture Aggregator Units located within the neck, emphasizing their integra-
tion within the LGFFDM structure.

4.1.1 Feature Aggregator Units

Drawing parallels with ParseNet [45], the Feature Aggregator Units are
designed to synergize both local and global features emanating from the
backbone stages. Within the scope of this research, the distinctions be-
tween local and global features are articulated as follows:
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1. Local Feature: The features given possessing minimal receptive field,
these features preserve intricate spatial information, thereby facilitat-
ing the generation of high-level features.

2. Global Feature: The features extracted from a generalization op-
eration from expansive receptive field, are adept at capturing robust
semantic information. These are categorized as low-level features.

Global Operator

In the Squeeze-and-Excitation networks study [30], the convolutional vector
operation presented in Equation (2.4), denoted as K ∗ x, involves a sum-
mation across all channels C. The output from this operation is closely
interwoven with the local spatial correlations captured by the filters K. To
address the convolutional complexities, the squeeze-and-excitation block
integrates global spatial information throughout the channels and subse-
quently consolidates this data through channel-wise dependencies. Then,
for an input X ∈ RC×H×W , the global feature operator of the squeeze-and-
excitation block is defined as follows:

G(X) = W2 (δ (W1(g(X)))) , (4.1)

where both W1 ∈ RC
r ×C and W2 ∈ RC×C

r represent learnable weights. The
channel reduction factor is denoted as r and usually takes values within the
set {2, 4}. Here, δ signifies the activation function. The squeeze operator,
symbolized as g(X), is formulated as:

g(X)c =
1

H ×W

H∑
i=1

W∑
j=1

xc,i,j. (4.2)

In this equation, g(X)c is a component of g(X) ∈ RC , and xc,i,j corre-
sponds to individual units of the feature map X.

Building upon the concept of point-wise channel representation intro-
duced by the global feature operator, we focus on the interaction of the
global spatial information throughout the channels. This approach mirrors
that of the MS-CAM block presented by Yimian Dai et al. in their research
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titled Attentional Feature Fusion [10]. Guided by their insights, we have
chosen to implement the point-wise convolution for channel aggregation,
specifically targeting the learnable weights W1 and W2.

As a result, the Global Operator formulated in our study can be
expressed through the following equation:

σ (G(X)) = σ (PW-Conv1×1 (δ (PW-Conv1×1(g(X))))) . (4.3)

Within this equation, σ denotes the Sigmoid function, while δ refers
to the GELU [29] activation function. The term PW-Conv1×1 signifies
the point-wise convolution. Following this, a channel-wise multiplication
is performed between the output σ (G(X)) and the input X. A graphical
representation of the Global Operator is available in Figure 4.2a.

(a) Detailed schematic Global
Aggregator Unit.

(b) Detailed schematic Local
Aggregator Unit.

(c) Detailed schematic of the
merge unit node.

Figure 4.2: Diagram illustrating the Feature Aggregator Units and merge unit node
FMBConvCA, proposed for the LGFFDM.
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Local Operator

Given the understanding that channel relationships shaped by convolution
are inherently implicit and localized, the Local Operator functions as a
simplified version of equation (4.3). Notably, this operator excludes the
global feature operator :

σ (L(X)) = σ (PW-Conv1×1 (δ (PW-Conv1×1(X)))) . (4.4)

Mirroring the process in equation (4.3), a channel-wise multiplication is
carried out between the output σ (L(X)) and the input X. A graphical
illustration of the Local Operator can be found in Figure 4.2b.

FMBConvCA Block

After establishing the architecture of the Aggregator Units, we incorpo-
rate them into a refined version of the Fused-MBConv block [24], hereafter
referred to as FMBConvCA. This modification is analogous to the en-
hanced block delineated in the study by Hatamizadeh et al. [26]. The
purpose of this novel block is to imbue the network with advantageous
characteristics, such as inductive bias and the capacity to model inter-
channel dependencies, particularly at the various stages within the neck of
the architecture. The bottleneck equation for the FMBConvCA block can
be formally defined as follows:

FMBConvCA (X) = PW-Conv1×1 (CA (δ (DW-Conv3×3 (X)))) , (4.5)

In Equation 4.5, the term DW-Conv3×3 denotes a 3 × 3 depth-wise
convolution operation [30]. The symbol δ is employed to represent the
Gaussian Error Linear Unit (GELU) activation function [29]. Moreover,
PW-Conv1×1 signifies the point-wise convolution operation. Within this
equation, CA stands for the Aggregator Units, which can take the form of
either σ (L(X)) or σ (G(X)). Lastly, the output of the FMBConvCA (X)
operation is subject to direct summation with the input vector X. A visual
representation of the FMBConvCA block is provided in Figure 4.2c.
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The incorporation of the Aggregator Units into the FMBConvCA
block provides enhanced capabilities for contextual understanding and fea-
ture extraction. By elegantly combining the depth-wise and point-wise
convolutions with the Aggregator Units and GELU activation function,
the block aims to achieve a balance between computational efficiency and
representational power. This design fosters a robust architecture capable of
handling intricate data patterns and inter-channel dependencies, thereby
amplifying the overall performance of the neck.

4.1.2 Architecture of the LGFFN

As alluded to in the introductory section of this chapter, the salient in-
novations proposed in this work predominantly reside in the neck com-
ponent of the overall neural network architecture. The schematic repre-
sentation of this enhanced neck, denoted as Local-Global Feature Fusion
Neck (LGFFN), is illustrated in Figure 4.1. The proposed architecture in-
corporates the node structures layer from the BiFPN [64] and substitutes
the Fast Normalized Fusion weighting mechanism with the FMBConvCA
block within each node.

The input nodes for this specialized neck region are labeled as P1_0,
P2_0, P3_0, and P4_0, each of which corresponds to the lateral output from
the backend of the network. The intermediate nodes1, namely P3_1 and
P2_1, serve as internal aggregation fusion points. Similarly, the terminal
nodes1, denoted as P1_2, P2_2, P3_2, and P4_2, represent the ultimate ag-
gregation fusion nodes and are analogous in function to their counterparts
in the traditional BiFPN architecture layer.

The formal definitions for each of these feature fusion nodes are enu-
1The colors JungleGreen and DarkOrchid are consistent with the color scheme used to denote

intermediate and terminal nodes, respectively, in Figure 4.1.
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merated below:

P3_1 = FMBConvCA-g
(
P3_0

)
⊕ FMBConvCA-L

(
Resize

(
P4_0

))
(4.6)

P2_1 = FMBConvCA-g
(
P2_0

)
⊕ FMBConvCA-L

(
Resize

(
P3_1

))
(4.7)

P1_2 = FMBConvCA-g
(
P1_0

)
⊕ FMBConvCA-L

(
Resize

(
P2_1

))
(4.8)

P2_2 = FMBConvCA-L
(
P2_0

)
⊕ FMBConvCA-L

(
P2_1

)
(4.9)

⊕ FMBConvCA-g
(
Resize

(
P1_2

))
(4.10)

P3_2 = FMBConvCA-L
(
P3_0

)
⊕ FMBConvCA-L

(
P3_1

)
(4.11)

⊕ FMBConvCA-g
(
Resize

(
P2_2

))
(4.12)

P4_2 = FMBConvCA-L
(
P4_0

)
⊕ FMBConvCA-g

(
Resize

(
P3_2

))
(4.13)

In the above equations, FMBConvCA-L and FMBConvCA-g represent
variants of the FMBConvCA Block configured for both Local Operator
and Global Operator, and ⊕ indicates a direct summation operation.

The LGFFN neck design presents a nuanced approach to achieving ef-
ficient feature fusion and contextual understanding. By embedding the
FMBConvCA Block within the nodes, the architecture enhances its capa-
bilities for capturing complex relationships and spatial dependencies across
channels. These intricacies are efficiently managed, thus contributing to the
overall robustness and performance of the neck.

4.2 LGFFEM: Local-Global Feature Fusion Embed-
ding Model

The Local-Global Feature Fusion Embedding Model (LGFFEM) frame-
work’s is a modified version of the Local-Global Feature Fusion Detection
Model (LGFFDM) proposed for the CBIR task, and their design is com-
poses by the same three principal components of the LGFFDM, but with
a modified GeM head that create the image descriptor feature embedding
given the fused feature from neck using multiples mini-heads composed
by trainable poling layers, fully-connected layers and normalization opera-
tions. A comprehensive visualization of the final architecture is presented
in Figure 4.3.
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Stage 1

DS

Stage 2

DS

Stage 3

DS

Stage 4

Input

Backbone
LGFFN

Layer 1

LGFFN

Mini Head

Mini Head

Mini Head

Mini Head

S
ta

c
k

GeM Head

Figure 4.3: Detailed schematic of the LGFFEM architecture. The architecture com-
prises a pre-trained backbone as a feature extractor from multi-scale stages, a trainable
neck consisting of layers for local-global feature fusion, and a pooling head composed
of trainable GeM mini-heads for each multi-scale fused feature from the neck.

4.2.1 Modified Feature Aggregator Units

Global Aggregator

The modified global feature operator for the LGFFEM architecture, can be
formulated through the following equation:

G(X) = PW-Conv1×1 (GRN(δ (PW-Conv1×1(DW-Conv3×3(X))))) .
(4.14)

Within this equation, δ refers to the GELU [29] activation function. The
term PW-Conv1×1 signifies the pointwise convolution, and DW-Conv3×3

signifies the dephwise convolution, while GRN refers to the Global Response
Normalization(GRN) layer.

As a channel-wise attention, and similar as Squeeze-and-Excitation net-
works, the novel Global Aggregator is defined as:

GA(X) = α ·X⊕ (1− α) · (X⊙ σ (G(X))) , (4.15)

where α is a trainable parameter, and σ denotes the Sigmoid function.
A graphical representation of the Global Aggregator is available in the
Figure 4.4a.
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Global Aggregator

(a) Detailed schematic Global
Aggregator Unit.

Local Aggregator

(b) Detailed schematic Local
Aggregator Unit.

Mini Head

(c) Detailed schematic Mini
Head Unit from GeM Head.

Figure 4.4: Illustration of the bottleneck operation for the Local and Global aggregators
and the pooling GeM mini-head
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Local Aggregator

Similar as the Local Aggregator of the LGFFDM, the local feature operator
functions as a simplified version of equation (4.14). Notably, this operator
excludes the generalized spatial dependency operator g(X):

L(X) = PW-Conv1×1 (δ (PW-Conv1×1(X))) . (4.16)

Finally, applying the channel-wise attention, the novel Local Aggregator
is defined as:

LA(X) = α ·X⊕ (1− α) · (X⊙ σ (L(X))) , (4.17)

A graphical illustration of the Local Aggregator can be found in the
Figure 4.4b.

4.2.2 Modified LGFFN’s Architecture

The schematic representation of the modified LGFFN’s architecture is il-
lustrated in Figure 4.3. The formal definitions for each of new feature
fusion nodes are enumerated below:

P3_1 =
w

3_1
1 ·GA

(
P3_0

)
⊕ w

3_1
2 · LA

(
Resize

(
P4_0

))
w

3_1
1 + w

3_1
2 + ϵ

(4.18)

P2_1 =
w

2_1
1 ·GA

(
P2_0

)
⊕ w

2_1
2 · LA

(
Resize

(
P3_1

))
w

2_1
1 + w

2_1
2 + ϵ

(4.19)

P1_2 =
w

1_2
1 ·GA

(
P1_0

)
⊕ w

1_2
2 · LA

(
Resize

(
P2_1

))
w

1_2
1 + w

1_2
2 + ϵ

(4.20)

P2_2 =
w

2_2
1 · LA

(
P2_0

)
⊕ w

2_2
2 · LA

(
P2_1

)
⊕ w

2_2
3 ·GA

(
Resize

(
P1_2

))
w

2_2
1 + w

2_2
2 + w

2_2
3 + ϵ

(4.21)

P3_2 =
w

3_2
1 · LA

(
P3_0

)
⊕ w

3_2
2 · LA

(
P3_1

)
⊕ w

3_2
3 ·GA

(
Resize

(
P2_2

))
w

3_2
1 + w

3_2
2 + w

3_2
3 + ϵ

(4.22)

P4_2 =
w

4_2
1 · LA

(
P4_0

)
⊕ w

4_2
2 ·GA

(
Resize

(
P3_2

))
w

4_2
1 + w

4_2
2 + ϵ

(4.23)
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In the above equations, LA and GA represent both Local Aggregator and
Global Aggregator, ⊕ indicates a direct summation operation, while wi

j

represent the weight for the operation j ∈ {1, 2|1, 2, 3} in the node i ∈
{3_1, 2_1, 1_2, 2_2, 3_2, 4_2}, and ϵ a small value to avoid numerical
instability [64].

4.2.3 Embedding Head

Given the fused 2D features maps from the terminal nodes P1_2, P2_2,
P3_2, and P4_2 from a layer of the neck, the embedding head will create
the image descriptors, as illustrated in the Figure 4.3 like GeM Head. This
head is composed by four mini heads, one for each terminal nodes, and
similar to the works [57, 8], we applied a Generalized-Mean (GeM) [52]
pooling layer with learnable parameters for the polling process of the 2D
feature maps.

Then, given a features map Pi with dimension Cin × Hi × Wi where
i ∈ {1_2, 2_2, 3_2, 4_2}, a mini head produce a vector fi with size Cin

produce by:
fi = FC (l2 (FC (GeM (Pi)))) , (4.24)

where FC represent a fully-connected layer, l2 the L2 normalization oper-
ator, and GeM the Generalized-Mean polling layer. The L2 normalization
operator is used in order to applied the Sub-center ArcFace [13] loss during
the training process and for minimizing the overall loss [70]. This bottle-
neck operation is illustrated in the supplementary Figure 4.4c.

The final vector image descriptor fe with size 4 ·Cin is composed by the
stacking process of the four feature vectors fi.
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Chapter 5

Results

5.1 Experiments Definitions

The main objective of this study is to thoroughly investigate the effec-
tiveness of our proposed end-to-end neural network models in addressing
challenges in two primary areas: (I) object detection and instance segmen-
tation, and (II) content-based image retrieval. To achieve this goal, we
have established a meticulous experimental setup to ensure computational
rigor and the reproducibility of results.

5.1.1 Hardware Configuration

For the purpose of this study, a specialized hardware configuration was
utilized during the experimental phase to facilitate accelerated computa-
tion. This hardware was instrumental in training the end-to-end neural
network with the assistance of GPU acceleration. A comprehensive list of
the hardware components and their respective models is provided in Table
5.1.

Component Model
CPU AMD Ryzen 9 5950X 16-Core Processor
GPU NVIDIA GeForce RTX 3090 24GB
RAM 64GB

Data Storage NVMe 1TB

Table 5.1: Detailed hardware configuration employed for model training.
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5.1.2 Specifications of Computational Environment

The architectures of the proposed networks was realized through the uti-
lization of the PyTorch framework [50]. To ensure compatibility and lever-
age optimizations, the computational environment was configured using
NVIDIA NGC’s official PyTorch container, version 23.05 1. This container-
ized approach facilitates reproducibility and enhances the overall robust-
ness of the experimental setup.

For the quantitative assessment of models performance, metric evalua-
tions were conducted as delineated in Section 2.1.5. Specifically, the Py-
Torch model for the LGFFDM architecture underwent evaluation via the
TorchMetrics API library 2. This library was chosen for its comprehensive
set of metrics that are well-aligned with the evaluation criteria set forth in
this study. For the LGFFEM model architecture, the evaluation initially
utilized the proposed mean average precision (mAP) implementation in-
troduced in the work Revisiting Oxford and Paris [51]. Subsequently, the
domain specification metrics for histopathology images were adopted as
proposed by the authors in [5], defined as ηp for patch-to-scan accuracy, ηw
for whole-scan accuracy, and ηtot for total accuracy. As the index retrieval
algorithm, the FAISS library 3 was used with an Euclidean index.

Furthermore, the methodologies for CNN explainability were discussed
in Section 2.1.5. To elucidate the behavior of the trained models, the CAM
strategy employed was Ablation CAM. These strategy were implemented
using the Advanced AI Explainability for PyTorch package [21].

5.1.3 Training Specifications

LGFFDM Datasets

In order to rigorously assess the performance of our proposed model in
the realms of object detection and instance segmentation, we employed the

1https://docs.nvidia.com/deeplearning/frameworks/pytorch-release-notes/rel-23-05.
html

2https://torchmetrics.readthedocs.io/en/stable/
3https://ai.meta.com/tools/faiss/
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Common Objects in Context (COCO) dataset, as outlined in [42]. Specif-
ically, the 2017 version of this dataset was utilized for both the training
and evaluation phases. The COCO dataset is a large-scale, multi-purpose
resource that encompasses various tasks within computer vision, including
image classification, object detection, semantic segmentation, and instance
segmentation. It boasts an extensive collection of 328,000 images, encom-
passing 2.5 million labeled instances across 91 object classes, 80 of which
are designated for the task of instance segmentation.

One salient feature of the COCO dataset that aligns well with the ob-
jectives of this research is its proclivity for scale variation and small object
instances. A significant portion of object instances in the dataset occupies
less than 1% of the overall image area, as noted in [59]. This characteristic
makes the COCO dataset an ideal candidate for evaluating how well our
proposed model can generalize and perform when confronted with scale
variability and diminutive object instances.

Nevertheless, it is imperative to acknowledge the inherent class imbal-
ance within the COCO dataset. Notably, the class labeled ’person’ is
disproportionately represented, boasting a far greater number of instances
compared to other classes.

LGFFEM Datasets

Our neck model and GeM head for the LGFFEM are trained using three
different strategies, utilizing the public training dataset ImageNet-1k [12],
which consists of 1,281,167 training images and 1,000 object classes. Addi-
tionally, we employed PanNuke [18, 19] dataset with the toolbox PathML4,
containing 189,744 segmented nuclei and encompassing 19 different types
of tissues. Additionally, Kimia Patch24C [55], a training dataset consisting
of 22,591 training patches from 24 WSIs representing various tissues, was
employed. Image augmentation for PanNuke and Kimia training datasets
was carried out using the vision tool Albumentations [7].

4http://pathml.org/

38

http://pathml.org/


Camilo Esteban Núñez Fernández UTFSM

Training Models Configuration

As delineated in Chapter 4, the architectures of the proposed end-to-end
models is compartmentalized into three integral components: (I) the back-
bone, (II) the neck, and (III) the head detector for the LGFFDM archi-
tecture; and (I) the backbone for multi-scale feature extraction, (II) the
neck and (III) the GeM head image descriptor feature embedding for the
LGFFEM architecture.

Backbone Selection and Configuration for LGFFDM architecture For the
backbone, we leverage three pre-trained models: InternImage [72], Con-
vNeXt [46], and EfficientNetV2 [63]. The configurations of these models
employed during training are detailed in Table 5.2. The backbones are
categorized into three distinct groups, each of which is organized based on
the similarity in the number of parameters. Due to constraints in hardware
capabilities and the computational time required for training, our exper-
iments focus exclusively on the models belonging to the group labeled as
G1. However, configuration files for all the proposed groups of backbones
are publicly available in the official repository.

Group Model Name # of Parameters (Millions)

G0
InternImage-T 28M

ConvNeXt-T 27M
EfficientNetV2-S 19M

G1
InternImage-S 48M

ConvNeXt-S 49M
EfficientNetV2-M 52M

G2
InternImage-B 94M

ConvNeXt-B 87M
EfficientNetV2-L 116M

Table 5.2: Configuration groups of the backbones employed in the proposed model,
alongside their respective number of parameters in millions.

Each selected backbone model has been pre-trained on an image clas-
sification task using the ImageNet dataset [12]. In accordance with estab-
lished best practices in transfer learning [75], the weights of these models
are frozen to serve as feature extractors.
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Neck Configuration for LGFFDM architecture The neck component in the
training phase adopts two distinct configurations: one based on the original
BiFPN model and another based on the proposed LGFFN model. In ad-
herence to the standard configurations utilized in the InternImage work 5,
we employ a five-layered architecture for each neck with an output channel
size of 2566.

Head Detector Configuration for LGFFDM architecture As previously stated
in the preceding chapter, the head detector employed in the end-to-end
model is Mask R-CNN. The configuration for the anchor sizes is set to
(32, 64, 128, 256) and aspect ratios are set to (0.5, 1.0, 1.5, 2.0). Both the
RoI Pooler Object and the RoI Pooler Mask receive feature outputs labeled
as ’P0’, ’P1’, ’P2’, ’P3’ from the neck component.

Backbone Selection LGFFEM architecture The backbone used for the LGF-
FEM architecture was selected from the best metrics results from the con-
figurations proposed in the Table 5.2. In this case was the pre-trained
backbone ConvNeXt V2 [73].

Neck Configuration for LGFFEM architecture Similar as LGFFDM neck’s
architecture, we only used 3 layers of LGFFN configuration with an inner
channel Cin size of 512.

GeM embedding head for LGFFEM architecture The GeM polling layer
parameters used are p = 4.6 and ϵ = 1e− 6. For the GeM head, we used
a vector image descriptor fe size of 2048.

Training Models Procedures

Training procedures for LGFFDM architecture Building upon the afore-
mentioned definitions of backbones and necks, the ultimate configurations
utilized for the training implementation in this study comprise the following
combinations:

5https://github.com/OpenGVLab/InternImage/tree/master/detection/configs/coco
6CIN in output nodes as depicted in Figure 4.1
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• InternImage-S [72] + BiFPN [65]

• ConvNeXt-S [46] + BiFPN [65]

• EfficientNetV2-M [63] + BiFPN [65]

• InternImage-S [72] + LGFFDM (ours)

• ConvNeXt-S [46] + LGFFDM (ours)

• EfficientNetV2-M [63] + LGFFDM (ours)

In alignment with established best practices exemplified by InternImage
[72], the backbones components were initialized with weights pretrained on
classification tasks. Subsequent training was conducted on the neck compo-
nents as well as the Mask R-CNN head detector, adhering to a 1x schedule
comprising 12 epochs7.

To optimize the networks, the AdamW optimizer [37] was utilized, con-
forming to the 1x schedule. The learning rate was set at 0.001, with a
weight decay coefficient of 0.00001. Training was executed with a batch
size of two to mitigate the risk of out-of-memory errors. It should be
noted that, to further avert memory-related complications, the default im-
age size from the ImageNet dataset was employed, as opposed to the larger
InternImage dimensions of 1333× 800.

Training procedures for LGFFEM architecture We conducted our experi-
ments using five different strategies for the training of the neck and the GeM
head: (A) training using only ImageNet-1k, training using ImageNet-1k +
PanNuke with a margin hyperparameter of m = 28.6 (B.1), m = m = 17.2
(B.2), and m = 5.73 (B.3), and (C) training using ImageNet-1k + Pan-
Nuke + Kimia Patch24C.

All strategies were trained using the Sub-center ArcFace [13], with hy-
perparameter a scale s = 64.

7For further insights into common scheduling practices for object detection networks trained from
scratch, refer to https://github.com/facebookresearch/detectron2/blob/main/MODEL_ZOO.md
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The models were optimized using AdamW with a cosine annealing sched-
ule, where the initial learning rate was set at 5e-3, and the minimum learn-
ing rate was set at 8e-5. Strategy A used a batch size of 64 for 60 epochs,
while strategies A, B.1, B.2, B.3 and C used a batch size of 64 for 300
epochs. All the images were resized to 224× 224 pixels.

5.2 LGFFDM Results

5.2.1 Metric Evaluation Results

In accordance with the evaluation conducted on the six trained models de-
lineated in Section 5.1.3, we assessed their performance using the metric
of mean average precision (AP) at Intersection over Union (IoU) thresh-
olds of 0.50 and 0.75. Furthermore, a global average performance metric
was derived for the entire validation set val2017 from the COCO dataset.
These empirical results are systematically presented in Table 5.3.

Table 5.3: Performance metrics for object detection and instance segmentation on the
val2017 dataset from COCO2017. AP denotes the overall mean average precision. AP50

and AP75 indicate the mean average precision at IoU = 0.50 and IoU = 0.75 re-
spectively. Meanwhile, AP bbox and APmask represent the mean average precision for
bounding box and mask results, respectively.

#params Mask R-CNN 1x schedule
Model Neck Backbone AP bbox AP bbox

50 AP bbox
75 APmask APmask

50 APmask
75

InternImage-S [72] + BiFPN [65] 2.3M 48.5M 0.1654 0.2914 0.1715 0.0341 0.1239 0.0080
ConvNeXt-S [46] + BiFPN [65] 2.4M 49.4M 0.1884 0.3215 0.1966 0.0405 0.1420 0.0100
EfficientNetV2-M [63] + BiFPN [65] 2.2M 52.2M 0.2050 0.3507 0.2177 0.0416 0.1531 0.0092
InternImage-S [72] + LGFFDM (ours) 9.7M 48.5M 0.2071 0.3548 0.2168 0.0421 0.1508 0.0108
ConvNeXt-S [46] + LGFFDM (ours) 9.8M 49.4M 0.2297 0.3906 0.2416 0.0475 0.1663 0.0117
EfficientNetV2-M [63] + LGFFDM (ours) 9.6M 52.2M 0.2470 0.4203 0.2592 0.0433 0.1648 0.0083

5.2.2 Ablation CAM Results

Due to the limitations of the measure provided in the previous section,
which does not offer a comprehensive understanding of the neck model
behavior, we aim to augment our model evaluation. To achieve this, we
will examine the Class Activation Mapping (CAM) across five layers of the
necks, for each of the six trained models, utilizing the Ablation CAM visual

42



Camilo Esteban Núñez Fernández UTFSM

explanation technique.

To provide a robust assessment, one disparate image from the COCO
dataset have been selected at random, identifiable by their respective ID
171382. This images serve as the ground truth and is accompanied by
their respective bounding boxes and segmentation masks, all of which are
depicted in Figure 5.1.

Upon selection of this test image, we have conducted predictions to
generate bounding boxes and segmentation masks. The results of these
predictions are systematically represented in Figures 5.2.

After applying the Ablation CAM visual explanation technique to the
five layers of the neck in each trained model, we generated a series of visual
results. For image ID 171382, these are shown in Figures 5.3 to 5.8.

Figure 5.1: Original image from COCO2017 utilized for testing. The first column displays
image ID 171382. The second column showcases the bounding boxes and instance
segmentation masks derived from the annotations of this image.
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(a) Predictions using
InternImage-S + BiFPN.

(b) Predictions using
ConvNeXt-S + BiFPN.

(c) Predictions using
EfficientNetV2-M + BiFPN.

(d) Predictions using
InternImage-S + LGFFDM.

(e) Predictions using
ConvNeXt-S + LGFFDM.

(f) Predictions using
EfficientNetV2-M +
LGFFDM.

Figure 5.2: Object detection and instance segmentation predictions for image ID
171382 based on evaluations of the six tested models.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.3: Ablation CAM applied to the five layers in the neck of the InternImage-
S + BiFPN model, with corresponding object detection predictions for image ID
171382.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.4: Ablation CAM applied to the five layers in the neck of the InternImage-
S + LGFFDM model, with corresponding object detection predictions for image ID
171382.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.5: Ablation CAM applied to the five layers in the neck of the ConvNeXt-
S + BiFPN model, with corresponding object detection predictions for image ID
171382.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.6: Ablation CAM applied to the five layers in the neck of the ConvNeXt-
S + LGFFDM model, with corresponding object detection predictions for image ID
171382.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.7: Ablation CAM applied to the five layers in the neck of the
EfficientNetV2-M + BiFPN model, with corresponding object detection predictions
for image ID 171382.
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(a) Ablation CAM applied to Layer 1. (b) Ablation CAM applied to Layer 2.

(c) Ablation CAM applied to Layer 3. (d) Ablation CAM applied to Layer 4.

(e) Ablation CAM applied to Layer 5.

Figure 5.8: Ablation CAM applied to the five layers in the neck of the
EfficientNetV2-M + LGFFDM model, with corresponding object detection
predictions for image ID 171382.
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5.3 LGFFEM Results

5.3.1 Metric Evaluation Results

As mentioned in Section 5.1.3, we present the metric results for accuracy
retrieval across two scopes:

• Scope 1: Accuracy retrieval over the test datasets ROxford and RParis [51]
using the five strategies A, B.1, B.2, B.3, and C.

• Scope 2: Accuracy retrieval over the test dataset Kimia Patch24C [55],
using strategies A, C, and the best model resulting from strategies B.1,
B.2, B.3.

Metrics Results Scope 1

As standard practice for image retrieval tasks, we present the mean average
precision (mAP) for performance evaluation using the state-of-the-art test
datasets ROxford and RParis. The mAP is presented under different
difficulty levels, defined by treating labels (easy, hard, unclear) as positive
or negative, or ignoring them. The results are shown using the following
evaluations:

• Easy (E): Easy images are treated as positive, while hard and unclear
images are ignored.

• Medium (M): Easy and hard images are treated as positive, while
unclear images are ignored.

• Hard (H): Hard images are treated as positive, while easy and unclear
images are ignored.

The evaluation accuracy results using the five training strategies A, B.1,
B.2, B.3, and C are presented in Table 5.4.

Metrics Results Scope 2

To evaluate the domain specification approach using histopathology im-
ages, we present the accuracy results ηp, ηw, and ηtot for the three remain-
ing training strategies: A, B.1 (the best of the B strategies), and C, as
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Table 5.4: Retrieval accuracy for strategies A, B.1, B.2, B.3, and C on the ROxford
and RParis datasets.

Easy Medium Hard
Strategy Pre-training Data ROxf RPar ROxf RPar ROxf RPar

A LGFFEM + IN-1K 19.78 54.64 14.6 43.68 3.56 20.6
B.1 LGFFEM + IN-1K + PanNune (m=28.6) 10.62 45.27 9.70 36.72 2.97 14.96
B.2 LGFFEM + IN-1K + PanNune (m=17.2) 7.86 28.69 7.82 24.86 2.30 10.16
B.3 LGFFEM + IN-1K + PanNune (m=5.73) 10.74 31.31 9.95 24.61 2.04 7.98
C LGFFEM + IN-1K + PanNune + Kimia 2.70 7.63 3.39 8.67 1.18 4.48

shown in Table 5.5. These results were obtained using the test dataset of
Kimia Patch24C.

Table 5.5: Retrieve accuracy(%) for the strategies A, B.1 and C.

Strategy Pre-training Data ηp ηw ηtot
A IN-1K 72.08 74.37 53.6

B.1 IN-1K + PanNuke 77.36 79.28 61.33
C IN-1K + PanNuke + Kimia 99.40 99.47 98.87

For the baseline comparison, we evaluated our proposed model against
the models used in [55] and a more recent work [74]. The accuracy results
of these two baseline models, along with our proposed model, are shown in
Table 5.6.
Table 5.6: Retrieve accuracy(%) for baselines models and the better model obtained
from the strategy C.

Method ηp ηw ηtot
DenseNet 121 [55] 95.92 95.51 91.62
MA + MS-loss [74] 97.89 97.00 94.95
LGFFEM [ours] 99.40 99.47 98.87

5.3.2 Ablation CAM Results

Similar to the LGFFDM results, we will examine the Class Activation Map-
ping (CAM) across three layers of the neck, utilizing the Ablation CAM
visual explanation technique. In this case, the results aim to visualize the
behavior of the feature fusion operations in the outer aggregation fusion
nodes P1_2, P2_2, P3_2, and P4_2 as described in Equation (4.2.2).
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We selected the first image from the class set S0 of the test dataset of
Kimia Patch24C as a query image and retrieved the first two results using
the FAISS library. These three images, one query image and two retrieved
images, are depicted in Figure 5.9.

For the three selected images, we applied Ablation CAM to the final
model used in Strategy C, across the three layers of the neck and the
four outer aggregation fusion nodes independently, as well as a complete
collapse of the four nodes projection. The results of these visualizations
are systematically represented in Figures 5.10 to 5.12 for the first retrieved
image (ID S0-2), and Figures 5.3 to 5.8 for the second retrieved image (ID
S0-5), corresponding to the three layers of the neck model.

(a) Query image ID S0-1.
(b) First image retrieved ID
S0-2.

(c) Second image retrieved ID
S0-5.

Figure 5.9: Query image selected for the class set S0 and their firsts two retrieve images
from the Kimia Patch24C dataset.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 1.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 1.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 1.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 1.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 1.

Figure 5.10: Ablation CAM applied to first layer of the neck used in the strategy C for
the first image retrieved ID S0-2.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 2.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 2.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 2.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 2.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 2.

Figure 5.11: Ablation CAM applied to second layer of the neck used in the strategy C
for the first image retrieved ID S0-2.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 3.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 3.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 3.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 3.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 3.

Figure 5.12: Ablation CAM applied to third layer of the neck used in the strategy C
for the first image retrieved ID S0-2.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 1.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 1.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 1.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 1.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 1.

Figure 5.13: Ablation CAM applied to first layer of the neck used in the strategy C for
the second image retrieved ID S0-5.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 2.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 2.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 2.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 2.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 2.

Figure 5.14: Ablation CAM applied to second layer of the neck used in the strategy C
for the second image retrieved ID S0-5.
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(a) Ablation CAM applied to the
outer aggregation fusion node
P1_2 in Layer 3.

(b) Ablation CAM applied to the
outer aggregation fusion node
P2_2 in Layer 3.

(c) Ablation CAM applied to the
outer aggregation fusion node
P3_2 in Layer 3.

(d) Ablation CAM applied to the
outer aggregation fusion node
P4_2 in Layer 3.

(e) Ablation CAM applied to the
collapse of all outer aggregation
fusion nodes in Layer 3.

Figure 5.15: Ablation CAM applied to third layer of the neck used in the strategy C
for the second image retrieved ID S0-5.
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5.3.3 Embeddings 2D Projections

To visualize the discriminative clustering of different class types in a 2D
space, we developed distinct visualization approaches for the class clus-
ters in each of the five training strategies. For each strategy, we obtained
the vector image descriptor fe for each image in the Kimia Patch24C test
dataset. We then applied the UMAP technique [47] to project the high-
dimensional space of fe to 2D. The resulting 2D plots of the image descrip-
tors for each of the five strategies are shown in Figure 5.16.
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(a) Visualization of the 2D projection of
embeddings from the Kimia Patch24C
dataset using strategy A.
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(b) Visualization of the 2D projection of
embeddings from the Kimia Patch24C
dataset using strategy B.1.
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(c) Visualization of the 2D projection of
embeddings from the Kimia Patch24C
dataset using strategy B.2.
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(d) Visualization of the 2D projection of
embeddings from the Kimia Patch24C
dataset using strategy B.3.
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(e) Visualization of the 2D projection of
embeddings from the Kimia Patch24C
dataset using strategy C.

Figure 5.16: Visualization of the 2D projection of embeddings from the Kimia
Patch24C dataset for the five strategies. Each dot represents an image, and each color
represents a class.
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Chapter 6

Discussion and Analysis

6.1 LGFFDM Analysis

6.1.1 Metric Evaluation Analysis

Upon scrutiny of the aggregated data from the Table 5.3, it becomes evident
that networks employing the proposed LGFFDM neck architecture demon-
strated superior performance in both bounding box and mask predictions,
when compared to those networks utilizing the conventional BiFPN neck.
More specifically, the architecture that most proficiently predicted bound-
ing boxes was a combination of EfficientNetV2-M [63] with LGFFDM. Con-
versely, the least effective architecture for this particular task was identified
as InternImage-S [72] combined with BiFPN [65]. In terms of mask pre-
diction, the ConvNeXt-S network [46] paired with LGFFDM produced the
most favorable outcomes, while the least effective results were similarly at-
tributed to the InternImage-S network [72] with neck BiFPN [65].

It is noteworthy to address the implications of architectural choices on
model complexity. The integration of a greater number of hyperparam-
eters in the proposed LGFFDM neck substantially elevates the model’s
depth-related complexity as compared to its BiFPN counterpart. This
suggests that a more expansive neck architecture, such as LGFFDM, man-
ifests a higher degree of computational sophistication than a less expansive
structure like BiFPN. However, this elevated complexity is accompanied
by more intricate internal representations within the neck architecture.
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Consequently, this demands additional training time and computational
resources, aligning with the observations put forth in previous work [6].

6.1.2 Ablation CAM visual explanation Image 171382

In the present study, Image ID 171382 serves as a particularly challenging
example for evaluating the efficacy of instance detection across six pre-
trained models. This complexity arises from a confluence of factors such
as the sheer number of instances, variability in their dimensions and ge-
ometries, or the degree of overlapping among them. Figures 5.3 to 5.8
provide visual representations to support our observations. Notably, it is
exclusively the models incorporating the LGFFDM neck that demonstrate
a superior ability in detecting a diverse array of instances, beyond the over-
represented ’person’ class.

In the specific of Figures 5.3 and 5.4, models employing both InternImage-
S backbone and BiFPN and LGFFDM necks primarily identify instances
of the ’person’ class. Yet, the model featuring the LGFFDM neck ex-
hibits the capability to discern ’person’ instances across a range of scales.
In contrast, the model with the BiFPN neck only effectively identifies
’person’ instances when they are confined to a similar area and pose.
This suggests that the BiFPN-based model is more prone to neglecting
underrepresented contextual features within the image.

Further scrutiny of Figures 5.5 and 5.6 reveals nuanced behavior from
the ConvNeXt-S + BiFPN and ConvNeXt-S + LGFFDM models. Again,
the model with the LGFFDM neck outperforms its BiFPN counterpart
in terms of instance detection. Interestingly, the LGFFDM model initi-
ates with dispersed focal regions in its initial layers, particularly noticeable
in the ’person’ instance depicted performing a jumping gesture over a
’skateboard’ instance, unlike other ’person’ instances where the ges-
tures are more homogenous.

Lastly, an examination of Figures 5.7 and 5.8, which correspond to the
EfficientNetV2-M + BiFPN and EfficientNetV2-M + LGFFDM models,
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respectively, corroborates the aforementioned pattern. Here again, the
LGFFDM model identifies a greater number of instances. However, it
is only in the model’s advanced layers that the fuse of high-level features
becomes more manifest, thereby accentuating key discriminative regions
such as the limbs of the ’person’ instances.

6.2 LGFFEM Analysis

Due to the best results from LGFFDM coming from the model combination
ConvNeXt-S + LGFFDM as show in the previous section, all subsequent
experiments for the LGFFEM model were conducted using this model.

6.2.1 Metric Evaluation Analysis

The main objective of applying the Scope 1 with five different models,
each trained with three different transfer learning techniques, is to under-
stand how domain generalization decrease as the domain-specific dataset
expands. In this context, the expected behavior is a decrease in accuracy
over the test datasets ROxford and RParis. This decline occurs when the
general domain knowledge provided by the ImageNet-1k dataset is lost,
as the models are trained using domain-specific datasets like PanNuke or
Kimia Patch24C. This expected behavior of decrease in the accuracy values
is confirm successfully in result presents in the Table 5.4.

The Scope 2 must show the inverse behavior of the Scope 1, that’s means
the accuracy values increase for a specific histological domain when the do-
main goes deeper in the images types. As seen in the Table 5.5, the accuracy
metrics improve when the proposed model is trained on different types of
image domains. In detail, the domain of classic images from ImageNet-1k
shows a lower accuracy compared to training using two domain-specific
datasets, PanNuke and Kimia Patch24C. Furthermore, high accuracy is
achieved when transferring learning from the first two datasets, ImageNet-
1k and PanNuke, in the training process of strategy C for the domain-
specific Kimia Patch24C.
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For the baseline analysis, we compared our proposed model with the
model used in the work [55] and a more recent work [74] model. The ac-
curacy results of these two baseline models and our proposed model are
shown in Table 5.6. Our model, trained with strategy C, surpassed the
accuracy achieved by the two baseline models.

6.2.2 The influence of the angular margin hyperparameter

A parallel objective that must be addressed is the inclusion of the m hyper-
parameter in the five strategies. In this case, m corresponds to the angular
margin in the feature space, as described in Sub-center ArcFace [13] and
CosFace [71] original work. As m increases, the angular margin between
different classes is amplified.

As explained in Section 5.1.3, the five strategies A, B.1, B.2, B.3, and
C utilise the m hyperparameter. For strategies A and C, the value was
set to m = 28.6 degrees. However, strategies B use different values:
m = 28.6 (B.1), m = 17.2 (B.2), and m = 5.73 (B.3) degrees, to ex-
plore how the angular margin affects the results. For the methods with
the dataset ImageNet-1k + PanNuke in the B strategies, the results can
be found in the second combined row of Table 5.4.

From these results, it is interesting to note that the best values are
achieved with the margin set to m = 28.6 degrees, while the worst values
are seen with margins less than m = 28.6 degrees (m = 17.2 and m =
5.73); similar to the findings in [71], as m increases, the accuracy values
improve.

6.2.3 Explanation with Ablation CAM

Based on preliminary clinical analysis, the query image represents mature
adipose tissue stained with Hematoxylin and Eosin (H&E) and Masson’s
trichrome. In the image with ID S0-2, mature adipose tissue is visible
in the upper left corner, while fibroblastic proliferation is observed in the
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bottom right corner. In the image with ID S0-5, most of the image is com-
posed of proliferating fibroblasts and type II pneumocytes, with a mature
adipose area observed in the bottom right corner.

On the other hand, to explore the tissue morphology and cell struc-
ture of the image, we applied Ablation CAM visual explanation over the
outer aggregation fusion nodes P1_2, P2_2, P3_2, and P4_2 from Equation
(4.2.2). The objective was to understand how the model interprets these
characteristics.

Ablation CAM visual explanation image retrieved ID S0-2

In the first layer, nodes P1_2 and P2_2 do not identify any morphology or
structural types in the image. Despite this, nodes P3_2 and P4_2 recog-
nize some parts of the tissue, as indicated by the red gradient areas, while
avoiding the immunohistochemical zones, shown as blue gradient areas.
However, they still do not identify any specific morphology or structure.
The combined results of the four nodes confirm this behavior, indicating
that the initial layer is not effective in capturing the relevant tissue char-
acteristics.

In the second layer, the behavior of nodes P1_2 and P2_2 remains consis-
tent, as they again fail to identify the morphology or structure type in the
image. These nodes only display the initialization of the fusion feature in
random areas, such as the texture points in node P1_2. This suggests that
these nodes are not yet tuned to detect meaningful features in the tissue.
However, node P3_2 shows a significant improvement, identifying mature
adipose tissue in the upper left corner and the morphology of fibroblas-
tic areas in the bottom right corner. Additionally, this node effectively
avoids the immunohistochemical zones, indicating a more refined feature
detection capability. Node P4_2, on the other hand, loses its focus on the
mature adipose tissue but maintains its attention on the fibroblast area.
The combined results show that node P4_2 has a greater influence than the
other three nodes in this layer, suggesting that it may play a dominant role
in feature detection at this stage.
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In the third layer, nodes P1_2, P2_2, and P3_2 exhibit delayed and slug-
gish fusion behavior, similar to what is described in Section 6.1.2. This
behavior indicates that these nodes are not effectively integrating the de-
tected features into a coherent representation. Only node P4_2 focuses
on the morphology zone, particularly the fibroblast area, demonstrating a
more targeted and effective feature detection. The combined results from
this layer display the delayed and sluggish fusion behavior across all nodes,
emphasizing the challenges in achieving effective feature integration. This
suggests that further refinement and tuning of the model are needed to im-
prove its ability to accurately identify and integrate tissue characteristics
across multiple layers.

Ablation CAM visual explanation image retrieved ID S0-5

The image with ID S0-5 is expected to be more complex for the model to
analyze because most of the morphology areas are composed of fibroblasts,
type II pneumocytes, and a small portion of mature adipose tissue. This
complexity is evident in the undefined fusion across the four nodes P1_2,
P2_2, P3_2, and P4_2 in layer 1, where it is impossible to identify any spe-
cific tissue morphology or cell structure.

However, this behavior changes from layer 2 onward. In this layer,
nodes P1_2 and P2_2 display delayed and sluggish fusion detection areas,
but node P3_2 successfully detects fibroblasts, type II pneumocytes, and
mature adipose areas. Node P4_2 also successfully detects fibroblasts and
type II pneumocytes, but, similar to its behavior in layer 2 for image ID
S0-2, it loses focus on the mature adipose tissue area. In this layer, nodes
P3_2 and P4_2 are more relevant than nodes P1_2 and P2_2, as shown by
the combined results of all nodes.

In the third layer, nodes P1_2, P2_2, and P3_2 again exhibit delayed and
sluggish fusion behavior. Node P4_2 focuses its attention on the type II
pneumocytes areas, avoiding the other areas. When the nodes are com-
bined, the focused areas are the fibroblast and type II pneumocyte zones.
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6.2.4 Visualization of Learned Embeddings

To support the above results, a projection in a 2D space of the embeddings
retrieved by our model across the five strategies is presented in Figure 5.16.
This figure shows the clusters associated with the 24 different classes of tis-
sues in the test dataset.

It is possible to observe how domain generalization diminishes as the
training transfer method progresses. In the projection plot of strategy A,
only a few clusters for the classes are visible, indicating limited separa-
tion and the predominance generalization. Meanwhile, the visualization
for strategy B shows more defined clusters, suggesting improved differen-
tiation between tissue classes. Finally, the visualization for strategy C
demonstrates perfect cluster formation for each of the 24 different classes
of tissues in the test dataset, confirming the effectiveness of the domain-
specific training. This progression underscores the importance of tailored
training strategies in enhancing model performance and achieving precise
classification across diverse tissue types.
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Chapter 7

Conclusion

This research undertakes a comprehensive analysis of feature fusion behav-
iors, focusing on both local and global feature fusion variables. Central
to this investigation is the development and implementation of the mod-
els Local-Global Feature Fusion Detection Model (LGFFDM) and
Local-Global Feature Fusion Embedding Model (LGFFEM), us-
ing the proposed Local-Global Feature Fusion Neck (LGFFN). Through
a rigorous comparison with the conventional Bi-Feature Pyramid Network
(BiFPN), the LGFFN demonstrates markedly superior performance in var-
ious tasks, such as object detection and extracting image descriptor em-
beddings.

The LGFFDM was proposed to validate the strategy of local-global fea-
ture fusion, while the principal model, LGFFEM, was designed to address
the hypothesis of this investigation.

To achieve this initial validation using LGFFDM, our empirical find-
ings reveal that models incorporating the LGFFDM architecture surpass
those utilizing the standard BiFPN architecture, particularly in the realm
of bounding box and mask predictions.

Based on our initial model and its results, we designed and implemented
a unified model framework for extracting image descriptor embeddings from
histopathological images using multi-scale local-global fused features. The
results achieved by LGFFEM indicate that the proposed method can sur-
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pass baseline models with a new training strategy and multi-scale local-
global fused features. This proposed method is designed with fewer param-
eters compared to classical pre-trained models, allowing it to be trained on
more domain-specific medical images without the necessity of using com-
plex computer resources.

In particular, LGFFEM shows promising results in addressing important
study questions, such as: how domain-specific training affects the accuracy
of the model, how tissue morphology and cell structure can be interpreted
by local-global feature fusion, and how the generation of visual descriptor
embeddings can preserve high-order image semantic structure.

In summary, both the general and specific objectives of this research
were fully realized. Quantitative findings were further supported through
the utilization of Ablation CAM and accuracy metrics, providing a nuanced
understanding of variations in model performance. Finally, we confirm
our hypothesis: multiple feature vectors can be generated to enhance the
robustness and efficiency of CMBIR systems for histopathological images,
leveraging a multi-scale local-global feature fusion approach.

7.1 Future Work

Several avenues for future research are delineated below:

• As discussed in Section 5.1.3, we opted to resize images from the
COCO dataset to the original dimensions of 224 × 224 as used in
the ImageNet dataset. A more comprehensive analysis should explore
varying input sizes to understand the behavior of multi-scale variations
in the images. Alternatively, one may choose to not resize the dataset,
using the original COCO image dimensions.

• Further studies in domain-specific areas, such as X-ray and pap smear
images, are warranted to explore the capability of the LGFFEM. This
exploration aims to develop a comprehensive web-based CBMIR sys-
tem for various medical imaging specialists.
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• Based on the discussion in Sections 6.2.3 and 6.2.3, it is possible to
explore a new vector image descriptor fe by combining only select
outer aggregation fusion nodes, such as P3_2 or P4_2. This approach
avoids the more premature fusion nodes like P1_2 and P2_2, resulting
in a less parameter-complex Embedding Head, as discussed in Section
4.2.3.
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