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Abstract

Feature fusion in Convolutional Neural Networks (CNNs) plays a critical role in im-
proving the performance of specialized tasks, such as Object Detection and Instance
Segmentation. This process integrates information from multiple hierarchical levels
within the network to achieve a more comprehensive understanding of complex data.
The incorporation of context features enriches the network’s perspective, enabling more
nuanced decision-making and thereby enhancing its ability to detect objects and seg-
ment instances in intricate scenes.

Despite the potential advantages of feature fusion, existing network architectures
often exhibit limitations. While they are proficient in leveraging hierarchical data,
these architectures frequently overlook the rich contextual information dispersed across
different levels. Additionally, many feature fusion modules rely on elementary oper-
ations such as addition or concatenation, or employ rigid linear aggregation schemes
for feature maps. Such practices can inadvertently impede the effective interplay be-
tween global and local context features, thereby constraining the network’s capabilities.

To address these shortcomings, this research aims to design, implement, and eval-
uate a novel feature fusion neck architecture. Named CABiFPN, this architecture is
engineered to seamlessly integrate contextual information from various receptive fields,
with a particular focus on optimizing object recognition across different scales of feature
maps. Our goal is to significantly boost performance in tasks like Object Detection and
Instance Segmentation.

To rigorously assess its effectiveness, CABiFPN will be evaluated and validated
using the COCO dataset. It will be compared against a range of existing feature ex-
traction and feature fusion methodologies that represent the current state of the art.
This comparative analysis is designed to deepen our understanding of how context fea-
ture fusion operates within Convolutional Neural Networks, and to determine whether
CABiFPN can offer a significant performance boost in specialized tasks like Object
Detection and Instance Segmentation.

Keywords: Object Detection, Instance Segmentation, Feature Fusion, Context
Feature.
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Chapter 1

Introduction

Over the past decade, there has been a marked escalation in both the development
and application of deep learning methodologies across diverse disciplines, ranging from
computer vision to natural language processing [LBH15]. A particularly noteworthy
strategy that has been the focal point of significant academic and industrial attention
within this domain is feature fusion [GLJ18]. Conceptually, feature fusion is the inte-
gration of information stemming from disparate sources or hierarchical levels, invariably
aiming to augment the efficacy of a deep neural network [LAJ15].

In the specialized domain of computer vision, Convolutional Neural Networks (CNNs)
have emerged as the preeminent mechanism for feature extraction [KSH12]. These net-
works are architected with multiple layers designed to discern hierarchical patterns
inherent in visual data. Progressing through the layers of a CNN, one observes a
gradual transition in feature complexity: initial layers typically capture rudimentary
patterns, whereas deeper layers encapsulate more intricate, abstract representations of
the data [ZF13].

The doctrine of feature fusion becomes instrumental within the context of CNNs [UL19].
By strategically merging features across varying layers, CNNs are adept at synthesizing
representations that concurrently encapsulate both the fine-grained details discerned
by the preliminary layers and the higher-order abstractions identified by the deeper
strata [HLVDMW17]. This intricate melding ensures that during computational tasks,
such as image classification or object detection, the models are equipped to factor in
both the localized nuances and overarching patterns, thereby enhancing their predictive
accuracy and robustness [Gir15].

1.1 Introduction to Context Features in CNNs

Context features encompass the auxiliary information that offers an expanded com-
prehension of the primary data features. Distinctly, primary data features are concerned
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with immediate observable patterns. On the other hand, context features shed light on
the encompassing details, thus presenting a more comprehensive perspective. The in-
corporation of such context allows models to arrive at more nuanced decisions. Taking
image recognition as a case in point: while the primary feature might revolve around
the shape of an object, the context feature delves into adjacent objects or the backdrop.
This, in turn, can provide invaluable hints regarding the identity of the primary object.

As highlighted earlier in this chapter, Convolutional Neural Networks stand out as
the zenith of feature extraction methods. Predominantly applied in image processing,
CNNs have an innate capability to weave in context features due to their hierarchical
architecture. This layered structure of CNNs is not merely a design, it’s a deliberate
strategy. While the initial layers grapple with basic features like edges, the deeper
layers venture into the territory of intricate patterns, sometimes discerning whole ob-
jects [ZF13].

1.2 Problem Definition

The introduction of the Features Pyramid Networks (FPN) method in the realm of
computer vision has precipitated a notable shift towards harnessing feature extraction
through comprehensive pre-trained networks [LDG+17]. Concomitant to this trend is
the increasing ubiquity of feature fusion within the segment of these architectures known
as the neck. This growing trend is underpinned by the fusion capabilities inherent to
the neck, where an amalgamation of both low-level and high-level features, drawn from
the multi-tiered structure of the primary network, or backbone, takes place.

In light of this evolution, there has been a proliferation of architectural designs aim-
ing to augment and hone the foundational tenets and mechanisms of the FPN. Promi-
nent exemplars include the PANet [LQQ+18], NAS-FPN [GLPL19], and BiFPN [TPL19].
Such advancements echo the seminal influence of FPN in catalyzing multi-level feature
fusion.

Yet, a discerning examination reveals a lacuna in these sophisticated architectures:
while they are adept at capitalizing on hierarchical levels for feature fusion, they fre-
quently neglect the rich contextual information embedded in the input. This context,
which is palpable across all fusion strata, intimates a potential oversight of invalu-
able scene-level semantic cues. Furthermore, a significant portion of the feature fusion
modules in the neck, often resort to elementary operations such as addition or concate-
nation [LDG+17, LQQ+18], or adhere to rigid linear aggregation schemas for feature
maps [GLPL19, TPL19]. Such practices can inadvertently stymie the organic interplay
between global and local context features.

The aim of this work is to meticulously design, implement, and evaluate the efficacy
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of aggregating contextual information from disparate receptive fields tailored to objects
of diverse scales. Specifically, we intend to ascertain whether such integration can
enhance the feature fusion process across the multi-tiered hierarchy inherent in a neck
architecture. This endeavor seeks not only to elucidate the potential benefits of this
approach but also to provide a meaningful contribution to the ongoing discourse on
optimizing neck structures within advanced architectural designs.

1.3 Objectives

1.3.1 General Objective

The general objective of this research is to design, implement, and evaluate a feature
fusion neck architecture; this architecture integrates contextual information sourced
from multiple receptive fields, thereby ensuring optimal recognition of objects across
disparate scales of feature maps, and is especially tailored to enhance performance in
tasks such as Object Detection and Instance Segmentation.

1.3.2 Specific Objectives

The specific objectives delineated for this research endeavor are as follows:

1. Determine the most suitable neck architecture capable of proficient multi-scale
feature fusion.

2. Ascertain the ideal operator block for feature fusion, utilizing contextual infor-
mation from diverse receptive fields.

3. Develop a neck architecture incorporating the previously identified operator block.

4. Construct a comprehensive, end-to-end model comprised of a backbone, neck, and
the detection head using Mask R-CNN.

5. Implement the aforementioned end-to-end model using Pytorch, optimized for
GPU acceleration.

6. Appraise the performance of the end-to-end model when paired with potential
backbones such as InternImage, ConvNeXt, and EfficientNetV2.

7. Assess the efficacy of the end-to-end model in conjunction with potential necks,
specifically the BiFPN and the identified neck architecture.

3



Camilo Esteban Núñez Fernández UTFSM

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 investigation. 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 Convo-
lutional Neural Networks, provides an overview of Instance Segmentation and
Object Detection tasks, and sets forth the metrics and explanation methods em-
ployed to assess the proposed architecture.

• Related Work: This section offers a review of prior research and studies per-
tinent to the subject matter. In particular, it elaborates on the utilization of
backbones and necks in the journey to conceptualize the proposed architecture.

• Proposal: This segment presents the proposed CA-BiFPN architecture, detail-
ing its design and implementation.

• Results and Discussion: This section furnishes the research outcomes, specifi-
cally focusing on the metrics and explanation method results. An extensive dis-
cussion follows, where the findings are scrutinized, juxtaposed, and interpreted,
elucidating their broader implications and relevance.

• Conclusion: This concluding section encapsulates the principal insights derived
from the research, underscores the salience of the findings, and contemplates
potential trajectories for future research in this domain.
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Chapter 2

Background

This chapter presents a comprehensive theoretical overview of the key Artificial Neural
Network used in this study: Convolutional Neural Networks. It also outlines
the two main tasks covered in this document: Instance Segmentation and Object
Detection. Finally, the chapter will provide an extensive review of performance metrics
and visual explanations.

2.1 Convolutional Neural Networks

To recap our understanding from Feed Forward Networks, each neuron unit is repre-
sented 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 [Fuk80], aim
to address the challenge of dimensionality by utilizing a grid-like topology [GBC16]. Le
Cun et al. further developed and elaborated on CNNs in their research [LBD+89,
LBBH98]. They defined a Convolutional Neural Network based on three pivotal con-
cepts: (I) local receptive fields, (II) shared weights, and (III) spatial or temporal sub-
sampling [LBBH98].
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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 dis-
crete setting. To address this, a discrete form of the convolution operation can be
adopted [Arn11]:

S[t] = x[t] ∗ y[t] =
∞∑

k=−∞

x[k] · y[n− k]. (2.2)
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Here, Equation (2.2) alludes to a 1D convolutional operation, indicating that both x
and y are 1D. For 2D operations [Arn11], 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 [GBC16].

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 [GBC16]. 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 [LBBH98]. An example of this can
see in the Figure 2.4.

Figure 2.4: Convolving a 3× 3 kernel over a 4× 4 input using unit strides. Image and
caption sourced from [DV16].
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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 [LBBH98]. 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 Pooling opera-
tion, typically applied after one or more convolutional layers. This operation modifies
the layer’s output by summarizing its values. Consequently, the spatial dimension is
reduced, yielding a new representation of the output with fewer parameters and com-
putations.

The two most common pooling operations are:

• Max Pooling [ZC88]: This operation selects the maximum value from defined
patches of a feature map.

• Average Pooling [LBBH98]: This operation computes the average value over spec-
ified 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 [GBC16].

8



Camilo Esteban Núñez Fernández UTFSM

2.2 Computer Vision Tasks: Instance Segmentation
and Object Detection

Convolutional Neural Networks have been instrumental in the realm of computer vision,
initially applied to image classification tasks [LBD+89, LBBH98]. In these tasks, the
network classifies images based on elementary visual features extracted, such as corners,
edges, and endpoints. These features, processed across multiple layers of the network,
are optimized to best represent the image in question.

Emerging from this foundational task, the versatility of CNN-based approaches has
expanded to encompass a broader spectrum of tasks like object detection, semantic
segmentation, instance segmentation, object tracking, and more [ZCS+23, ZAA+22].
The purpose of this work focuses on two critical tasks: Object Detection and Instance
Segmentation.

2.2.1 Object Detection

Object detection is an advancement of the primary task of image classification. 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 objective of object detection is to design a network that
detects all of these 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 co-
ordinate 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 [VJ04, VJ01], who
employed various techniques such as Haar-like features, integral images, Adaboost,
and cascading classifiers [ZAA+22]. Subsequently, Dalal and Triggs [DT05] introduced
the Histogram of Oriented Gradients (HOG) as a feature descriptor. Their detection
approach utilized a grid-based decomposition of the image and created a gradient his-
togram for each grid element. These elements were then classified using a linear SVM.

However, prior models was based in the handcrafted features of the annotations.
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 sometimes 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.
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In this work, we will focus on the two-stage model, which will be further described
in Chapter 3.

2.2.2 Instance Segmentation

Much like the previously discussed tasks of classification and object detection, image
segmentation leverages the high-level features of an image to classify its pixels based on
annotations. This overarching task can be further subdivided, with the most prominent
and those explored in this work being semantic segmentation and instance segmenta-
tion [MBP+22, GBK22]. Semantic 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 instances
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 Segmentation [HAGM14]. 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 ar-
chitectures emerged, utilizing the two-stage approach. One such architecture will be
elaborated upon in Chapter 3.

2.3 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.

2.3.1 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 [Jac12, Jac01], 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)

2.3.2 CNN Model Explanation

In the realm of designing and implementing Convolutional Neural Networks, deeper
networks aim to achieve more complex representations of inputs compared to their
shallower counterparts [Ben09]. Specifically, for tasks in image processing or computer
vision, such intricate representations enable enhanced hierarchical depictions of im-
ages [ZF13]. 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 [JO21].
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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 layers 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 [ZKL+15, SDV+16,
CSHB17, FHD+20, WDYZ19, DR20]. These techniques produce a visual explanation
map by retaining spatial information throughout convolutional layers and underscoring
the significance of each neuron for specific decision regions.

Drawing inspiration from the pioneering work of Bolei Zhou et al. [ZKL+15], 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 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 coeffi-
cient wc

k indicates the significance of Ak [ZKL+15]. 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 Ab-
lation CAM [DR20]. This method is favored to avoid the gradient saturation issues
faced by gradient-weighted strategies like Grad-CAM [SDV+16]. Gradient saturation
in these techniques leads to diminishing backpropagation gradients, consequently caus-
ing visualizations to falter in identifying pertinent image regions [DR20, FHD+20].

Ablation CAM introduces a procedure wherein, for a given input image x, a first
forward pass through the model yields a non-linear function termed the class activa-
tion score yc for class c, derived from the activation 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
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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 difference 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 [DR20].

Validate the explanation using imputation

A common method for validating explanation strategies is by perturbing the pixels of
an image based on the importance assigned by these strategies. Specifically, the per-
turbation is determined by whether the pixel carries more or less critical information.
Using this method, it is possible to measure the fidelity of the explanations [THC+19].
This validation technique is often referred to as pixel-perturbation strategies, where a
pixel is removed and replaced with an imputed value [SBM+15, THC+19]. In our re-
search, we employed a strategy named ROAD (RemOve And Debias) as proposed
by Yao Rong et al. in their study [RLB+22].

The ROAD strategy outlines two orders for pixel removal: MoRF (Most Relevant
First) and LeRF (Least Relevant First) [SBM+15]. In the MoRF approach, the k
most important features of an instance are prioritized for removal. Given an expla-
nation characterized by a choice of features through a binary mask, M = ek(f,x) ∈
{0, 1}d, a value is set to one if the corresponding feature ranks within the top-k, and
zero otherwise. The selection operator for the least important dimensions, denoted
as Ml : {0, 1}d × Rd → Rd−k, extracts a vector, xl, that retains only the remaining
features, preserving their order based on their original input indices. The modified
output of these features is expressed as x′

l = Il(M ,xl), where Il : {0, 1}d×Rd−k → Rd

is an imputation operator. This operator repositions all inputs from xl to their original
places, with the remaining set to a fill value, discarding the top-k features. This pro-
cedure is illustrated in Figure 2.5a. For the LeRF approach, the k least significant
features per instance are eliminated, with the selection operator defined for the most
important dimensions as shown in Figure 2.5b.

The ROAD strategy introduces an innovative imputation operator, Il, termed Noisy
Linear Imputation. This operator creates imputations that are not readily dis-
cernible, yielding a reduced I(x′

l;M). It approximates each pixel using a weighted
mean of its neighbors, and a slight random noise is incorporated to ensure the model
cannot easily learn the linear dependency.

13



Camilo Esteban Núñez Fernández UTFSM

(a) MoRF (Most Relevant First) order. (b) LeRF (Least Relevant First) order.

Figure 2.5: MoRF (Most Relevant First) and LeRF (Least Relevant First) pixel
removal sequences utilized by the ROAD approach. Images sourced from [RLB+22].
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Chapter 3

Related Work

Based on the background provided in Section 2.2, the extraction of semantic fractures
in end-to-end detectors, such as the one-stage detector and two-stage detector, is
accomplished using a backbone. This is followed by an attached neck that fuses features
from various layers of the backbone, as depicted in Figure 3.1. In this chapter, we will
delve into the combined use of the backbone and neck in one of the state-of-the-art
two-stage detector, Mask R-CNN [HGDG17].

Figure 3.1: Diagram illustrating the architecture of an end-to-end detector, featuring a
backbone, a neck, and a head for detection functions.
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3.1 Backbones

Feature extraction from images serves as the foundational step in deep learning networks
tailored for computer vision tasks, as elaborated in the previous chapter. This ability
of the network to extract features can be generalized to various tasks through transfer
learning [YCBL14]. This creates a robust network that can be adapted for multiple
tasks without the need for retraining every time. Given this, a backbone can be defined
as a pre-trained network dedicated to feature extraction and has been fine-tuned across
multiple tasks prior to its designated use.

For the scope of this work, we will employ three cutting-edge backbones: InternIm-
age [WDC+23], ConvNeXt [LMW+22], and EfficientNetV2 [TL21].

3.1.1 InternImage

Wenhai Wang et al. introduced their model, InternImage [WDC+23], designed to
efficiently scale with larger parameter sizes and learn potent representations from vast
training data. This approach achieved representations that are comparable to, if not
better than, large-scale ViTs [DBK+21, LLC+21, WXL+22, ZKHB22].

In transformer-based architectures, the global attention mechanism employed by
ViT [DBK+21] often incurs high computational and memory overheads, particularly
with extensive feature maps. This burden restricts its utility in many downstream
applications.

Addressing this issue, InternImage aims to resolve the challenges of long-range de-
pendencies and adaptive spatial aggregation inherent to the multi-head self attention
(MHSA) [VSP+23] operator frequently found in transformer-based architectures. Their
solution harnesses an advanced version of the Deformable Convolution v2 (DCNv2) [ZHLD18]
operator named DCNv3. This enhanced operator compensates for the limitations of
standard convolution in handling long-range dependencies and adaptive spatial aggrega-
tion. Furthermore, it retains the inductive bias of traditional convolution and employs
sparse sampling, proving to be more computationally memory-efficient compared to
operators like MHSA.

The InternImage architecture comprises a series of stacked basic blocks, comple-
mented by a stem and down-sampling layers, as illustrated in Figure 3.2. These ba-
sic blocks incorporate Layer Normalization [BKH16], a feed-forward network (akin to
the one used in transformer-based architectures [VSP+23]), and are activated using
GELU [HG23]. To generate hierarchical feature maps, the architecture employs a con-
volutional stem and down-sampling layers, which resize the feature maps across various
scales.

For the purposes of this study, we will employ the InternImage-S backbone, which
consists of approximately 50M parameters. This model has been trained on the classi-
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Figure 3.2: A schematic representation of the InternImage architecture detailing its
four distinct stages. Image adapted from [WDC+23].

fication task using the ImageNet-1K dataset [DDS+09] for 300 epochs.

3.1.2 ConvNeXt

Zhuang Liu et al. undertook a thorough reassessment of the Convolutional Neural
Network’s design landscape in their pioneer work, introducing the ConvNeXt archi-
tecture [LMW+22]. Within this exploration, the authors meticulously examined the
architectural differences that distinguish convolutional models from transformer-based
counterparts. Stemming from their investigation, they presented the ConvNeXt, a novel
family of pure ConvNets.

The ConvNeXt architectures share similarities at the micro level with transformer-
based models such as DeiT [TCD+21] and Swin [LLC+21]. Common features include
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the GELU activation [HG23], the integration of Layer Normalization [BKH16], and dis-
tinct down-sampling layers dedicated to feature resolution adjustments. On the other
hand, when observed from a macro perspective, the ConvNeXt architectures draw par-
allels with the ResNeXt [XGD+17] structure. They predominantly employ techniques
like grouped convolution and depth-wise convolution as the central operations within
their stage blocks, a design which is visually detailed in Figure 3.3.

Figure 3.3: Block design for a ConvNeXt. Image adapted from [WDC+23].

In the context of our current research, we have opted to utilize the ConvNeXt-S
backbone, a robust model encompassing roughly 50M parameters. Prior to its deploy-
ment, the model underwent an intensive pre-training phase focused on the classifica-
tion task, leveraging the expansive ImageNet-21K dataset [DDS+09]. This pre-training
lasted for 90 epochs. Subsequently, to further refine its capabilities, it was trained on
the ImageNet-1K dataset for 300 epochs.

3.1.3 EfficientNetV2

In the domain of deep learning models, retraining often poses significant challenges,
especially given the substantial processing resources and extended training durations
necessitated by larger architectures such as GPT-3 [BMR+20]. In response to these
challenges, Mingxing Tan and Quoc V. Le introduced a novel solution in their research
work [TL21]. They presented an architecture named EfficientNetV2. This architecture
is notable for its enhanced method of progressive learning, which can adaptively adjust
both the regularization parameters and image size during the training process. This
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approach optimizes computational efficiency while also maintaining or enhancing model
performance.

The EfficientNetV2 architecture emerges as a refined iteration of the earlier Effi-
cientNet [TL19] family of models. One of its key achievements is that it manages to
boost the training speed without compromising on parameter efficiency. These enhance-
ments primarily root in three strategic modifications. First, the architecture employs
a technique of training with progressive adjustment of image sizes and regularization.
Second, in its early stages, the architecture replaces the traditional depth-wise convolu-
tions operator with a more efficient alternative. Lastly, the non-uniform scaling strategy
is employed, allowing for the incremental addition of layers in the model’s later stages,
facilitating a more balanced distribution of complexity. A standout improvement in
the EfficientNetV2 architecture pertains to the convolutional operations. It swaps out
the depth-wise convolution with a kernel of 3 × 3 and the expansion convolution with
a kernel of 1× 1 found in the MBConv [SHZ+18, TL19] block. Instead, it introduces a
single regular convolution with a kernel size of 3× 3. This modification is vividly illus-
trated in Figure 3.4. Furthermore, during the early stages, specifically stages 1 to 3, the
conventional MBConv block is replaced by the more optimized Fused-MBConv [GT].

Figure 3.4: Diagram illustrating the architecture of MBConv and Fused-MBConv, as
presented in [TL21].

In this study, we will utilize the EfficientNetV2-M backbone, which comprises
roughly 54M parameters. This model underwent training for a classification task using
the ImageNet-1K dataset [DDS+09] over 350 epochs. Subsequently, it was retrained on
the ImageNet-21K dataset [DDS+09] for an additional 350 epochs.

19



Camilo Esteban Núñez Fernández UTFSM

3.2 Necks

As illustrated in Figure 3.1, the neck model plays a crucial role in aggregating features
derived from the backbone. Its primary function is to gather feature maps from dif-
ferent stages of the backbone, facilitating interaction between high-level and low-level
features. For this work, we will explore two types of neck models: the state-of-the-art
BiFPN [TPL19] and a variant we introduce, the CA-BiFPN, which will be detailed in
the Chapter 4. Before delving into the BiFPN [TPL19] model, it’s essential to under-
stand the pioneering neck models that laid the foundation for the BiFPN architecture:
namely, the FPN [LDG+17], PANet [LQQ+18], and NAS-FPN [GLPL19].

3.2.1 FPN

The prior use of featurized image pyramids [AAB+84] 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 seman-
tic 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 [LDG+17] 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.

Figure 3.5: Diagram illustrating the architecture FPN, as presented in [LDG+17].
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The architecture proposed, named FPN by its creators, incorporates two primary
strategies: the Bottom-up pathway and the Top-down pathway with lateral connections.
In the Bottom-up pathway, the network leverages feature maps extracted from various
stages of the backbone. For each of these stages, the network designates a distinct
pyramid level. This means that as one progresses through the stages of the backbone,
different pyramid levels are determined, capturing features at various resolutions and
scales. Conversely, in the Top-down pathway, each pyramid level undergoes upsampling
with a spatial resolution factor of 2. This upsampling is then integrated with the lateral
connections originating from the Bottom-up pathway. These lateral connections play a
pivotal role in bridging the semantic gap between the features. Specifically, each lateral
connection seamlessly combines feature maps, all of the same spatial dimensions, from
both the Bottom-up and Top-down pathways. This combination is achieved through
element-wise addition. A visual representation of this intricate process can be observed
in Figure 3.5.

By intricately merging the Bottom-up and Top-down pathways through the use
of lateral connections, the FPN architecture achieves a seamless integration of fea-
ture maps. These maps, which come from diverse scales and possess varying semantic
strengths, are blended harmoniously. This unique integration technique provides the
FPN with the capability for robust multi-scale object detection. After this fusion pro-
cess, the various pyramid levels are then channeled into the head detector. Regardless
of their original dimensions or scales, these feature maps are standardized to a fixed
feature dimension in the final layer.

3.2.2 PANet

Building upon the architecture of the Feature Pyramid Network (FPN) [LDG+17],
Shu Liu et al. extended their research [LQQ+18] to introduce a more sophisticated
architecture termed the Path Aggregation Network (PANet). They pinpointed a signif-
icant challenge in the foundational FPN design: a lengthened pathway from the basic
structural elements to the most advanced features. This elongated route hinders the
extraction of detailed localization information. Notably, accessing features at the foun-
dational 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, as show in Figure 3.6a. Within the
FPN, feature maps Pi with consistent spatial sizes are utilized. The PANet structure
then designs a segment. This segment integrates a detailed feature map Ni with a
comparatively coarser map Pi+1 using lateral pathways, resulting in the updated feature
map Ni+1. Each of these maps first passes through a convolution with a kernel 3×3 and
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a stride of 2, leading to a decrease in its spatial dimensionality. After this stage, elements
of the feature map Pi+1 are fused with the reduced map using lateral pathways. This
integrated feature representation is then processed through an additional convolution
with a kernel 3×3, giving rise to Ni+1 for the following sub-network layers, as illustrated
in Figure 3.6b.

(a) Illustration of the PANet Architecture: (a.a) The
foundational FPN backbone; (a.b) The Bottom-up path
augmentation.

(b) Diagram illustrating the
PANet architecture for
bottom-up path augmentation
block.

Figure 3.6: Diagram illustrating the PANet architecture and its associated proposed
fusion feature block, as detailed in [LQQ+18].

3.2.3 NAS-FPN

In the study presented by Golnaz Ghiasi et al., they introduced a novel architecture
termed NAS-FPN [GLPL19]. 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 [ZL16], which was previ-
ously proposed by Zoph et al. [ZVSL17]. A distinctive feature of this algorithm is its
capability to craft modular architectures. Such modular structures can be efficiently
replicated and stacked, culminating in a scalable design. Inspired by this modular
concept, Golnaz Ghiasi et al. designed a search space adept at churning out scalable
architectures, especially those generating pyramidal representations.

The primary objective of the algorithm under discussion is to identify an enhanced
FPN (Feature Pyramid Network) architecture suitable for a specific backbone. This
relationship is clearly depicted in Figure 3.7. In the realm of FPN, a designated search
space is formulated to generate feature pyramid representations. Within this frame-
work, Neural Architecture Search (NAS) deploys a controller. This controller, utilizing
reinforcement learning, is tasked with selecting the most optimal model architectures
from the defined search space. A significant characteristic of the identified FPN model

22



Camilo Esteban Núñez Fernández UTFSM

Figure 3.7: Diagram illustrating the interconnection between backbone stages and the
NAS-FPN search spaces. The modular nature of the NAS-FPN architecture allows it
to be stacked N times, potentially improving its accuracy. A comprehensive description
of this stacking mechanism can be found in [GLPL19].

is its inherent scalability. To achieve larger, integrated architectures, the model can
replicate itself N times, subsequently merging these instances into a unified, compre-
hensive structure.

In the NAS-FPN search space, the last layer of each group of feature layers from the
backbone serves as the input to the initial pyramid network. Subsequently, the outputs
from this first pyramid network become the inputs for the succeeding pyramid network.
When considering the input feature within the search space, it is routed through a
pyramid network composed of a sequence of merging cells. These cells facilitate cross-
scale connections, as depicted in Figure 3.8. The final outputs are then expanded into
multiscale feature representations. Notably, this architectural design allows for iterative
stacking, which can potentially enhance accuracy.

Figure 3.8: Diagram showcasing the merging cell utilized within the search space, fur-
ther elaborated in [GLPL19].

The process employed by the merging cell within the search spaces can be delineated
into four pivotal steps:

(I) Select a feature layer hi from the available candidates.

(II) Choose another feature layer hj from the candidates, ensuring no repetition.

(III) Determine the desired output feature resolution.
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(IV) Opt for a binary operation, either summation or global pooling, to amalgamate
hi and hj chosen in steps (I) and (II). This amalgamation produces a feature layer
resonating with the resolution specified in step (III).

All these steps are illustratively represented in Figure 3.8.

Figure 3.9 presents the finalized search spaces. Notably, the architecture with the
highest performance is represented by the last graph (f) within the figure.

Figure 3.9: The diagram depicts various architecture graphs of NAS-FPN within the
search space. Each dot symbolizes a feature layer, with feature layers in the same row
sharing a uniform resolution. Arrows delineate connections between internal layers.
The initial graph (a) corresponds to the baseline FPN architecture, while graphs (b-f)
represent the 7-cell NAS-FPN architectures identified by the NAS controller. Image
and caption sourced from [GLPL19].

3.2.4 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 inno-
vative solutions. In light of this, Mingxing Tan et al. introduced the model termed
Bi-Directional Feature Pyramid Network (BiFPN) [TPL19]. 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 the significance of
varied input features.
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In this study, the researcher critically evaluated the Multi-Scale Feature Representa-
tions as proposed by the NAS-FPN model [GLPL19]. 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 [LDG+17] and NAS-FPN [GLPL19], there seems to be a discrepancy in the
manner in which different 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 orches-
trated with the objective of eschewing nodes that do not actively 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 hier-
archical level. This is pursued to facilitate a more comprehensive feature fusion
without necessitating the introduction 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 fea-
ture network, can be found in Figure 3.10.

In the preceding architectures, there is a discernible uniformity in the treatment of
input features. This homogeneity often overlooks the nuanced 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 designed to facilitate the network’s learning of the relative
importance of each input feature. This weighting mechanism is encapsulated in the
methodology 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 repre-
sents the weight of the corresponding feature map, and to ensure its non-negativity, a
Rectified Linear Unit (ReLU) is applied post determination of each wi. The constant
ϵ = 0.0001 is judiciously incorporated to circumvent potential numerical instabilities
that might arise during calculations.
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Figure 3.10: Diagram illustrating of BiFPN as the feature network. Image adapted
from [WDC+23].

3.3 Object Instance Segmentation

Segmenting and identifying distinct objects within images is a foundational pillar of
computer vision. This process, often termed as Object Instance Segmentation, is in-
strumental in equipping machines with the capability to delineate and recognize indi-
vidual entities, as explained in the last chapter. This section traces this evolutionary
path, elucidating the mechanisms and novelties of R-CNN and its descendants: Fast
R-CNN, Faster R-CNN, and Mask R-CNN. Each algorithm brought forth incremental
refinements, ensuring faster processing times, enhanced accuracy, and the ability to
tackle more nuanced tasks like instance segmentation.

3.3.1 R-CNN

In the realm of object detection, the R-CNN (Regions with Convolutional Neural Net-
works) methodology stands as a pioneering contribution. It was introduced by Ross
Girshick et al. in their work [GDDM13], and it skillfully integrates region proposals
with the functionalities of convolutional neural networks. The architecture’s essence is
captured within three primary modules:

1. Region Proposal : This module allow to generate around 2000 category-independent
region proposals for each image. This is achieved using the Selective Search [UvdSGS13]
algorithm, which is based on a bottom-up segmentation approach.

2. Feature Extraction: Each of these region proposals is then warped to a fixed
size and passed through a pre-trained CNN to extract a 4096-dimensional feature
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vector.

3. Classification: A set of class-specific linear Support Vector Machines (SVMs)
is trained using the above feature vectors. For each region, the SVM outputs a
classification score, and bounding box regressors are used to fine-tune the object’s
location.

A visual representation encapsulating these modules is presented in Figure 3.11.

Figure 3.11: The object detection framework as delineated by R-CNN. Image adapted
from [GDDM13].

3.3.2 Fast R-CNN

Despite the groundbreaking innovations introduced by the architecture of R-CNN [GDDM13],
it exhibits several notable limitations. Chief among these are its space and time-
intensive multi-stage pipeline training, the prolonged detection times during the in-
ference phase, and the absence of shared computation in the forward pass for each
object proposal. Recognizing these challenges, Ross Girshick introduced the Fast R-
CNN architecture [Gir15], which employs a single-stage training algorithm. This new
algorithm concurrently learns to classify object proposals and finetune their spatial po-
sitions.

In the operational flow of the Fast R-CNN architecture, the input image initially
undergoes processing through multiple convolutional and max pooling layers, leading to
the generation of a feature map. Subsequently, for each object proposal, the architecture
incorporates a Region Of Interest (RoI) pooling layer, which is pivotal in extracting a
fixed-length feature vector from the aforesaid feature map. This feature vector is then
forwarded to a series of fully connected layers, culminating in two distinct output layers.
The first output layer is tasked with generating softmax probability estimates over K
object classes, plus a separate class for the background. The second layer, conversely,
outputs four real-valued coordinates for each of the K object classes. These coordinates
effectively refine the bounding-box positions corresponding to each class. A schematic
representation of this intricate process is delineated in Figure 3.12.
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Figure 3.12: An overview of the Fast R-CNN architecture, as sourced from [Gir15].

Within the scope of the described processes, the introduction of the Region of Inter-
est (RoI) pooling layer emerges as a crucial innovation. This RoI pooling layer employs
the max pooling operator to transform features encapsulated within any valid region
of interest into a compact feature map of a consistent spatial dimension, represented
as H ×W . Notably, the dimensions H and W function as layer hyperparameters and
maintain independence from any specific RoI. Every individual RoI is characterized by
a quadruple (r, c, h, w), which demarcates its top-left corner with coordinates (r, c) and
further defines its dimensions with height h and width w. Here, the operational prin-
ciple of the max pooling technique entails partitioning the h × w RoI window into an
H×W sub-window grid. Each of these sub-windows approximates a size of h/H×w/W ,
and the values within them are subsequently max-pooled into the corresponding grid
cell of the output feature map.

The epithet fast in the architecture alludes to its refinement optimized for detec-
tion. The underlying objective is the holistic training of all weights during the back-
propagation phase. Fast R-CNN achieves this by harnessing a single-stage training
process in tandem with a multi-task loss. This multi-task loss is intrinsically tied to the
aforementioned dual output layers. For the primary output layer, a discrete probability
distribution, symbolized as p = (p0, ..., pK), is formulated for each RoI. This distribu-
tion is derived from the softmax function applied over the K + 1 outputs emanating
from a fully connected layer. Pertaining to the secondary output layer, bounding-box
regression offsets are parameterized as tk =

(
tkx, t

k
y, t

k
w, t

k
h

)
for the k-th object class.

Then, given a labeled RoI associated with a ground-truth class u and a corresponding
bounding-box regression target v, the encompassing multi-task loss L for both classifi-
cation and bounding-box regression can be expressed as:

L (p, u, tu, v) = Lcls(p, u) + λ[u ≥ 1]Lreg (t
u, v) . (3.2)

In this equation, λ functions as a hyperparameter modulating the equilibrium between
the dual task losses. The Iverson bracket indicator function, denoted by [u ≥ 1],
evaluates to 1 when the condition u ≥ 1 is met and 0 otherwise. Further, Lcls(p, u) =
− log pu signifies the log loss for the genuine class u. The bounding-box regression
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loss, Lreg, is ascribed to the target u, v = (vx, vy, vw, vh) and its predicted counterpart
tu =

(
tux, t

u
y, t

u
w, t

u
h

)
, and is given by:

Lreg (t
u, v) =

∑
i∈{x,y,w,h}

smoothL1 (t
u
i − vi) (3.3)

The function smoothL1(x) is defined as:

smoothL1(x) =

{
0.5x2 if |x| < 1

|x| − 0.5 otherwise
. (3.4)

3.3.3 Faster R-CNN

Leveraging the innate potential of Fast R-CNN for generating region proposals, Shao-
qing Ren et al. formulated an integrated architecture, termed as Faster R-CNN [RHGS15].
This architecture comprises two pivotal modules: (I) Region Proposal Networks (RPNs)
and (II) the Fast R-CNN detector, as depicted in Figure 3.13. The overarching objective
of these networks is to engender region proposals potentially encapsulating objects.

Figure 3.13: Faster R-CNN represents a unified network dedicated to object detection,
wherein the RPN module acts as the network’s attention. Image and caption have been
sourced from [RHGS15].

Delving deeper, the Region Proposal Networks are designed to intake an image of
arbitrary dimensions and subsequently output an array of rectangular object proposals,
each quantified with an objectness score. To achieve this, the RPN processes a diminu-
tive network atop the convolutional feature map that emerges from the terminal shared
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convolutional layer. This concise network imbibes an n × n spatial window from the
originating convolutional feature map. Every sliding window is then transposed into a
lower-dimensional feature, subsequently funneled into two sibling fully-connected lay-
ers. These layers are tailored for box-regression and box-classification, respectively.
For each sliding window locale, simultaneous predictions are made for multiple region
proposals, with the upper bound of possible proposals for any given location symbol-
ized by k. These k proposals are parameterized in correlation to k reference boxes,
denominated as anchors. Notably, every anchor is centralized at the respective sliding
window, possessing a defined scale and aspect ratio, as illustrated in Figure 3.14.

Figure 3.14: The architecture of the Region Proposal Network (RPN). Image and cap-
tion sourced from [RHGS15].

In a quest to uphold the fast essence intrinsic to the Fast R-CNN [Gir15], the
Faster R-CNN architecture embodies a revamped multi-task loss function for the Region
Proposal Network. This is achieved by introducing a binary class assignment for every
anchor, distinguishing it as either an object or a non-object. The resultant loss to be
minimized can be represented as:

L ({pi} , {ti}) =
1

Ncls

∑
i

Lcls (pi, p
∗
i ) + λ

1

Nreg

∑
i

p∗iLreg (ti, t
∗
i ) (3.5)

Here, i signifies the anchor’s index within a mini-batch and pi denotes the predicted
likelihood of anchor i being classified as an object. The ground-truth label, p∗i , is set
to 1 if the anchor is identified as positive, and 0 if negative. Meanwhile, ti stands for
a vector detailing the four parameterized coordinates of the projected bounding box.
In contrast, t∗i designates the ground-truth box linked with a positive anchor. The
terms Lcls and Lreg mirror those described in equation (3.2). They are normalized by
factors Ncls (referring to the mini-batch size) and Nreg (pertaining to the total anchor
locations). Lastly, λ operates as a hyperparameter orchestrating the balance between
the twin task losses.
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3.3.4 Mask R-CNN

In their research, Kaiming He et al. sought to adapt the architecture of the Faster
R-CNN to cater to instance segmentation tasks. The method they introduced, named
Mask R-CNN [HGDG17], integrates an additional branch designed specifically to pre-
dict segmentation masks for each Region of Interest (RoI). This branch operates concur-
rently with the existing branches focused on classification and bounding box regression,
as depicted in Figure 3.15.

Figure 3.15: The architecture of Mask R-CNN, as sourced from Kaiming He et
al. [HGDG17].

The architecture of Mask R-CNN builds upon the foundational structure of Faster
R-CNN. While the Faster R-CNN is responsible for the class label and bounding-box
prediction, the Mask R-CNN integrates a novel branch dedicated to outputting the ob-
ject mask. This mask is distinct from the class and bounding box outputs, necessitating
a more intricate spatial layout extraction of an object. The branch is designed to encode
K binary masks, each of resolution m×m, one corresponding to each of the K classes.
The intricate spatial structure of the masks is addressed by the inherent pixel-to-pixel
correspondence that convolutions offer. Within this architecture, an m×m mask is pre-
dicted for each RoI using a Fully Convolutional Network (FCN). This approach ensures
that each layer in the mask branch retains the explicit m × m object spatial layout,
avoiding its reduction into a vector representation devoid of spatial dimensions. One
significant innovation in the Mask R-CNN is its acknowledgment of the pixel-to-pixel
alignment between network inputs and outputs, an aspect overlooked by the RoIPool
utilized in the Fast R-CNN architecture. To address this, Mask R-CNN incorporates
a novel RoI layer, termed RoIAlign. RoIAlign serves to rectify the severe quantization
inherent in RoIPool, ensuring a precise alignment of the extracted features with the
input. The principal objective of this layer is to eschew any quantization of the RoI
boundaries or bins. Instead, it employs bilinear interpolation to accurately compute
the values of the input features at four systematically sampled locations within each
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RoI bin, as depicted in Figure 3.16.

Figure 3.16: RoIAlign: The dashed grid symbolizes a feature map, with the solid lines
representing an RoI (comprising 2×2 bins in this instance), and the dots marking the
four sampling points in each bin. RoIAlign determines the value of each sampling
point through bilinear interpolation from the adjacent grid points on the feature map.
Crucially, no quantization is applied to any coordinates related to the RoI, its bins, or
the sampling points. Image and caption sourced from [HGDG17].

The training phase for the Mask R-CNN method introduces a composite multi-task
loss for each sampled RoI, formulated as L = Lcls + Lreg + Lmask. Here, Lcls and Lreg

remain consistent with those detailed in equation (3.5). Lmask is the average binary
cross-entropy loss. Notably, for an RoI correlated with the ground-truth class k, Lmask

is solely defined on the k-th mask. This unique definition of the loss Lmask empowers
the network to produce masks for each class without any class competition.
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Chapter 4

Proposal

In alignment with the objectives delineated in Section 1.3.2, this chapter presents the
newly proposed architectural framework termed CA-BiFPN. This design draws inspi-
ration from the two-stage detector paradigm, as comprehensively elucidated in Chapter
3. The architecture is strategically segmented into three primary components:

1. Backbone: This component represents the refined network specifically tailored
for feature extraction. Within this segment, we harness feature maps from di-
verse 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 backbone. It
incorporates the structure of the BiFPN [TPL19]. Within this framework, we in-
troduced two new components: the Local Context Aggregator and the Global
Context Aggregator. A deeper exploration of these components will be pro-
vided in Section 4.1.

3. Head Detector: This segment integrates a Mask R-CNN head [HGDG17],
equipped with two distinct RoI Pooler operators. While one is dedicated to the
Object Detection task, the other is tailored for the Instance 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 Figure 4.1.

The subsequent sections will delve into the design intricacies of the Context Aggre-
gator Units located within the neck, emphasizing their integration within the BiFPN
structure.
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Figure 4.1: Detailed schematic of the CA-BiFPN architecture.

4.1 Context Aggregator Units

Drawing parallels with ParseNet [LRB15], the Context Aggregator unit is designed to
synergize both local and global features emanating from the backbone stage. Within
the scope of this research, the distinctions between local and global contextual features
are articulated as follows:

1. Local Context Feature: These originate from the deeper stage layers in the
backbone, often referred to as the bottom-up pathway of the network. Possessing
a minimal receptive field, these features preserve intricate spatial information,
thereby facilitating the generation of high-level features.

2. Global Context Feature: The features extracted from the shallower stages of
the backbone, characterized by their expansive receptive field, are adept at cap-
turing robust semantic information. These are categorized as low-level features.

4.1.1 Global Context Operator

In the Squeeze-and-Excitation networks study [HSS17], the convolutional vector oper-
ation presented in Equation (2.4), denoted as K ∗ x, involves a summation across all
channels C. The output from this operation is closely interwoven with the local spa-
tial correlations captured by the filters K. To address the convolutional complexities,

34



Camilo Esteban Núñez Fernández UTFSM

the squeeze-and-excitation block integrates global spatial information throughout the
channels and subsequently consolidates this data through channel-wise dependencies.
Then, for an input X ∈ RC×H×W , the global feature context 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 formu-
lated 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 corresponds to individ-
ual units of the feature map X.

Building upon the concept of point-wise channel representation introduced by the
global feature context operator, we focus on the interaction of the global spatial in-
formation throughout the channels. This approach mirrors that of the MS-CAM
block presented by Yimian Dai et al. in their research titled Attentional Feature Fu-
sion [DGO+20]. 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 Context Operator formulated in our study can be ex-

pressed 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 [HG23]

activation function. The term PW-Conv1×1 signifies the point-wise convolution. Fol-
lowing this, a channel-wise multiplication is performed between the output σ (G(X))
and the input X. A graphical representation of the Global Context Operator is
available in Figure 4.2a.

4.1.2 Local Context Operator

Given the understanding that channel relationships shaped by convolution are inher-
ently implicit and localized, the Local Context Operator functions as a simplified version
of equation (4.3). Notably, this operator excludes the global feature context 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
Context Operator can be found in Figure 4.2b.
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(a) Detailed schematic Global
Context Aggregator Unit.

(b) Detailed schematic Local
Context Aggregator Unit.

(c) Detailed schematic of the
merge unit node.

Figure 4.2: Diagram illustrating the Context Aggregator Units and merge unit node
FMBConvCA, proposed in this work.

4.1.3 FMBConvCA Block

After establishing the architecture of the Context Aggregator Units, we incorporate
them into a refined version of the Fused-MBConv block [GT], hereafter referred to as
FMBConvCA. This modification is analogous to the enhanced block delineated in the
study by Hatamizadeh et al. [HYH+23]. 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 oper-
ation [HSS17]. The symbol δ is employed to represent the Gaussian Error Linear Unit
(GELU) activation function [HG23]. Moreover, PW-Conv1×1 signifies the point-wise
convolution operation. Within this equation, CA stands for the Context 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
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X. A visual representation of the FMBConvCA block is provided in Figure 4.2c.

The incorporation of the Context Aggregator Units into the FMBConvCA block
provides enhanced capabilities for contextual understanding and feature extraction. By
elegantly combining the depth-wise and point-wise convolutions with the Context Aggre-
gator Units and GELU activation function, the block aims to achieve a balance between
computational efficiency and representational power. This design fosters a robust ar-
chitecture capable of handling intricate data patterns and inter-channel dependencies,
thereby amplifying the overall performance of the neck.

4.2 Architecture of the CA-BIFPN Neck

As alluded to in the introductory section of this chapter, the salient innovations pro-
posed in this work predominantly reside in the neck component of the overall neural
network architecture. The schematic representation of this enhanced neck, denoted as
CA-BIFPN, is illustrated in Figure 4.1. The proposed architecture incorporates the
node structures layer from the BiFPN [TPL19] 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 context aggregation
fusion points. Similarly, the terminal nodes1, denoted as P1_2, P2_2, P3_2, and P4_2,
represent the ultimate context aggregation 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 enumerated 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 Context Operator and GLobal Context

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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Operator, and ⊕ indicates a direct summation operation.

The CA-BIFPN neck design presents a nuanced approach to achieving efficient
feature fusion and contextual understanding. By embedding the FMBConvCA Block
within the nodes, the architecture enhances its capabilities for capturing complex re-
lationships and spatial dependencies across channels. These intricacies are efficiently
managed, thus contributing to the overall robustness and performance of the neck.

38



Chapter 5

Results

5.1 Experiments Definitions

The primary aim of this study is to rigorously investigate the efficacy of our proposed
end-to-end neural network model in addressing challenges related to object detection
and instance segmentation. To achieve this, a meticulous experimental setup has been
established to ensure both the computational rigor and the reproducibility of results.

5.1.1 Hardware Configuration

For the purpose of this study, a specialized hardware configuration was utilized dur-
ing the experimental phase to facilitate accelerated computation. 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.

5.1.2 Specifications of Computational Environment

The architecture of the proposed network was realized through the utilization of the
PyTorch framework [PGM+19]. To ensure compatibility and leverage optimizations,
the computational environment was configured using NVIDIA NGC’s official PyTorch
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container, version 23.05 1. This containerized approach facilitates reproducibility and
enhances the overall robustness of the experimental setup.

For the quantitative assessment of model performance, metric evaluations were con-
ducted as delineated in Section 2.3.1. Specifically, the PyTorch model underwent evalu-
ation 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.

Furthermore, the methodologies for CNN explainability were discussed in Section
2.3.2. To elucidate the behavior of the trained model, two strategies were employed:
Ablation CAM and ROAD strategy. These strategies were implemented using the Ad-
vanced AI Explainability for PyTorch package [Gc21].

The official repository, which contains the source code, required libraries, configu-
ration files, and checkpoints, can be accessed via the following URL: https://github.
com/camilo-nunez/ca-bifpn.

5.1.3 Training Specifications

Dataset

In order to rigorously assess the performance of our proposed model in the realms of
object detection and instance segmentation, we employed the Common Objects in Con-
text (COCO) dataset, as outlined in [LMB+14]. Specifically, 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 in-
stance segmentation. It boasts an extensive collection of 328,000 images, encompassing
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 objectives 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 [SD17]. 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 imbalance within the
COCO dataset. Notably, the class labeled ’person’ is disproportionately represented,
boasting a far greater number of instances compared to other classes.

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

2https://torchmetrics.readthedocs.io/en/stable/
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Training Phase

As delineated in Chapter 4, the architecture of the proposed end-to-end model is com-
partmentalized into three integral components: (I) the backbone, (II) the neck, and
(III) the head detector.

Backbone Selection and Configuration For the backbone, we leverage three
pre-trained models: InternImage [WDC+23], ConvNeXt [LMW+22], and Efficient-
NetV2 [TL21]. 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 experi-
ments 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 classification task
using the ImageNet dataset [DDS+09]. In accordance with established best practices in
transfer learning [YCBL14], the weights of these models are frozen to serve as feature
extractors.

Neck Configuration The neck component in the training phase adopts two distinct
configurations: one based on the original BiFPN model and another based on the
proposed CA-BiFPN model. In adherence to the standard configurations utilized in
the InternImage work 3, we employ a five-layered architecture for each neck with an
output channel size of 2564.

3https://github.com/OpenGVLab/InternImage/tree/master/detection/configs/coco
4CIN in output nodes as depicted in Figure 4.1
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Head Detector Configuration 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.

Implementation of Training Procedures Building upon the aforementioned def-
initions of backbones and necks, the ultimate configurations utilized for the training
implementation in this study comprise the following combinations:

• InternImage-S [WDC+23] + BiFPN [TPL20]

• ConvNeXt-S [LMW+22] + BiFPN [TPL20]

• EfficientNetV2-M [TL21] + BiFPN [TPL20]

• InternImage-S [WDC+23] + CABiFPN (ours)

• ConvNeXt-S [LMW+22] + CABiFPN (ours)

• EfficientNetV2-M [TL21] + CABiFPN (ours)

In alignment with established best practices exemplified by InternImage [WDC+23],
the backbones components were initialized with weights pretrained on classification
tasks. Subsequent training was conducted on the neck components as well as the Mask
R-CNN head detector, adhering to a 1x schedule comprising 12 epochs5.

The experiments utilized the train2017 dataset from COCO. Moreover, a series of
image augmentations were employed using the Albumentations library [BIK+20]. The
specific transformations and their respective probabilities are delineated in Table 5.3.
These augmentations were applied both to the input images and the associated ground-
truth annotations, including bounding boxes and binary segmentation masks.

To optimize the networks, the AdamW optimizer [KB17] was utilized, conforming
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 com-
plications, the default image size from the ImageNet dataset was employed, as opposed
to the larger InternImage dimensions of 1333× 800.

5For 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

42

https://github.com/facebookresearch/detectron2/blob/main/MODEL_ZOO.md


Camilo Esteban Núñez Fernández UTFSM

Transform Probability Description
Resize p = 1 Rescale to 224× 224
Random Brightness Contrast p = 0.4 Alter brightness and contrast randomly
RGB Shift p = 0.5 Shift RGB channels randomly
Invert Image p = 0.5 Invert colors by subtracting pixel values
Blur p = 0.3 Apply blur
Gauss Noise p = 0.4 Add Gaussian noise
Flip p = 0.4 Flip image
Random Rotate 90◦ p = 0.4 Rotate 90◦

Normalize p = 1 Normalize image

Table 5.3: Image augmentation transforms from Albumentations [BIK+20] along with
their associated probabilities.

5.2 Metric Evaluation Results

In accordance with the evaluation conducted on the six trained models delineated in
Section 5.1.3, we assessed their performance using the metric of mean average precision
(AP) at Intersection over Union (IoU) thresholds 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
5.4.

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

50 AP bbox
75 APmask APmask

50 APmask
75

InternImage-S [WDC+23] + BiFPN [TPL20] 2.3M 48.5M 0.1654 0.2914 0.1715 0.0341 0.1239 0.0080
ConvNeXt-S [LMW+22] + BiFPN [TPL20] 2.4M 49.4M 0.1884 0.3215 0.1966 0.0405 0.1420 0.0100
EfficientNetV2-M [TL21] + BiFPN [TPL20] 2.2M 52.2M 0.2050 0.3507 0.2177 0.0416 0.1531 0.0092
InternImage-S [WDC+23] + CABiFPN (ours) 9.7M 48.5M 0.2071 0.3548 0.2168 0.0421 0.1508 0.0108
ConvNeXt-S [LMW+22] + CABiFPN (ours) 9.8M 49.4M 0.2297 0.3906 0.2416 0.0475 0.1663 0.0117
EfficientNetV2-M [TL21] + CABiFPN (ours) 9.6M 52.2M 0.2470 0.4203 0.2592 0.0433 0.1648 0.0083

Table 5.4: 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.

5.3 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
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(CAM) across five layers of the necks, for each of the six trained models, utilizing the
Ablation CAM visual explanation technique.

To provide a robust assessment, three disparate images from the COCO dataset
have been selected at random, identifiable by their respective IDs: 96825, 171382, and
509403. These images serve as the ground truth and are accompanied by their respec-
tive bounding boxes and segmentation masks, all of which are depicted in Figure 5.1.

For the purposes of this section, our primary results will center around the visual
results generated for the image with ID 509403. However, the visual results correspond-
ing to images with IDs 96825 and 171382 have also been generated and can be found
in the supplementary sections. Specifically, these supplementary figures are located in
Section A.1 and Section A.2 of Appendix A.

Upon selection of these test images, we have conducted predictions to generate
bounding boxes and segmentation masks for each. The results of these predictions are
systematically represented in Figures 5.2, A.1, and A.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
509403, these are shown in Figures 5.3 to 5.8. Similarly, the visual outcomes for image
ID 96825 are displayed in Figures A.3 to A.8, while those for image ID 171382 appear
in Figures A.9 to A.14.

Figure 5.1: Original images from COCO2017 utilized for testing. The first row displays
images with IDs 96825, 171382, and 509403. The second row showcases the bounding
boxes and instance segmentation masks derived from the annotations of these images.
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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 + CABiFPN.

(e) Predictions using
ConvNeXt-S + CABiFPN.

(f) Predictions using
EfficientNetV2-M +
CABiFPN.

Figure 5.2: Object detection and instance segmentation predictions for image ID
509403 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
509403.
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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 + CABiFPN model, with corresponding object detection predictions for image ID
509403.
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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
509403.
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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 + CABiFPN model, with corresponding object detection predictions for image ID
509403.
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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
TF-EfficientNetV2-M + BiFPN model, with corresponding object detection
predictions for image ID 509403.
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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 + CABiFPN model, with corresponding object detection
predictions for image ID 509403.
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5.4 Imputation Results

To complement the insights gained from the Ablation Class Activation Mapping (CAM)
visual explanations, we utilized the pixel-perturbation technique known as ROAD [THC+19].
This approach is detailed in Section 2.3.2 and was applied to each of the five layers in
the neck across all six trained models for a comprehensive analysis. We considered two
distinct strategies for pixel removal: Most Relevant First (MoRF) and Least Relevant
First (LeRF) [SBM+15]. These strategies were crafted to either target the most relevant
or least relevant pixels, thereby offering a more nuanced understanding of the model’s
decision-making processes.

To evaluate the impact of these perturbations on model performance, we utilized a
custom confidence metric derived from both MoRF and LeRF. The equation for this
metric is given by:

Confidence Metric =
(LeRF −MoRF )

2
,

This metric was applied across multiple percentile thresholds, specifically at 20%, 40%,
60%, and 80% levels of pixel removal, to provide a multi-faceted view of model sensi-
tivity to pixel perturbations.

The resultant data are tabulated and can be found in Table 5.5 for image ID 509403,
Table 5.6 for image ID 96825, and Table 5.7 for image ID 171382. These tables collec-
tively present a comprehensive overview of how the imputation strategies impact the
interpretability and reliability of the trained models under study.

Confidence
Model L1 L2 L3 L4 L5

InternImage-S [WDC+23] + BiFPN [TPL20] 2.842369 2.6254954 2.6084025 1.4631767 1.2592103
ConvNeXt-S [LMW+22] + BiFPN [TPL20] 2.5395045 2.8010774 2.564676 2.7891173 2.7836413
EfficientNetV2-M [TL21] + BiFPN [TPL20] 3.8836775 3.9961786 4.127801 3.7277918 4.129478
InternImage-S [WDC+23] + CABiFPN (ours) 4.4633584 4.4853263 4.432617 4.67398 4.667679
ConvNeXt-S [LMW+22] + CABiFPN (ours) 3.980652 3.742455 3.9141197 3.9185126 3.6784308
EfficientNetV2-M [TL21] + CABiFPN (ours) 3.916544 3.9983945 4.111134 4.141871 4.179732

Table 5.5: Combined MoRF and LeRF avarage confidence using ROAD strategy for
the five neck layers across six models, evaluated at percentiles 20, 40, 60, and 80 on
image ID 509403. The highest values are in bold, indicating the most confident layer
in the neck, while the lowest values are in italic.
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Confidence
Model L1 L2 L3 L4 L5

InternImage-S [WDC+23] + BiFPN [TPL20] 0.95029116 0.95994985 0.48607662 -0.24469143 -0.48681438
ConvNeXt-S [LMW+22] + BiFPN [TPL20] 0.94896114 0.93078464 0.93930924 0.933002 0.9292339
EfficientNetV2-M [TL21] + BiFPN [TPL20] 0.9650256 0.9558013 0.9592131 0.95095545 0.9558286
InternImage-S [WDC+23] + CABiFPN (ours) 0. 0.9606638 0.969138 0.9632113 0.96664834
ConvNeXt-S [LMW+22] + CABiFPN (ours) 0.93161523 0.9501411 0.9351118 0.9351068 0.93464565
EfficientNetV2-M [TL21] + CABiFPN (ours) 0.9696959 0.9621654 0.9494796 0.97354376 0.9564767

Table 5.6: Combined MoRF and LeRF avarage confidence using ROAD strategy for
the five neck layers across six models, evaluated at percentiles 20, 40, 60, and 80 on
image ID 96825. The highest values are in bold, indicating the most confident layer
in the neck, while the lowest values are in italic.

Confidence
Model L1 L2 L3 L4 L5

InternImage-S [WDC+23] + BiFPN [TPL20] 2.9169397 3.3592114 3.4150054 2.9640887 1.8052661
ConvNeXt-S [LMW+22] + BiFPN [TPL20] 6.385799 6.8318634 7.1888366 6.8878274 6.6595736
EfficientNetV2-M [TL21] + BiFPN [TPL20] 6.1930113 6.560341 6.082729 6.4222465 5.624841
InternImage-S [WDC+23] + CABiFPN (ours) 7.4974775 7.8757086 8.453202 8.4683075 8.111521
ConvNeXt-S [LMW+22] + CABiFPN (ours) 5.323591 5.753009 6.464163 6.36069 6.803749
EfficientNetV2-M [TL21] + CABiFPN (ours) 6.8131247 7.8556514 8.355728 7.8893404 8.054105

Table 5.7: Combined MoRF and LeRF avarage confidence using ROAD strategy for
the five neck layers across six models, evaluated at percentiles 20, 40, 60, and 80 on
image ID 171382. The highest values are in bold, indicating the most confident layer
in the neck, while the lowest values are in italic.
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Chapter 6

Discussion and Analysis

6.1 Metric Evaluation Analysis

Upon scrutiny of the aggregated data from the Table 5.4, it becomes evident that net-
works employing the proposed CABiFPN neck architecture demonstrated superior per-
formance 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 bounding boxes was a combination of EfficientNetV2-M [TL21]
with CABiFPN. Conversely, the least effective architecture for this particular task was
identified as InternImage-S [WDC+23] combined with BiFPN [TPL20]. In terms of
mask prediction, the ConvNeXt-S network [LMW+22] paired with CABiFPN produced
the most favorable outcomes, while the least effective results were similarly attributed
to the InternImage-S network [WDC+23] with neck BiFPN [TPL20].

It is noteworthy to address the implications of architectural choices on model com-
plexity. The integration of a greater number of parameters in the proposed CABiFPN
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
CABiFPN, manifests a higher degree of computational sophistication than a less ex-
pansive structure like BiFPN. However, this elevated complexity is accompanied by
more intricate internal representations within the neck architecture. Consequently, this
demands additional training time and computational resources, aligning with the ob-
servations put forth in previous work [Ben09].

6.2 Explanation with Ablation CAM

In an examination of the predictive capabilities of six computational models, variety of
differentiated elements were noted with respect to object detection and mask genera-
tion in images with IDs 96825, 171382, and 509403. These outcomes are elucidated in
Figures 5.2, A.1, and A.2, showcasing key differences between models that implement
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CABiFPN and BiFPN as their respective neck architectures.

Focusing initially on the predictions related to image ID 509403, as presented in Fig-
ure 5.2, it was observed that the models equipped with the CABiFPN neck architecture
successfully identified all bounding boxes for the object instances present (comprising
three instances of ’person’, one of ’dog’, and one of ’frisbee’). Conversely, models
utilizing the BiFPN neck were less proficient, particularly in identifying objects with
smaller surface areas such as instances of ’frisbee’ and ’dog’. It is worth noting that
both sets of models (those with CABiFPN and those with BiFPN neck architectures)
were able to accurately generate masks for the aforementioned instances.

Turning to the predictive outcomes for image ID 96825, as illustrated in Figure A.1,
all models uniformly succeeded in identifying the mask and the associated bounding
box for the ’person’ instance that occupied the largest area. However, the models col-
lectively failed to detect smaller object instances, notably those labeled as ’backpack’
and ’skis’. Additional scrutiny revealed that models incorporating InternImage-S +
CABiFPN and ConvNeXt-S + CABiFPN architectures produced an increased number
of segmentation artifacts.

Lastly, concerning the two most frequently occurring instances in image ID 171382
(delineated in Figure A.2) none of the models were able to precisely pinpoint the bound-
ing box for the most prevalent instance, labeled as ’traffic light’. Nevertheless,
these models demonstrated a higher success rate in generating corresponding masks.
With regard to the second most frequently instance, the ’person’ instances, models
employing the CABiFPN neck architecture predominantly excelled in identifying both
the bounding boxes and associated masks. Recurring issues were observed with the
ConvNeXt-S + CABiFPN architecture, which continued to generate artifacts in seg-
mentation tasks.

While visualizations of the predictions may initially clarify the behavior of the mod-
els, it is necessary to delve deeper into the visual explanation provided by the Ablation
CAM method.

6.2.1 Ablation CAM visual explanation Image 509403

Figures 5.3 and 5.4 present visualizations generated via Ablation CAM for models
equipped with InternImage-S backbones and BiFPN and CABiFPN necks, respectively.
A salient observation, corroborated by previous accuracy measurements, is the exclu-
sive visualization of ’person’ instances by the model incorporating the BiFPN neck.
Conversely, the model featuring the CABiFPN neck demonstrates the capability to
identify multiple instances across classes. Specific attention is drawn to layer 1 of Fig-
ure 5.3, which belongs to the BiFPN neck model. Here, discriminative regions (marked
in red) appear to be sporadically distributed across the instance, most prominently in

55



Camilo Esteban Núñez Fernández UTFSM

the larger ’person’ instances. Such a pattern suggests that the BiFPN neck initially
fails to leverage the substantial contributions that context features can offer. This lim-
itation, however, appears to be ameliorated beginning with layer 2. In contrast, the
CABiFPN neck model evidences the effective utilization of context features from layer
1 itself, accentuating elements derived from local context features, such as the limbs of
’person’ instances or smaller objects.

In the context of the ConvNeXt-S + BiFPN and ConvNeXt-S + CABiFPN models,
Figures 5.5 and 5.6 reveal that both networks initially exhibit a low scattered distribu-
tion of smaller sub-regions. This is particularly noticeable in the network employing the
BiFPN neck. This low dispersion implies that the fusion of context features transpires
earlier in models equipped with a ConvNeXt-S backbone as compared to those with
an InternImage-S backbone. Nevertheless, the CABiFPN neck model continues to out-
perform in highlighting discriminative regions imbued with high-level context features,
such as the limbs of ’person’ instances or small objects like the ’frisbee’ instance.

Lastly, the EfficientNetV2-M + BiFPN and EfficientNetV2-M + CABiFPN models,
visualized in Figures 5.7 and 5.8, diverge from preceding findings. For the BiFPN neck
model, the fusion of context features is apparent from layer 1, a feature not mirrored
in the CABiFPN neck model where such fusion is discernible only in the innermost
layers, ranging from layer 2 to layer 4. Notwithstanding these differences, both models
converge towards highlighting similar discriminative sub-regions by Layer 5.

6.2.2 Ablation CAM visual explanation Image 96825

As mentioned in the begening of this section, image ID 96825 contains only three
instances: ’person’, ’backpack’, and ’skis’. The first being the instance with the
largest area in the image, and the last two with much smaller areas compared to the
first instance.

In this case, the visualizations of the models with the InternImage-S backbone and
the BiFPN and CABiFPN necks are illustrated in Figures A.3 and A.4, respectively. It
can be observed and confirmed that the model with the BiFPN neck rapidly identifies
the largest ’person’ instance in the first three layers without major issues. However,
in the last two layers, it can be observed that both layer 4 and layer 5 start to generate
dispersed regions in the instance detection, indicating that these latter layers generate
more artifacts compared to the first three. In contrast, in Figure A.4, it can be seen
that the model with the CABiFPN neck identifies the instance homogeneously, despite
not detecting it in the first layer. Again, it is noticeable that in this model, the details
of the ’person’ instances’s limbs are better defined compared to the detections made
by the model with the BiFPN neck.

Regarding the visualizations of the models with the ConvNeXt-S backbone, pre-
sented in Figures A.5 and A.6 for the BiFPN and CABiFPN necks, respectively, a
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similar behavior can be observed as described in Section 6.2.1 for the same image, and
as described above. A homogeneous distribution of regions of interest is observed across
all five layers in both models with BiFPN and CABiFPN necks. The model with the
CABiFPN neck achieves a more accurate identification of local context features of the
instance’s limbs in layer 2 compared to the model with the BiFPN neck.

A similar effect occurs in Figures A.7 and A.8 for the EfficientNetV2-M backbone,
as all layers of both models with BiFPN and CABiFPN necks homogeneously identify
the instance in their respective regions of interest, without showing significant repre-
sentative differences in their visualization.

6.2.3 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 geometries, or the degree of overlapping among them.
Figures A.9 to A.14 provide visual representations to support our observations. No-
tably, it is exclusively the models incorporating the CABiFPN neck that demonstrate
a superior ability in detecting a diverse array of instances, beyond the overrepresented
’person’ class.

In the specific of Figures A.9 and A.10, models employing both InternImage-S back-
bone and BiFPN and CABiFPN necks primarily identify instances of the ’person’
class. Yet, the model featuring the CABiFPN neck exhibits 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 A.11 and A.12 reveals nuanced behavior from the ConvNeXt-
S + BiFPN and ConvNeXt-S + CABiFPN models. Again, the model with the CAB-
iFPN neck outperforms its BiFPN counterpart in terms of instance detection. Inter-
estingly, the CABiFPN model initiates 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 gestures are
more homogenous.

Lastly, an examination of Figures A.13 and A.14, which correspond to the EfficientNetV2-
M + BiFPN and EfficientNetV2-M + CABiFPN models, respectively, corroborates the
aforementioned pattern. Here again, the CABiFPN model identifies a greater number
of instances. However, it is only in the model’s advanced layers that the fuse of high-
level context features becomes more manifest, thereby accentuating key discriminative
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regions such as the limbs of the ’person’ instances.

6.3 Validation of Visual Explanations through Impu-
tation Techniques

As elaborated upon in Sections 2.3.2 and 5.4, a robust visual explanation is expected
to result in an escalation of output confidence. To assess this, Tables 5.5, 5.6, and 5.7
present the variations in confidence scores for image IDs 509403, 96825, and 171382,
respectively. The employed strategy for this assessment is the Removal and Ordering
Aware Decomposition (ROAD), in conjunction with Noisy Linear Imputation as the im-
putation operator Il for the function Il(M ,xl). Here, M represents the binary masks
derived from the Ablation CAM visual explanations. The pixel elimination sequences
applied are Least Relevant First (LeRF) and Most Relevant First (MoRF), as detailed
in Section 2.3.2. Instances of these removal orders are illustrated in Figures A.15 and
A.16.

It is crucial to highlight that a higher confidence score does not inherently imply
superior model performance. An elevated confidence score solely corroborates that the
obtained visual explanation’s mask is in alignment with the pixel modification strategy
and, by extension, adapts well to the focal visual fields under investigation across dif-
ferent layers.

For image ID 509403, Table 5.5 corroborates that the initial layers offer more pre-
cise visual explanations in the InternImage-S + BiFPN model, thus substantiating the
observations made in Section 6.2.1. In contrast, the InternImage-S + CABiFPN model
demonstrates stable confidence values across all layers. Comparable stability in confi-
dence values is also noted for both the ConvNeXt-S + BiFPN and ConvNeXt-S + CAB-
iFPN models. For the EfficientNetV2-M + BiFPN and EfficientNetV2-M + CABiFPN
models, it is unequivocally observed that the final layers produce the highest confi-
dence scores. This observation reiterates the layer fusion occurrences in the ConvNeXt-
S + CABiFPN model and further substantiates that the terminal layer contributes
most substantially to the visual explanation in both BiFPN and CABiFPN neck con-
figurations.

Concerning image ID 96825, as per Table 5.6, the confidence value distribution
across all models is largely homogenous, with a notable exception in the final two lay-
ers of the InternImage-S + BiFPN model. The latter possibly encompasses elements
missed by the visual explanations, such as particular artifacts.

Finally, in the context of image ID 171382, Table 5.7 exhibits trends akin to those
observed for the InternImage-S + BiFPN model in Table 5.5. Specifically, the most
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compelling confidence scores are registered in the initial layers, particularly within
the first three layers of the network’s neck architecture. This sharply contrasts with
the elevated confidence values observed for the concluding layers in the InternImage-
S + CABiFPN model, specifically layers 4 and 5. For the ConvNeXt-S + BiFPN
model, the intermediate layers, specifically layers 2 to 4, yield the most refined visual
explanations. Concurrently, the ConvNeXt-S + CABiFPN model records the apex
of its confidence values in the final layer. In both EfficientNetV2-M + BiFPN and
EfficientNetV2-M + CABiFPN configurations, it is discernible that the intermediate
layers (layer 2 for the BiFPN model and layer 3 for the CABiFPN model) garner the
most substantial confidence scores.
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Chapter 7

Conclusion

This research undertakes a comprehensive analysis of feature fusion behaviors, partic-
ularly in the local and global context feature variables, within the specialized domains
of object detection and instance segmentation. Central to this investigation is the
development and implementation of the Context Aggregation with Bi-Feature Pyramid
Network(CABiFPN), a novel fusion neck architecture designed to enhance object detec-
tion efficacy. Through a rigorous comparison with the conventional Bi-Feature Pyramid
Network (BiFPN), the CABiFPN demonstrates markedly superior performance in var-
ious object detection tasks.

Utilizing visual explanation methodologies such as Ablation Class Activation Map-
ping (Ablation CAM) and imputation-based techniques, we substantiate that CABiFPN-
enabled models exhibit a higher proficiency in recognizing and exploiting contextual fea-
tures, thereby contributing to enhanced object detection and segmentation accuracies.
Our empirical findings reveal that models incorporating the CABiFPN architecture
surpass those utilizing the standard BiFPN architecture, particularly in the realm of
bounding box and mask predictions. For example, the EfficientNetV2-M model outfit-
ted with neck CABiFPN excels in bounding box predictions, whereas the ConvNeXt-S
architecture coupled with neck CABiFPN yields superior outcomes in mask predic-
tions. However, it should be noted that the increased number of parameters in CAB-
iFPN introduces a higher level of computational complexity. While this confirms earlier
research, the added complexity appears to be a contributing factor to the model’s en-
hanced capability to capture intricate patterns.

Furthermore, the CABiFPN architecture manifests a robust capacity for identifying
objects across a range of scales. Contrarily, models built upon the BiFPN neck en-
counter difficulties, especially when faced with objects possessing smaller surface areas.
CABiFPN neck models exhibit a broader efficacy, identifying instances across diverse
contexts and poses. In terms of feature fusion strategies, different models reveal het-
erogeneous approaches. For instance, when configured with both necks BiFPN and
CABiFPN, the EfficientNetV2-M model displays distinct feature fusion behaviors in
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its early and later layers. CABiFPN tends to capitalize more effectively on high-level
contextual features compared to BiFPN. Despite these advances, certain limitations
persist across all evaluated models and architectures. One universal issue is the subop-
timal detection of objects with smaller surface areas, such as ’backpacks’ and ’skis’
particularly in cluttered or crowded scenes. Additionally, certain configurations like
InternImage-S + CABiFPN and ConvNeXt-S + CABiFPN produce increased artifacts
in mask segmentation tasks.

In summary, both the general and specific objectives of this research were fully re-
alized. Quantitative findings were further bolstered through the utilization of Ablation
CAM and imputation techniques, providing a nuanced understanding of variations in
model performance.

7.1 Future Work

Several avenues for future research are delineated below:

• Future investigations should assess the feasibility of sibling training with different
optimization algorithms, such as a 1x schedule training using AdamW and another
employing Stochastic Gradient Descent with Warm Restarts [LH16].

• 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.

• It is imperative to optimize the complexity of Context Aggregator Units and
FMBConvCA Blocks. A potential approach might be to follow the research con-
ducted by Zhuang Liu et al., as discussed in their work on ConvNeXt [LMW+22]
and outlined in Section 3.1.2.

• Future work should also evaluate the performance of CABiFPN architectures
using more balanced datasets, such as Open Images [KDA+17].
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Appendix A

Supplementary Figures and Tables

A.1 Predictions from models

(a) Predictions using
InternImage-S + BiFPN.

(b) Predictions using
ConvNeXt-S + BiFPN.

(c) Predictions using
EfficientNetV2-M + BiFPN.

(d) Predictions using
InternImage-S + CABiFPN.

(e) Predictions using
ConvNeXt-S + CABiFPN.

(f) Predictions using
EfficientNetV2-M +
CABiFPN.

Figure A.1: Object detection and instance segmentation predictions for image ID 96825
based on evaluations of the six tested models.
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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 + CABiFPN.

(e) Predictions using
ConvNeXt-S + CABiFPN.

(f) Predictions using
EfficientNetV2-M +
CABiFPN.

Figure A.2: Object detection and instance segmentation predictions for image ID
171382 based on evaluations of the six tested models.
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A.2 Ablation CAM over models

(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 A.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 96825.
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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 A.4: Ablation CAM applied to the five layers in the neck of the InternImage-
S + CABiFPN model, with corresponding object detection predictions for image ID
96825.
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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 A.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 96825.
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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 A.6: Ablation CAM applied to the five layers in the neck of the ConvNeXt-
S + CABiFPN model, with corresponding object detection predictions for image ID
96825.
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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 A.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 96825.
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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 A.8: Ablation CAM applied to the five layers in the neck of the
EfficientNetV2-M + CABiFPN model, with corresponding object detection
predictions for image ID 96825.
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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 A.9: 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 A.10: Ablation CAM applied to the five layers in the neck of the InternImage-
S + CABiFPN 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 A.11: 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 A.12: Ablation CAM applied to the five layers in the neck of the ConvNeXt-
S + CABiFPN 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 A.13: 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 A.14: Ablation CAM applied to the five layers in the neck of the
EfficientNetV2-M + CABiFPN model, with corresponding object detection
predictions for image ID 171382.

84



Camilo Esteban Núñez Fernández UTFSM

85



Camilo Esteban Núñez Fernández UTFSM

A.3 Pixel Removal with ROAD strategy

Figure A.15: Visualization of layers 1, 3, and 5 in the neck for the six tested models
after applying the ROAD Least Relevant First method and removing 20% of the image
(at the 80th percentile). Evaluated using image ID 171382.86
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Figure A.16: Visualization of layers 1, 3, and 5 in the neck for the six tested models
after applying the ROAD Most Relevant First method and removing 20% of the image
(at the 80th percentile). Evaluated using image ID 171382.
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